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Abstract 

 

This dissertation is an illustrative example of how computational biology can be applied in 

interdisciplinary settings to identify prognostic biomarkers in clinical cohort and cancer cell 

line data and highlights the potential for integrating these methodologies into modern 

systems biology curricula. While the first two chapters of this dissertation are focusing on 

applied computational biology, the third chapter is exploring the integration of these 

machine learning approaches into current systems biology education. 

The first chapter entitled ‘Biomarker detection in clinical cohort data using machine learning’ 

showcases how data-driven computational biology can be applied for exploratory and 

hypothesis-generating research in biomedical clinical cohort data. In the context of the 

geriatric condition of frailty, post-hoc interpretable machine learning applications reveal that 

men and women show distinct frailty phenotype profiles, linked to body composition in men 

and physiological anomalies in women. In fact, (pre-)frailty prediction performance 

improved with sex-specific tailored machine learning models. These revealed that the 

physical frailty profile in men is characterised by high fat and low body lean mass, whereas 

the female physical frailty is more linked to vitamin D deficiency and increased 

concentrations of monocytes, leukocytes and eosinophils in blood. Furthermore, post-hoc 

analysis indicates that the combinations of such features, not single markers, best capture 

these sex-specific pre-frailty patterns. Eventually, these findings led to follow-up research 

on validating and further investigating these intriguing physical pre-frailty patterns in a 

Luxembourgish Parkinson’s Disease study. 

The second chapter, ‘Drug sensitivity prediction for time-of-day cancer treatment profiling’, 

concentrates on hypothesis-driven approaches to predict time-dependent drug sensitivity 

in cancer cell line expression data. The projects in this chapter underscore circadian 

dynamics as critical factor influencing overall cancer drug responsiveness, and our 

approaches significantly contributed to the development and validation of a robust 

quantitative phenotyping platform to evaluate drug timing effects and predict drug 

sensitivity, resulting in the introduction of the chronotherapeutic index and the 

chronosensitivity index to assess timing effect and sensitivity of cancer drugs. Additionally, 

these applications help leveraging circadian characteristics to stratify cancer cell lines into 

new subtypes with high predictive value, this in the context of triple negative breast cancer 

and neuroblastoma. For example, new circadian-related subtypes were identified in triple 

negative breast cancer, separating them in unstable, weak, dysfunctional, and functional 
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circadian state. Overall, these contributions helped building an interdisciplinary and 

translational framework where cellular clock phenotypes effectively could shape 

chronotherapy design in oncological treatments. The projects presented in this chapter 

were initiated and led by the Granada Lab of the Charité Comprehensive Cancer Center of 

the Medical University of Berlin with close collaboration of the Systems Biology and 

Epigenetics Team of the Department of Life Sciences and Medicine at the University of 

Luxembourg. 

Finally, the third chapter is focusing on ‘Machine learning integration in systems biology 

education’. This chapter attempts to lay out the status quo of machine learning in current 

systems biology study lines. It aligns the importance of interdisciplinary collaborations and 

the integration of computational biology to respond to the current opportunities and 

challenges in this field of study. In a recently published review, we realised that systems 

biology education must combine deep biological knowledge with computational and 

technological methods, yet current graduate programs still struggle to deliver this 

integration effectively. Insufficient exposure to multimodal data integration (e.g., clinical 

cohort data and cell line data coupled with machine learning approaches) adds to the 

consequences of this lack. As a result, we concluded that without early and sustained 

institutional commitment, the field risks producing graduates underprepared for 

translational bioinformatics and precision systems applications anticipated to shape the 

future of the field. A good example to mitigate such consequences is the careful design of 

adaptive and interdisciplinary educational material that can be used in classrooms to, for 

example, predict drug targets and candidate drugs for repurposed cancer therapies in the 

context of metabolic modelling, machine learning, and expression data. 

In conclusion, this dissertation exhibits how computational biology can drive discovery in 

both research and education. From identifying prognostic biomarkers in geriatric conditions 

to shaping cancer treatment strategies, and from data integration to curriculum design, it 

underscores the power and necessity of bridging biology and machine learning in today’s 

scientific landscape. 
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Aims and objectives 

 

The key aim and objective are to leverage interpretable machine learning algorithms to 

identify prognostic biomarkers. The focus is on conceptually evolving medical conditions 

where diagnostic criteria are fragmented, and biomedical or cellular insights may guide 

therapeutic stratification. While these objectives constitute the core of the first two chapters, 

their achievement eventually influenced the setup of the third chapter, attempting to lay out 

the status quo of machine learning in current systems biology education. 

More precisely, chapter one is tackling the following research questions in the context of 

the geriatric condition of frailty and rich biomedical and clinical data: which biomedical and 

clinical biomarkers are the most reliable predictors of pre-frailty in older adults; how can a 

multidimensional model including physiological, clinical, and functional indicators improve 

the identification and understanding of frailty as a systemic condition; and what are the sex-

specific differences in the biological and clinical presentation of pre-frailty and how might 

these differences inform more effective, stratified interventions. The objectives achieved in 

this chapter resulted in new and intriguing insights into how biological sex influences 

physical frailty patterns and revealed potential avenues for better stratified prevention and 

treatment approaches. 

In chapter two, the main thread spans tightly around the context of optimal timing windows 

for anti-cancer drugs and cell-specific characteristics such as their circadian rhythm and 

circadian-related gene expression profiles. More specifically, this chapter is posing the 

following research questions: what is the optimal time-of-day (TOD) window for drug 

efficacy across cancer cell types; which cellular or genetic features (circadian strength, 

circadian gene signatures) best predict time-dependent drug responses; and can circadian 

clock phenotypes classify subtypes and explain differential drug sensitivity. In response, 

the contributions to the projects in this chapter resulted in the establishment of a high-

throughput circadian drug profiling framework in cancer cell lines able to identify cell line-

specific determinants of chronosensitivity. This framework was then applied to reveal 

various circadian phenotypes in the context of triple negative breast cancer (TNBC) and 

neuroblastoma (NB) that can be used for subtyping and therapeutic stratification. 

These chapter-wise aims and objectives then coalesced into the motivations illustrated by 

the third chapter. Here, the main research questions revolve around systems biology 

education and how machine learning-based approaches, as shown in the previous two 
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chapters, can be integrated earlier and more efficiently into current study lines. This chapter 

is treating the following research question: how can graduate-level systems biology 

curricula best integrate disciplinary content bridging biology and computational tools; what 

are the main educational obstacles experienced by students and alumni in systems biology 

programs and what best teaching approaches address these; and how is interdisciplinary 

teaching and computational biology applied in various universities around the world. The 

achievements highlighted in this chapter indicate that the educational infrastructure is 

adapting to best foster interdisciplinary research and the foundation of future biomedical 

training that involves interpretable computational tools coupled with quantitative methods, 

yet the field must keep pace with the constant evolution of the methods in computational 

and systems biology. 

Together, these chapters showcase how interpretable machine learning approaches can 

improve biomarker discovery, guide cancer therapy and treatment timing, and shape 

systems biology education. This progression highlights both the scientific value of data-

driven approaches and their growing role in shaping future biomedical education. 
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Materials and methods 

 

This section summarizes the main materials and methods used in the projects presented 

in this manuscript. For a more detailed description of the applied techniques, please kindly 

refer to the respective manuscripts appended to this dissertation. Recently adapted 

methodologies that are employed in ongoing follow-up projects are described in the 

respective paragraphs. 

 

Materials and methods for biomarker detection in clinical cohort 

data using machine learning 

 

- BASE-II participants and the Fried et al. frailty phenotype 

The Berlin Aging Study II (BASE-II) is a clinical observational study of 2200 participants in 

ageing groups of 20 to 35 and 60 to 85. The recruitment happened in the greater Berlin 

area, Germany, during the period of 2009 to 2015 and was carefully designed to ensure 

age and sex matching (https://www.base2.mpg.de/en, and references [1–3]). Written 

informed consent was obtained during enrolment, and the clinical study was carried out in 

accordance with the Declaration of Helsinki and received ethical approval from the Ethics 

Committee of Charité - Universitätsmedizin Berlin (approval number: EA2/029/09; date: 19 

March 2009). Most importantly, in this study, participants completed diverse medical 

examinations that resulted in a rich collection of psychological, genetic, medical, 

socioeconomic, and immunological data. 

Frailty in BASE-II was defined by the 5-item Fried et al. frailty phenotype [4], comprised of 

the clinical variables weight loss (WL), physical activity (PA), exhaustion (EX), grip strength 

(GS), and gait (GA), with adjustments to the BASE-II cohort as detailed by Spira et al. [5] 

(see Tab. 1). The presence of frailty was assessed using the below equation (1) as the sum 

of positive frailty-related phenotypes to give a frailty score (FR score). 

𝐹𝑅𝑠𝑐𝑜𝑟𝑒 = 𝑊𝐿 + 𝑃𝐴 + 𝐸𝑋 + 𝐺𝑆 + 𝐺𝐴     (1) 
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From the resulting FR score, the Fried et al. frailty phenotype is derived, labelling participants 

as non-frail (level 0, FR score = 0), pre-frail (level 1, FR score ∈ {1; 2}), or frail (level 2, FR score 

≥ 3). 

 

A) Characteristics of Frailty B) Cardiovascular Health Study Measure [4], and BASE II adjustments [5] 

Shrinking 

- Weight loss (unintentional) 

- Sarcopenia (muscle mass loss) 

Weight loss 

- >10 lbs (4.5 kg) lost unintentionally in the prior year 

- BASE II: > 5% of the body weight lost unintentionally in the prior year 

 

Weakness Grip strength 

- lowest 20% (by sex and BMI) 

- BASE II: no adjustments 

 

Poor endurance Exhaustion 

- self-report 

- BASE II: no adjustments 

 

Slowness Gait 

- walking time/15 feet (4.6 m); slowest 20% (by sex and BMI) 

- BASE II: timed Up & Go test, subjects needing >10 seconds 

 

Low activity Physical activity 

- lowest 20%; ♂ < 383 Kcals/week; ♀ < 270 Kcals/week 

- BASE II: self-report, question: 'Are you seldom or never physically active?' 

 

C) Presence of Frailty 
≥ 3 positive criteria: positive for frailty phenotype 

1 or 2 positive criteria: intermediate frail or pre-frail 

Table 1: Characteristics, measurables and definitions of the 5-item Fried et al. frailty 

phenotype including adjustments for BASE-II. As defined by Fried et al. in 2001 [4] (A-C), 

adjustments for the BASE-II clinical cohort by Spira et al. in 2015 [5] (C). BMI body mass index 

 

- Inferential and descriptive analysis of clinical cohort data 

This study analysed a subset of the BASE-II cohort (n = 1512), restricted to participants 

aged 60 years and above with sufficient data to compute frailty phenotypes [6–13]. Data 

preprocessing included the removal of features with more than 20% missing values, except 

for sparse binary variables related to medication and device use, which were aggregated 

into summary metrics (e.g., total medications, total devices). Participants lacking any of the 

key frailty criteria were excluded (n = 159). Remaining missing values were imputed 

separately in the training and test sets (80% training, 20% hold-out test) using the mode 

for categorical and the mean for continuous variables, based on training-set statistics [14]. 
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Due to the heavy class imbalance between the three level of Fried et al.’s frailty phenotype 

in BASE-II (non-frail: n = 1028; pre-frail: n = 470; frail: n = 14), the pre-frail and frail 

participants were merged into the group of pre-frail/frail. Key clinical variables were 

engineered, including polypharmacy [15–17], cumulative side-effects and allergies, poly-

dependency [18,19], and vitamin D deficiency [20–22]. As an example of such feature 

engineering, two vitamin D assay variables with complementary missingness were merged 

and standardized to form a continuous z-score, with deficiency status defined by the 

Institute of Medicine’s threshold of <50 nmol/L [22,23]. Main descriptive statistics and group 

comparisons were performed using Welch’s unequal variance T-test for continuous 

variables [24] with variance homogeneity assessed by Levene’s T-test, and corrected 

Cramér’s V for categorical features [25,26]. Prior to model training, redundant, and low-

variance features were removed across sex-specific and subgroup-specific partitions, 

based on feature pair-wise correlation, variance-to-mean ratios and minimum case 

thresholds aligned with 10-fold cross-validation (CV) splits. More detailed descriptions of 

the applied inferential and descriptive methods can be found in the appended manuscript 

A1. 

 

- Machine learning algorithms and pipeline setup 

Classification tasks were conducted using a structured machine-learning pipeline 

implemented in Python and executed on the University of Luxembourg’s High-Performance 

Computing infrastructure [27]. To address frailty class imbalance, datasets were resampled 

using both Random Under-sampling (RUS) and the Synthetic Minority Over-sampling 

Technique (SMOTE) [28]. The order of operations, resampling followed by feature 

transformation, was found to improve performance across contexts [29]. Feature scaling 

was applied using one of three approaches (min-max, standard, or robust), selected per 

dataset based on downstream performance. Dimensionality reduction techniques, such as 

principal component analysis (PCA), linear discriminant analysis (LDA), and kernel PCA 

were used for continuous features while discrete features were ranked by chi-squared (χ²) 

and Cramér’s V statistics corrected for data type [26]. Support Vector Machines (SVM) 

were then employed as classifiers with linear and radial basis function (RBF) kernels [30] 

since SVMs are well-suited to detect biomarkers in clinical cohort data, especially due to 

their effectiveness in high-dimensional context and the level of generalization [31,32]. 

Linear SVM was primarily employed to enable interpretability of the feature contributions, 

as the decision function provides direct insight into feature importance through the weight 
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vector 𝑤 and the bias term 𝑏 (see equation 2). The amplitude and sign of each 𝑤𝑖 reflects 

the contribution of feature 𝑥𝑖 to the classification decision. 

𝑓(𝑥) = 𝑤𝑇 + 𝑏      (2) 

Hyperparameter tuning was carried out with exhaustive grid search over predefined 

parameter ranges (see supplementary data in appendix A1), using stratified 10-fold CV 

with the F-β-2 scoring function (see equation 3). 

𝐹𝛽 = (1 + 𝛽2) ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

(𝛽2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)+𝑟𝑒𝑐𝑎𝑙𝑙
     (3) 

This scoring metric with β = 2 weights recall more heavily than precision, an approach 

suitable for imbalanced clinical data where the condition of interest is underrepresented. 

The overall pipeline setup and model configurations are summarised in the Fig. 1. 
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Figure 1: Pipeline setup and context-specific model configurations. (A) The biomedical dataset 

from BASE-II was organized into 10 subgroups based on the type of information contained. (B) 

Analyses were conducted separately for mixed-sex, men, and women datasets, using either the 

complete feature set or 4 selected subgroups (highlighted in A), excluding features used to derive 

engineered variables or directly related to the frailty target. (C) A consistency check was applied to 

remove constant and near-constant features, with thresholds defined by each sex- and context-

specific configuration. (D) Remaining features underwent correlation analysis tailored to data type, 

and highly correlated variables were filtered out to reduce redundancy. (E) The cleaned dataset was 

then processed through the machine-learning pipeline using predefined settings; shown here are 

only the configurations for the best-performing models in each context. (F) Final models were 

evaluated across multiple performance metrics, and feature importance was estimated by repeated 

permutation testing, capturing each feature’s effect on cross-validated prediction performance. IM 

individual medications, NT nutrients, PM physical measurements, BF body fluids, ID individual 

devices, CG cognition, GM grouped medications, SV surveys, CH chronic morbidity, GD grouped 

devices, th threshold, corr correlation, sel selection, SVM Support Vector Machine, SMOTE synthetic 

minority oversampling technique, PCA principal component analysis, LDA linear discriminant 

analysis, RUS random under-sampling, RBF radial basis function, CV cross-validation, ROC 

receiver operating characteristics, DOR diagnostics odds ratio, TP true positive, TN true negative 

 

- Model performance and feature contribution analysis 

Each model was evaluated using stratified 10-fold CV and a 20% hold-out test set. Primary 

evaluation metrics included the F-β-2 and F-β-1 score, receiver operating characteristic 

(ROC) and precision-recall (PR) curves, diagnostics odds ratio (DOR), accuracy, and 

confusion matrix components (true positives (TP) and true negatives (TN)). Given the 

clinical priority of minimizing false negatives in (pre-)frailty detection, the F-β-2 scorer was 

chosen to emphasize recall during hyperparameter optimization. Additional performance 

validation was conducted with five repetitions of stratified 10-fold CV using ROC and PR 

curves to verify the stability of model performance across folds. 

Feature importance was assessed through systematic permutation testing. Each input 

variable was individually permuted (500 iterations for men and women models, 1000 

iterations for the mixed-sex models), and the resulting drop in cross-validated F-β-2 scores 

was used to estimate the feature’s contribution to the model performance. Results were 

standardized to express statistical significance (z-score) in the top 30 most influential 

features per model. To better understand how these features function in combination, not 

just in isolation, a post-hoc multivariate contribution analysis was performed. This included 

both univariate group (e.g., vitamin D deficiency, sarcopenia, heart insufficiency) and 
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pairwise comparisons of the most influential continuous features stratified by sex. For 

discrete features, adjusted Cramér’s V coefficients were calculated, with Bonferroni-

corrected p-value thresholds. Continuous features underwent Welch’s unequal variance T-

test after assessing the variance equality with the Levene’s T-test (see appendix A1). 

Feature combinations were further examined using linear multivariate analysis of variance 

(MANOVA) models to assess joint discriminatory capacity (see equation 3), reporting 1 - 

Wilks’ lambda as the measure of separation. In specific cases (e.g., best performing men 

or women subgroup models), combinations of 2, 5, and 10 top features were also projected 

using PCA and LDA to visually inspect class separation in reduced dimensions. These 

analyses were designed to highlight context-specific interactions and additive effects that 

might not be apparent from univariate rankings alone [33]. Further methodological details, 

including code and preprocessing steps, are documented in the associated manuscript 

(appendix A1) and a public GitHub repository 

(https://github.com/sysbiolux/Clinical_Biomarker_Detection). 

𝑓𝑒𝑎𝑡𝑢𝑟𝑒1 + 𝑓𝑒𝑎𝑡𝑢𝑟𝑒2 + 𝑓𝑒𝑎𝑡𝑢𝑟𝑒3 + ⋯ + 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑛~ 𝑝𝑟𝑒˗𝑓𝑟𝑎𝑖𝑙 + 𝑓𝑟𝑎𝑖𝑙  (3) 

 

- Post-dissertation follow-up of the BASE-II project outcomes 

The intriguing outcomes of this major project in BASE-II then led to a follow-up project 

involving the Luxembourg Parkinson’s disease (PD) clinical cohort by the NCER-PD 

consortium [34]. In a first step, the Fried et al. frailty phenotype was integrated in that cohort 

using known close proxies of these frailty items in close concordance with medical experts. 

Although the project is still ongoing and not included in this dissertation, an improved 

strategic feature pooling and machine learning pipeline was established (Fig. 2) to 

effectively mitigate the technical limitations introduced in the BASE-II project and described 

in more detail in the synopsis section. The implemented adjustments in this follow-up 

projects help to minimize most common forms of selection bias and information leakage, 

while maximizing the generalizability and interpretability of the selected best performing 

models. In short, this pipeline will use 3 CV-aware strategic approaches (univariate, 

wrapper model, and embedded models) to pool a subset of the most important features. 

From this subset, exhaustive feature selection coupled to SVM classifier is performed to 

identify the top combination of 2 to 10 features to predict frailty. Within the training set only, 

the best performing combination is then selected based on multiple information criteria of 

the model performance and complexity (log loss, Akaike and Bayesian information 
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criterion). Only after this selection will the final model be validated on the hold-out validation 

set to ensure the model’s generalizability. 

 

Figure 2: Biomarker detection pipeline adjustments in the BASE-II follow-up project. The 

workflow begins with data configuration and preprocessing, including stratified splitting based on 

sex and diagnosis (left panel). In Step 1, CV-aware preprocessing is applied, including variance 

filtering, class balancing, and standard scaling. Step 2 involves multi-strategic feature pooling 

through univariate selection, wrapper-based recursive feature elimination, and embedded model 

selection using random forests. Features from these strategies are combined to create a candidate 

feature list. In Step 3, an exhaustive feature selector performs cross-validated evaluation of multiple 

feature subset sizes using linear SVM, and the model selection is done based on ROC score and 

information criteria (log loss, AIC, BIC). Step 4 evaluates selected feature subsets on the hold-out 

validation set, reporting final model metrics (ROC, F-β-1, F-β-2, precision, and recall). CV cross-

validation, ROC receiver operating characteristics, AIC Akaike information criterion, BIC Bayesian 

information criterion 
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Materials and methods for drug sensitivity prediction for time-of-

day cancer treatment profiling 

 

This section illustrates the materials and methods used in the framework of a close 

collaboration with the Granada Lab of the Charité Comprehensive Cancer Center of the 

Medical University of Berlin that led to the fruition of a research trilogy, with two research 

articles published [35–37] (appendix A2, A3, and A4). Since they all are closely related in 

terms of data profiles and approach, all methods that resulted in the significant contributions 

are merged in the sections below. 

 

- Cancer cell lines, drugs, core clock genes and circadian parameters 

The following table (Tab. 2) summarises the key characteristics of the data used in this 

project. It lists the names and cancer type of the investigated cell lines (A), the name, type, 

and target pathway of the tested drugs (B), the name and function or pathway role of the 

analysed core clock genes (C), as well as the metrics and details of the main circadian 

parameter classes used (D). The cancer cell line origins, circadian parameter generation, 

and some drug sensitivity measurements (cisplatin) initiated from the Granda Lab are 

described in more detail in the related appended manuscripts A2 and A3. The expressions 

of core clock genes and their somatic mutation information in the selected cell lines, as well 

as the drug sensitivity measurements of a larger panel of anti-cancer drugs were all 

obtained from the Cancer Cell Line Encyclopedia Dependency Map (CCLE DepMap, see 

https://sites.broadinstitute.org/ccle/datasets). Gene expression data was obtained from the 

2022-Q2/Q4 version, mutation profiles are from 2023-Q2, and drug sensitivities are from 

the 2015-Q1 version) [38]. A binary approach based on the median was applied to 

categorize cell lines into high and low drug sensitivity for each of the available drug data. 

Circadian parameters for the biological and technical replicates of cell lines by the 

collaborators were characterized by their median. 
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A) Cancer cell lines 

Cell line Cancer type 

MCF10A Non-malignant epithelial 

U-2 OS (WT) Osteosarcoma 

U-2 OS single KO Osteosarcoma (BMAL1-only KO) 

U-2 OS double KO Osteosarcoma (BMAL1 & PER2 KO) 

MDAMB468 TNBC-BL1 

HCC1937 TNBC-BL1 

HCC1143 TNBC-BL1 

HCC38 TNBC-BL1 

HCC1806 TNBC-BL2 

SUM149PT TNBC-BL2 

HCC70 TNBC-BL2 

MDAMB436 TNBC-MES 

BT549 TNBC-MES 

MDAMB231 TNBC-MES 

CAL51 TNBC-MES 

HCC1428 Luminal A 

MCF7 Luminal A 

T47D Luminal A 

 

B) Drugs 

Drug Type Target pathway 

Adavosertib WEE1 inhibitor Cell cycle checkpoint 

Doxorubicin Chemotherapy (anthracycline) DNA intercalation / Topo-II 

Paclitaxel Chemotherapy (taxane) Microtubule stabilizer 

5-FU Antimetabolite Thymidylate synthase inhibition 

Torin2 mTOR inhibitor mTORC1/2 

Alisertib Aurora A kinase inhibitor Mitosis regulation 

Alpelisib PI3Kα inhibitor PI3K/AKT signalling 

Cisplatin Platinum-based chemotherapy DNA crosslinking agent 

17-AAG HSP90 inhibitor Chaperone inhibition 

Erlotinib EGFR TKI EGFR signalling 

Nilotinib BCR-ABL inhibitor Tyrosine kinases 

AZD0530 Src inhibitor Src-family kinases 

PD0325901 MEK inhibitor MAPK pathway 

PHA665752 MET inhibitor MET RTK 

L685458 γ-secretase inhibitor Notch signalling 

Lapatinib EGFR/HER2 inhibitor HER2 signalling 

Panobinostat HDAC inhibitor Epigenetic regulation 

Irinotecan Topoisomerase I inhibitor DNA replication 

ZD6474 EGFR/VEGFR inhibitor Dual receptor inhibition 
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PF2341066 MET inhibitor MET RTK 

RAF265 RAF kinase inhibitor MAPK/ERK signalling 

TKI258 FGFR inhibitor RTK pathway 

AEW541 IGF-1R inhibitor IGF signalling 

Sorafenib Multi-kinase inhibitor RAF/VEGFR/PDGFR 

TAE684 ALK inhibitor ALK fusion kinases 

Topotecan Topoisomerase I inhibitor DNA replication 

 

C) Circadian clock genes 

Gene Function or pathway role 

BMAL1 Core activator (forms complex with CLOCK/NPAS2) 

CLOCK Core activator with BMAL1 

NPAS2 Alternative activator (especially in brain) 

PER1/2/3 Negative feedback regulators 

CRY1/2 Feedback repressors 

REV-ERB α/β Nuclear receptors repressing BMAL1 

ROR α/β/γ Nuclear receptors activating BMAL1 

CSNK1D/E Kinases regulating PER protein stability 

DBP Output gene; rhythmic transcription factor 

 

D) Circadian parameters 

Metric domain Description 

Autocorrelation analysis Measures rhythmic repeatability, period consistency, and lag coherence 

between the clock reporters 

Continuous wavelets 

transformation (CWT) 

Extracts dominant frequencies and rhythms from noisy time-series defined 

as ridge length 

Multiresolution analysis 

(MRA) 

Decomposes signals to quantify circadianicity into noise (1-4h), ultradian 

(4-16h), circadian (16-32h), and infradian (32-256h) rhythms 

Growth rate coefficients Measures drug effects on proliferation across circadian phases in multiple 

growth rate coefficients 

  

Table 2: Key characteristics of cell lines, drugs, and data used in the circadian project. This 

table summarises the cancer cell lines (A), drugs (B), circadian core clock genes (C), and circadian 

parameters (D) used in this project. WT wild type, KO knock-out, CWT continuous wavelet transform 

 

- Inferential and descriptive analysis of cancer cell line circadian 

data 

To explore the relationships between circadian biology and drug sensitivity in cancer cell 

lines, a series of unsupervised and inferential analyses was conducted across the studies 

of this project. Circadian gene expression patterns were first analysed using hierarchical 
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clustering based on Euclidean distance and a complete linkage. Latter defines the distance 

between two clusters as the maximum distance between any two data points (one from 

each cluster). This was applied to core clock gene expression data to identify similarities 

across the cancer cell lines. In parallel, mutation scores for the selected circadian genes 

were quantified and clustered using the Hamming distance to reflect mutational burden 

stratified by circadian phenotype. Correlative relationships between circadian parameters, 

gene expression, and drug sensitivity were evaluated using Spearman and Pearson rank 

correlation coefficients, with statistical significance assessed through p-values. Regression 

plots of the strongest correlating genes illustrated the associations between them and time-

of-day (TOD) drug sensitivity in the tested cancer cell lines, including confidence intervals 

(CI) and correlation metrics. 

For the triple negative breast cancer (TNBC) analyses (appendix A2), dimensionality 

reduction using PCA was applied to min-max scaled circadian parameters derived from 

Bmal1 and Per2 luciferase reporters. PCA revealed key features driving phenotypic 

variation, enabling a reduction of the dataset into three representative parameters: period, 

phase difference variability, and circadian component strength. These features were 

visualized in a 3D space and subsequently used for k-means clustering, with optimal cluster 

number determined by elbow plots using the KneeLocator algorithm. Fig. 3 presents the 

analytical framework used in the TOD article (appendix A2), outlining the full pipeline from 

circadian parameter and core clock gene expression input to predictive stratification of 

cancer cell line drug sensitivity. 
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Figure 3: Strategic framework for determining ideal treatment times in both cancer and 

healthy tissue systems. The upper panels outline the circadian parameter and drug sensitivity data 

generation framework established by the collaborative team of the Granada Lab of the Charité 

Comprehensive Cancer Center of the Medical University of Berlin. Our contributions (highlighted in 

green) significantly complemented this strategic framework with computational biology applications 

to find the answers to the following chrono-pharmacology questions: what is the optimal TOD for 

drug treatment; which cell subtype benefits the most; and how do cellular features shape TOD 

profiles. This figure was created and published [35] by the collaborative team before the highlighted 

adaptations. TOD time-of-day 

 

- Machine learning algorithms for circadian subtyping 

Both supervised and unsupervised machine learning approaches were applied to extract 

structure from circadian datasets and stratify breast cancer models according to drug 

response and their circadian rhythms. PCA was used to reduce high-dimensional circadian 

gene expression profiles into interpretable axes. Loadings of individual genes on the first 

two components were visualized to understand the contribution of each feature and 

highlight patterns associated with drug response. Supervised learning with LDA was 

conducted using median-binarized drug sensitivity as the target variable, resulting in a 



Machine Learning-based Identification of Biomarkers in Clinical Cohort and Cancer Cell Line Data 
 
Materials and methods 
 

17 

single discriminant axis directly comparing across the high or low drug sensitive groups. To 

prevent data overlap in visualization, results were jittered along the y-axis. The model’s 

feature contributions were reported as percentages summing to 100%, allowing for 

straightforward biological interpretation of circadian clock gene importance. Fig. 4 provides 

the methodological flowchart and core of our contribution to the TNBC-related article 

(appendix A3), detailing data input, transformation steps, and integration into the 

classification model to define a chronosensitivity index. 

 

Figure 4: Summary of the 

machine learning-based 

method for novel circadian 

subtyping in triple negative 

breast cancer. The data 

generated from deep circadian 

phenotyping and sourced from 

CCLE were used for extensive 

machine learning-based 

analysis resulting in the 

introduction of the 

chronosensitivity index. This 

figure was created and 

published [36] by the 

collaborative team. Luc luciferase, CCLE cancer cell line encyclopedia 

 

- Chronosensitivity index for model evaluation and validation 

To ensure model robustness and interpretability, we employed systematic evaluation 

strategies combining cluster-based discriminative metrics and CV. Model performance in 

classifying drug sensitivity based on circadian parameters or gene expression was 

quantified using the chronosensitivity index based on the between cluster distance (BCD) 

to within cluster distance (WCD) ratio in the one-dimensional LDA-transformed space. A 

threshold of BCD/WCD ≥ 2 was used to indicate meaningful separation between sensitive 

and insensitive groups, reflecting a minimum of twofold separation between group centres 

relative to internal dispersion. This is a heuristic criterion for meaningful separation where 

the clusters are not just statistically distinguishable, but substantively far apart relative to 

their noise within clusters. 
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To validate generalizability, we applied leave-one-out CV (LOOCV), particularly suited for 

our limited sample sizes of cell lines. LOOCV was used across both LDA and regression-

based models such as multi-dimensional Lasso (L1) and Ridge (L2) regression analyses 

to identify circadian features most strongly associated with drug sensitivity. Regularization 

parameters were chosen to enhance feature selection and reduce overfitting (α = 0.1 for 

L1 regularization; α = 1.0 for L2 regularization). Fig. 5 illustrates the calculation and 

interpretation of the chronosensitivity index, showing how LDA-transformed circadian 

features lead to class separation and model evaluation. 

 

Figure 5: A chronosensitivity index 

based on the LDA-transformed 

space for scoring circadian 

dependency in the triple negative 

breast cancer cell lines. The 

chronosensitivity index (drug 

sensitivity) is a metric for each drug 

based on the between cluster distance 

to within cluster distance ratio in the 

LDA-transformed space. It reflects the 

circadian clock dependency for a given 

drug. This excerpt was created and 

published [36] by the collaborative 

team. LDA linear discriminant analysis 

 

- Post-dissertation follow-up of the circadian subtyping framework 

In this follow-up study on neuroblastoma (NB), we examined the relationship between 

circadian gene expression and drug sensitivity across several pharmacological metrics, 

namely activity area, IC50, and EC50 (see appendix A4). Spearman rank correlation was 

used to analyse associations between the circadian genes and drug sensitivity, with the 

statistical significances adjusted for multiple testing using the Bonferroni method [39]. 

Correlation matrices were hierarchically clustered using Euclidean distance and complete 

linkage to mirror the structure observed in the gene expression profiles. Significant gene-

drug associations were further examined through pairwise linear regression and visualized 

with 95% CI. To identify circadian or NB-specific gene signatures predictive of drug 

response, we applied LDA transformation to min-max scaled expression data comprising 
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the same 16 circadian clock genes (Tab. 2C) and, in parallel, 11 NB-related genes (MYCN, 

ALK, PHOX2B, CHD5, TP53, TERT, ATRX, BIRC5, CADM1, NTRK1, NTRK2). Drug 

sensitivity values were median-binarized for supervised classification in one dimension. 

LDA performance was assessed with the log-transformed BCD-WCD ratio to assess the 

chronosensitivity index. Subsets of genes were systematically tested to identify optimal 

discriminatory combinations, and the most informative transformations were validated 

using LOOCV to ensure model generalizability. 
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Materials and methods for machine learning integration in 

systems biology education 

 

- Literature research strategy screening systems biology study lines 

This review was conducted as a focused, narrative inquiry into the current landscape of 

Master's-level systems biology education (see appendix A5). Rather than adopting a 

systematic review framework, educational programs were selected based on the authors 

institutional knowledge and familiarity with the respective countries. Sources were identified 

through academic publications, program websites, and internal documentation of teaching 

practices across 11 institutions. The selection was not exhaustive, nor was it intended to 

cover all existing programs, but rather to represent illustrative examples of different 

pedagogical approaches, structural models, and teaching philosophies [40]. Here, we 

focused on a combination of publicly available curriculum data, our own experience 

designing and delivering systems biology courses, and the feedback of alumni to highlight 

current challenges and opportunities in systems biology education. This perspective 

enabled both descriptive documentation and critical reflection on common challenges, such 

as managing disciplinary heterogeneity among students’ educational background or 

aligning computational and experimental content across modules. As an addition to this 

recent review, this dissertation will attempt to specifically map the current state of 

interdisciplinary machine learning training and application in systems biology education and 

propose suggestions on how their integration can be further improved to primarily mitigate 

the presented challenges while exploiting the currently available opportunities. 

 

- Study lines organization and data characterization 

Study lines were characterized according to their structural organization, disciplinary 

composition, the degree of integration between experimental and computational 

components, and seminar costs. Special attention was given to how foundational 

competencies in programming and mathematical modelling were introduced and 

distributed throughout the curriculum. Course formats, credit distributions, and educational 

objectives were examined qualitatively across the different institutional settings. Another 

source of data used to gain insight into current systems biology education was the analysis 

of responses from a round table involving active students and a structured online SV. The 

round table titled ‘Struggles in bioinformatics education’ welcomed undergraduate, 
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graduate, and PhD candidates, while the SV was specifically distributed to enrolled 

students and alumni of the systems biology Master’s programs at the University of 

Luxembourg. For example, the alumni were asked to evaluate their program's strengths 

and limitations across areas such as interdisciplinary integration, workload, skill acquisition, 

and preparation for research or industry. The SV feedback provided valuable first-hand 

perspectives on the practical outcomes of different teaching models and helped 

contextualize institutional designs considering former student experience. 

Taken together, the documentary evidence of the current systems biology study lines, and 

the first-hand student and alumni data contributed to a comparative understanding of how 

diverse programs attempt to meet the pedagogical and logistical demands of 

interdisciplinary education in systems biology, and how these could be further expanded 

and improved. 

 

- Descriptive and thematic analysis of today’s systems biology 

education 

A descriptive synthesis was then used to identify recurring themes in systems biology 

education. These included common challenges in managing disciplinary diversity, aligning 

instructional content across domains, and ensuring continuity between theoretical 

instruction and applied skill development. Particular attention was given to pedagogical 

tensions that emerge in programs with mixed student cohorts from life sciences, 

mathematics, and computer science. 

Examples were used to illustrate how specific programs address these tensions, through 

modular course design, preparatory training in quantitative methods, or collaborative, 

integrative project work [41]. Broader structural barriers, such as the lack of formal teaching 

recognition for interdisciplinary efforts and limited institutional support for cross-

departmental collaboration, were also highlighted as factors that continue to shape the 

development of systems biology education [40]. A good example for preparatory training in 

quantitative methods is the careful design of adaptive and interdisciplinary educational 

material that can be used in classrooms to, for example, predicting drug targets and 

candidate drugs for repurposed cancer therapies in the context of metabolic modelling and 

expression data [42] (see appendix A6). 
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Synopsis 

 

Chapter 1: Biomarker detection in clinical cohort data using 

machine learning 

This chapter refers to the manuscript presented in appendix A1. 

 

- Scientific context and motivation of the study 

Frailty is a geriatric condition strongly associated with age and age-related pathologies [6–

10]. It is described as increased vulnerability to internal and external stressors, often 

manifesting as chronic or inflammatory diseases [8,11,12], and contributes to a higher 

likelihood of institutionalisation. Two large-scale systematic reviews, analysing 21 and 46 

studies respectively, reported weighted frailty prevalences of 10.7% and 13.6% among 

community-dwelling individuals aged 65 years and older [43,44]. Demographic projections 

from both the European Commission and the United Nations anticipate a significant 

increase in the number and proportion of older adults by 2050, from 90.5 million (20.3%) to 

129.8 million (29.4%) in Europe, and from 727 million (9.3%) to 1.5 billion (16.0%) globally 

[45]. If the biological and systemic underpinnings of frailty are not adequately addressed, 

this demographic shift may exert considerable strain on healthcare systems. 

Since the 1990s, numerous conceptual frameworks have been proposed to characterise 

the frailty phenotype, yet a widely accepted consensus has not been reached [19]. Different 

models describe frailty either as an independent phenotype [4,7,9], a clinical syndrome 

[46,47], or the consequence of deficit accumulations over the life course [48]. These 

divergent perspectives of characterising frailty reflect the heterogeneous and multifaceted 

nature of the condition. Consequently, the literature is focusing on categorising frailty into 

subtypes based on predominant manifestations, including physical [49,50], cognitive 

[51,52], or system-specific impairments of liver, gut, oral cavity, metabolism, and renal or 

respiratory functions [49,53–58]. 

Despite variations in these subtypes of frailty, most share the same fate of accelerated and 

disproportionate decline in physiological reserve compared to healthy ageing (see Fig. 6, 

inspired by Patel et al. [59]). This process is influenced by many different biological risk 

factors potentially facilitating frailty development. Among the most frequently reported are 
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advanced age, disabilities, co-morbidities, inflammation, falls, poor PA, and metabolic or 

cardiovascular conditions (see [5,8,13,45,56,58,60,61], and the word cloud in Fig. 6). 

 

Figure 6: Frailty development versus healthy ageing. Representation of healthy ageing (blue) 

and the progression of frailty (orange and red) in relation to physiological reserve. Key risk factors 

associated with the three sequential stages of frailty development (robust ageing, pre-frailty, and 

fully developed frailty) are incorporated as word cloud and scaled by prevalence in the scientific 

literature. The figure was inspired and adapted from Patel et al. [59]. 
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However, in most studies, physiological reserve is assessed through physical 

characteristics such as GS, various parameters of the limbs or other body parts, and cardio-

vascular or -pulmonary exercise, using a wide range of instruments [62,63] (Tab. 3). 

 

Table 3: Heterogeneous prevalence of frailty level by the most applied frailty measurements. 

Excerpt of prevalence values adapted from the meta-analysis by O’Caoimh et al. [63]. CI confidence 

interval, N/A not available 

 

As the development of these assessments has primarily focused on such physical 

characteristics at singular time points, they lack the sensitivity required to capture 

underlying physiological aspects, including age- or muscle-related biochemical markers. 

As pointed out in a 2021 review by Howlett et al. [64], the various frailty assessment tools 

each have specific advantages and limitations depending on their methodology and scope. 

This has led to therapies and treatments mostly targeting only the symptoms based on the 

specific assessment tool used, rather than addressing underlying biological mechanisms 

of frailty [6]. Furthermore, existing frailty assessment instruments rarely consider frailty-

associated biological markers including vitamin D deficiency [20–22,65], polypharmacy 

[15,16], comorbidities [2,60], sarcopenia [5,59], diabetes [66], or chronic inflammation [61]. 

These are often linked to detrimental effects on the physiological reserve and the 

individual’s ability to recover from insults. In this study, we focus on data of older people 

aged 60 years and above from the observational BASE-II study [2]. Frailty in BASE-II was 

Frailty assessment tool Frail (95% CI) 

Data sets (N individuals) 

Pre-frail (95% CI) 

Data sets (N individuals) 

FRAIL scale 8% (4% - 14%) 

11 (19772) 

36% (27% - 46%) 

11 (19772) 

Fried and modified versions 13% (4% - 25%) 

169 (348472) 

47% (46% - 49%) 

138 (294068) 

Physical frailty 12% (11% - 13%) 

186 (372440) 

46% (44% - 48%) 

155 (318036) 

Frailty index (Rockwood) 24% (22% - 26%) 

71 (1334964) 

49% (46% - 52%) 

29 (1193745) 

Clinical frailty scale 17% (3% - 37%) 

4 (5982) 

15% (0% - 46%) 

3 (4277) 

Groningen frailty indicator 51% (37% - 65%) 

7 (5148) 

N/A 

Tilburg frailty indicator 38% (27% - 49%) 

13 (56394) 

N/A 

Other frailty scales 29% (26% - 32%) 

66 (160043) 

21% (15% - 28%) 

14 (45851) 

All tools tested in the study [63] 18% (17% - 19%) 

323 (1867447) 

45% (43% - 46%) 

198 (1557632) 
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defined according to Fried et al.’s 5-item frailty phenotype [4] (Tab. 1), and showed 

associations with low lean mass, physical performance, sex-specific vitamin D deficiency, 

metabolic syndrome, use of potentially inappropriate medication, and mortality 

[5,22,56,67,68]. Using this established definition of frailty, we applied explainable machine 

learning techniques to identify biomedical and clinical variables that best reflect the physical 

frailty phenotype in BASE-II [69]. 

Although not yet undertaken within BASE-II, previous studies have demonstrated the utility 

of machine-learning in frailty research. For instance, Gomez-Cabrero et al. identified 

protective biomarkers and key risk factor for frailty across four European ageing cohorts 

[70]. The protective factors included vitamin D and lutein zeaxanthin (carotenoid, and 

precursor of vitamin A), while troponin T, a protein in the heart muscle responsible for 

calcium binding, was found to be main risk factor. Park et al. explored the minimal set of 

digital biomarkers needed to classify frailty according to Fried et al.’s criteria [71]. Akbari et 

al. quantified the risk of frailty in older people based on real-time skeletal motion data 

collected by Kinect sensors during simple physical tasks (sit-and-stand, arm curls, …) [72]. 

More recently, Da Cunha Leme et al. applied machine-learning to the English Longitudinal 

Study of Aging to determine the most predictive features of frailty which included age, 

balance, socioeconomic status, alcohol use, and depression [73]. 

In this study, we leveraged the rich biomedical and clinical data of BASE-II to identify 

prognostic biomarkers of pre-frailty and contribute new insights to the existing body of 

knowledge. Given the expected rise in the older population and the continued lack of a 

universally accepted frailty definition, we aimed to prioritise relevant biomedical and clinical 

features, including blood-based biomarkers, disease status, and functional measures. This 

approach considers frailty as a systemic condition spanning physiological, clinical, and 

functional domains, requiring a broad set of input variables to identify meaningful and 

clinically useful markers. We also investigated factors related to sex-specific pre-frailty, an 

underexplored topic, as biological sex differences in hormonal regulation, inflammatory 

responses, and body composition may influence frailty development and expression. 

Recognising these patterns could improve early detection, risk stratification, and support 

the development of more tailored interventions. 
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- Key findings and observations of sex-specific pre-frailty 

 

The analyses and results presented here focus on pre-frail participants, that is, individuals 

at the initial stage of a trajectory that may eventually lead to fully developed frailty. 

Throughout the text and figures, the label ‘pre-frail/frail’ refers overwhelmingly to pre-frail 

participants (n = 470), with only a very small subset of frail participants (n = 14, <1%). 

Consequently, all findings should be interpreted as reflecting predictors of pre-frailty, and 

no conclusions can be drawn about fully developed frailty from this data. 

 

Sex-specific clinical characteristics and physical frailty profiles 

Sex-specific differences were examined across Fried et al.’s frailty score, frailty phenotype, 

and its five individual items. While no significant differences were found in overall frailty 

scores (p-value = 7.03e-01) or phenotype classifications (p-value = 5.23e-01), four of the 

five items showed sex-specific patterns. EX (p-value = 2.94e-03) and weak GS (p-value = 

5.77e-04) were more common in women, whereas GA (p-value = 1.34e-02) and low PA (p-

value = 3.88e-02) were more frequently observed in men. WL was evenly distributed (p-

value = 5.61e-01) and had the lowest overall prevalence. GS demonstrated the largest sex 

difference, with a corrected Cramér’s V of 0.09 (small association with one degree of 

freedom) (more details in appendix A1). These observations first suggest that Fried et al.’s 

frailty phenotype manifests differently in men and women by means of diverging pre-frailty 

profiles. 

Across frailty groups, men and women were nearly equally represented, with non-frail 

individuals comprising the majority (Fig. 7A). Most participants (97.1%) were affected by 

one or two frailty items, and only 14 participants (3.9%) met three or more criteria (Fig. 7B). 

The distribution of individual and combined frailty items further confirmed the sex-specific 

patterns, and visualisations confirm once again how GA and PA are more frequently 

affected in men, while women are more affected by EX and GS (Fig. 7C-D). Although WL 

was rare, its distribution was balanced across sexes (37 total cases of WL compared to the 

115, 133, 137, and 168 cases of GS, PA, EX, and GA, respectively). To explore whether 

these differences extended beyond phenotype-level traits, we performed PCA on the 

continuous biomedical variables. The resulting clustering revealed a clear separation by 

sex (Fig. 7E), suggesting that sex-specific characteristics are also reflected in underlying 

clinical and laboratory data. Finally, as frailty is age-associated, we examined age 

distributions across groups. Pre-frail/frail participants were slightly older than non-frail 
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individuals, particularly among men (p-value = 8.62e-04) and to a lesser extent among 

women (p-value = 2.77e-02) (Fig. 7F). Overall, these initial descriptive results by sex show 

solid evidence for considering sex-specific modelling of the pre-frailty phenotype as 

observed in the BASE-II cohort. 

 

Figure 7: Sex-specific frailty profiles of the BASE-II participants call for contextualized 

modelling. (A) shows the distribution of the non-frail and pre-frail/frail participants. The underlying 

Fried et al. frailty score equal or above 1 are displayed in (B). Sex-specific profiles first appear at the 

level of the individual items composing the Fried et al. frailty phenotype (C) and the intersections 

thereof (D). The first two principal components (E) reveal clear separation of sex in the biomedical 

data. Significant differences are also observed in age between non-frail and pre-frail/frail participants 

(F). Statistical significance obtained from Welch’s unequal variance T-test. Illustrated are mixed-sex 

(black), men (yellow), and women (blue) participants of BASE-II. PCA principal component analysis, 

0.01 < * < 0.05, 0.001 < ** < 0.01, 0.0001 < *** < 0.001, 0.00001 < **** < 0.0001 
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In addition to the Fried et al. frailty items, the description of general frailty-related features 

in the BASE-II cohort such as sex (biological men and women), age, body mass index 

(BMI), waist-hip ratio (WHR), appendicular lean mass (ALM), sarcopenia, morbidity index, 

and polypharmacy, revealed interesting differences between non-frail and pre-frail/frail 

participants when stratified by sex (Tab. 4). Although sex itself was not significant in the 

mixed-sex analysis (p-value = 5.23e-01), distinct contrasts emerged between men and 

women across multiple characteristics. WHR showed significance in men only (p-value = 

9.48e-03), while ALM was significantly different in men (p-value = 3.04e-03) and the mixed-

sex group (p-value = 2.84e-02). The morbidity index was significant in women (p-value = 

1.43e-04) and mixed-sex (p-value = 1.72e-04), as was polypharmacy with differences in 

women (p-value = 1.43e-03) and the mixed-sex group (p-value = 3.39e-04). Detailed 

visualizations of the frailty-related characteristics and their distributions can be found in the 

manuscript of appendix A1. 

 

Table 4: BASE-II cohort description of the main hall marks related to frailty. In relation to the 

frailty phenotype, mixed-sex, men, and women show distinct correlative responses for various 

Cohort 

characteristics 

Non-frail 

mixed 

(N=1028, 

67.99%) 

Pre-frail / frail 

mixed 

(N=484, 

32.01%) 

P-value Non-frail men 

(N=513, 

33.93%) 

Pre-frail / frail 

men 

(N=233, 

15.41%) 

P-value Non-frail 

women 

(N=515, 

34.06%) 

Pre-frail / frail 

women 

(N=251, 

16.60%) 

P-value 

Sex 

men N (%) 

women N (%) 

 

513 (33.93%) 

515 (34.06%) 

 

233 (15.41%) 

251 (16.60%) 

5.23e-01 (ns)  

/ 

 

/ 

 

/ 

 

/ 

 

/ 

 

/ 

Age (years) 

mean ± SD 

[min, max] 

 

68.46 ± 3.44 

[60.16, 83.25] 

 

69.31 ± 4.16 

[60.74, 84.63] 

1.05e-04 (***)  

68.68 ± 3.46 

[60.16, 78.12] 

 

69.76 ± 4.33 

[60.74, 82.79] 

8.62e-04 (***)  

68.25 ± 3.41 

[61.29, 83.25] 

 

68.89 ± 3.96 

[61.46, 84.63] 

2.77e-02 (*) 

BMI (kg/m²) 
26.37 ± 3.79 

[17.03, 44.24] 

27.73 ± 4.72 

[17.94, 47.68] 

4.73e-08 (****) 
26.93 ±3.45 

[19.13, 44.24] 

27.97 ± 3.77 

[19.97, 42.61] 

2.13e-04 (***) 
25.82 ± 4.03 

[17.03, 40.4] 

27.50 ± 5.45 

[17.94, 47.68] 

1.99e-05 (****) 

Waist/Hip ratio 
0.96 ± 0.08 

[0.57, 1.44] 

0.96 ± 0.08 

[0.74, 1.21] 

3.35e-01 (ns) 
1.01 ± 0.05 

[0.81, 1.25] 

1.02 ± 0.05 

[0.88, 1.17] 

9.36e-03 (**) 
0.90 ± 0.07 

[0.57, 1.44] 

0.91 ± 0.06 

[0.74, 1.21] 

6.88e-01 (ns) 

Height (cm) 
169.74 ± 8.81 

[146.0, 194.8] 

167.84 ± 8.94 

[144.0, 191.0] 

1.07e-04 (***) 
176.09 ± 6.17 

[160.0, 194.8] 

174.53 ± 6.21 

[156.3, 191.0] 

1.46e-03 (**) 
163.41 ± 6.06 

[146.0, 182.5] 

161.63 ± 6.18 

[144.0, 176.0] 

1.68e-04 (***) 

ALM (kg) 21.38 ± 4.95 

[9.28, 35.1] 

20.80 ± 4.77 

[11.97, 35.82] 

3.05e-02 (*) 25.49 ± 3.06 

[18.91, 35.1] 

24.75 ± 3.17 

[17.42, 35.82] 

2.62e-03 (**) 17.29 ± 2.46 

[9.28, 25.31] 

17.13 ± 2.56 

[11.97, 26.18] 

3.99e-01 (ns) 

ALM/BMI ratio 
0.82 ± 0.18 

[0.42, 1.47] 

0.76 ± 0.17 

[0.38, 1.31] 

1.54e-08 (****) 
0.96 ± 0.13 

[0.63, 1.47] 

0.89 ± 0.11 

[0.59, 1.31] 

3.65e-10 (****) 
0.68 ± 0.10 

[0.42, 1.03] 

0.64 ± 0.11 

[0.38, 0.93] 

3.19e-07 (****) 

Heart 

insufficiency 

unaffected 

affected 

median (IQR) 

 

 

863 

165 

0 (0.0, 0.0) 

 

 

350 

134 

0 (0.0, 1.0) 

1.16e-07 (****)  

 

451 

62 

0 (0.0, 0.0) 

 

 

185 

48 

0 (0.0, 0.0) 

2.37e-03 (**)  

 

412 

103 

0 (0.0, 0.0) 

 

 

165 

86 

0 (0.0, 1.0) 

1.73e-05 (****) 

Vitamin D 

deficiency 

537 

491 

0 (0.0, 1.0) 

194 

290 

1 (0.0, 1.0) 

1.02e-05 (****) 270 

243 

0 (0.0, 1.0) 

97 

136 

1 (0.0, 1.0) 

5.35e-03 (**) 267 

248 

0 (0.0, 1.0) 

97 

154 

1 (0.0, 1.0) 

5.96e-04 (***) 

Sarcopenia 968 

60 

0 (0.0, 0.0) 

416 

68 

0 (0.0, 0.0) 

8.69e-08 (****) 468 

45 

0 (0.0, 0.0) 

200 

33 

0 (0.0, 0.0) 

2.57e-02 (*) 500 

15 

0 (0.0, 0.0) 

216 

35 

0 (0.0, 0.0) 

6.57e-09 (****) 

Morbidity Index 

unaffected 

only one 

two - four 

five or more 

median (IQR) 

 

427 

295 

294 

12 

1 (0.0, 2.0) 

 

168 

128 

168 

20 

1 (0.0, 2.0) 

1.72e-04 (***)  

205 

133 

169 

6 

1 (0.0, 2.0) 

 

82 

62 

82 

7 

1 (0.0, 2.0) 

2.11e-01 (ns)  

222 

162 

125 

6 

1 (0.0, 2.0) 

 

86 

66 

86 

13 

1 (0.0, 2.0) 

1.98e-04 (***) 

Polypharmacy 203 

157 

460 

208 

2 (1.0, 4.0) 

64 

56 

230 

134 

3 (2.0, 5.0) 

3.39e-04 (***) 116 

73 

216 

108 

2 (1.0, 4.0) 

35 

31 

107 

60 

2 (1.0, 5.0) 

6.72e-02 (ns) 87 

84 

244 

100 

2 (1.0, 4.0) 

29 

25 

123 

74 

3 (2.0, 5.0) 

1.43e-03 (**) 
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features associated to frailty. P-values for binary and discrete data types were obtained with the 

corrected Cramér’s V correlation algorithm. For features of continuous data type, Welch’s unequal 

variance T-test after assessing the equality of variances with the Levene’s test between the non-frail 

and pre-frail/frail group were calculated. SD standard deviation, BMI body mass index, ALM 

appendicular lean mass, WHR waist-hip ratio, IQR inter quartile range, ns non-significant, 0.01 < * 

< 0.05, 0.001 < ** < 0.01, 0.0001 < *** < 0.001, 0.00001 < **** < 0.0001 

 

Mixed-sex model outperformed by context- and sex- specific tailored models 

Using the complete set of biomedical data as input (denoted by the affix ALL), sex-stratified 

models were trained for the mixed-sex, men-only, and women-only population of BASE-II. 

Following preprocessing, the number of features was reduced to 257 for the mixed-sex 

model, 167 for men, and 33 for women. Despite differing in scaling approaches (min-max 

scaling for mixed-sex and men, standard scaling for women) and in the SVM kernel used 

(RBF for mixed-sex, linear for both men and women), all models shared key architectural 

elements: RUS resampling technique to address class imbalance, PCA for dimensionality 

reduction, and χ² for discrete feature selection (see Fig. 1E for a summary of the best 

configurations and parameters). As shown in Fig. 8A, the best-performing ALL models 

reached mean CV receiver operating characteristics area under the curve (ROC, AUC) 

scores of 0.665 ± 0.057 for mixed-sex (95% CI: [0.551 – 0.779]), 0.705 ± 0.069 for men 

(95% CI: [0.567 – 0.843]), and 0.693 ± 0.071 for women (95% CI: [0.551 – 0.835]), with 

respective hold-out ROC AUC scores of 0.63, 0.66, and 0.66. The men-ALL and women-

ALL models slightly outperformed the mixed-sex model, with improved classification of both 

non-frail and pre-frail/frail individuals. Specifically, the men-ALL model correctly identified 

64.29% of non-frail and 67.27% of pre-frail/frail participants, while the women-ALL model 

achieved 69.00% and 63.27%, respectively. These results suggest that sex-specific 

modelling, even using the same full biomedical dataset, improves predictive performance 

over a mixed-sex approach. 

Building on this, a second experiment focused on subgroup-specific input features derived 

from four predefined biomedical domains: physical measurement (PM), body fluids (BF), 

nutrients (NT), and cognition (CG) (as illustrated in Fig. 1A). The best performing subgroup 

model for each context was selected, resulting in the three following configurations denoted 

below: mixed-BF, men-PM, and women-BF. After preprocessing, the feature sets were 

reduced to 86 (mixed-BF), 32 (men-PM), and 84 (women-BF) features. Notably, SMOTE 

resampling technique was used in all three subgroup models, replacing RUS and leading 

to improved performance. Additionally, all subgroup models achieved their best results 
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using a linear SVM kernel. While mixed-BF and women-BF shared several preprocessing 

steps, including robust scaling, PCA, and χ²-based feature selection, the men-PM model 

differed significantly, using standard scaling and LDA to reduce the input to a single 

discriminating feature. As shown in Fig. 8B, the mixed-BF model reached a CV ROC AUC 

of 0.629 ± 0.047 (95% CI: [0.535 – 0.723]) with a hold-out ROC AUC of 0.61. In comparison, 

the men-PM model significantly outperformed it, achieving a CV ROC AUC of 0.721 ± 0.066 

(95% CI: [0.619 – 0.853]) and a hold-out ROC AUC of 0.70. The women-BF model showed 

moderate improvement, with a CV ROC AUC of 0.633 ± 0.068 (95% CI: [0.497 – 0.769]) 

and hold-out ROC AUC of 0.67. In terms of classification accuracy, the men-PM model 

correctly identified 68.37% of non-frail and 70.91% of pre-frail/frail individuals, whereas the 

women-BF model achieved 63.00% and 71.43%, respectively. 

These results suggest that using targeted biomedical domains, particularly PM for men and 

BF for women, lead to improved performance over models trained on the mixed-sex data 

set. Feature importance, based on permutation scores, is visualised in Fig. 8C for the best 

performing ALL models. The top thirty features are shown with their average contribution 

and standard deviation (SD) across permutations (n = 1000 for mixed-sex, 500 for men and 

women), showing the overall CV score loss or gain when a particular variable is shuffled. 

Directionality of each feature’s influence is also highlighted for the top ten, using red (high 

value in frail participants) and green (low value in frail participants) indicators to support 

biological interpretation of the findings. In parallel, the heatmaps in Fig. 8C provide an 

overview of performance across subgroup models, comparing the complete set with the 

best performing domain-specific models for each sex. Further details on the top contributing 

features for the subgroup-based models are shown in Fig. 8D. Like for the complete 

models, the thirty most influential features are depicted based on their permutation scores, 

with more detailed results available in Appendix A1. These analyses provide valuable 

insight into how biomedical domains and sex-specific feature patterns shape pre-frailty 

prediction and form the basis for contextual interpretation in the following section. 
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Figure 8: Sex-specific machine learning models outperform mixed-sex approaches and 

uncover distinct predictors of pre-frailty in BASE-II. (A) Performance of sex-specific and mixed-

sex models trained on the full dataset, evaluated using ROC AUC scores from a 5 times 10-fold CV 

process, with the following results: mixed-sex: 0.665 ± 0.057, men: 0.705 ± 0.069, women: 

0.693 ± 0.071; and on the hold-out test set: mixed-sex: 0.61, men: 0.65, women: 0.68. (B) Results 

from subgroup-specific models trained separately for each sex, showing ROC AUC scores from CV: 

mixed-sex: 0.629 ± 0.047, men: 0.721 ± 0.066, women: 0.633 ± 0.068; and test set performance: 

mixed-sex: 0.60, men: 0.68, women: 0.71. Confusion matrices on the test set are shown in the 

bottom row. (C) Key predictive features for each sex in the full data models, ranked by average CV 

score loss from multiple feature permutations. Non-hatched bars indicate features that worsened 

model performance when permuted. Color-coded squares interpretation: green for features lower in 

frail-predicted participants, red for higher. Asterisks denote associated absolute z-score levels 

across permutations. (D) Displays sex-specific predictive features from the subgroup-only models, 

presented using the same conventions as in panel C. The middle row shows a heatmap summarizing 

evaluation metrics across complete and subgroup-specific models. CV cross-validation, ROC 

receiver operating characteristics, AUC area under the curve, ALM appendicular lean mass, BMI 

body mass index, T-S telomere-single gene ratio, 2D-4D digit 2-to-digit 4 ratio, ROC receiver 

operating characteristics, DOR diagnostics odds ratio, TP true positive, TN true negative, BMC bone 

mineral content, BMD bone mineral density, HDL high density lipoprotein, LDL low density lipoprotein 

 

Model interpretability was further enhanced by stratifying predictions according to the 

original Fried et al. frailty levels, rather than the combined pre-frail/frail group. As shown in 

Fig. 9, model performance improves with increasing frailty severity. The best mixed-BF 

model identified pre-frail and frail participants with sensitivities of 60.0% and 85.7%, 

respectively. Similarly, the men-PM model achieved sensitivities of 70.5% and 83.3%, while 

the women-BF model reached 63.8% and 87.5%, respectively. False positive rate (FPR) 

among non-frail individuals were 41.4% (mixed-BF), 35.5% (men-PM), and 41.9% (women-

BF), with specificities of 58.9%, 64.5%, and 58.1%. These results demonstrate that the 

selected predictors retain discriminative power even in the smaller frail subgroup and 

suggest a graded model response aligned with clinical frailty progression. 
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Figure 9: Model-specific frailty predictions stratified by the Fried frailty phenotype levels in 

the complete BASE-II cohort. Model performance is presented across the three frailty categories 

defined by the Fried et al. phenotype (non-frail, pre-frail, and frail), expressed as absolute numbers 

and percentages within the full BASE-II cohort (training and test sets combined). The best-

performing mixed-BF model achieves a sensitivity of 60.0% for pre-frail and 85.7% for frail 

individuals, with a FPR of 41.4% and a specificity of 58.9%. The top men-PM model shows improved 

sensitivity at 70.5% (pre-frail) and 83.3% (frail), alongside a lower FPR of 35.5% and a specificity of 

64.5%. The best women-BF model reaches sensitivities of 63.8% for pre-frail and 87.5% for frail 

participants, with an FPR of 41.9% and a specificity of 58.1%. FPR false positive rate 

 

Body composition in men and physiological anomalies in women most 

predictive of their respective frailty profiles 

Sex-specific classification models revealed that body composition played a significant role 

in pre-frail/frail men, while physiological and biochemical anomalies were more important 

in pre-frail/frail women. Although a few predictors were shared across sex, most notably 

heart insufficiency, model behaviour and feature contributions strongly differed. This pattern 

persisted across the complete- and subgroup-driven models. 

In men, models limited to PM showed the strongest improvements compared to all other 

subgroups tested. Here, nine of the top ten features caused a CV score drop of 5-15% 

during permutation (Fig. 8D). Key contributors included higher trunk fat mass, left arm fat 

percentage and mass, and lower lean mass features (ALM, ALM-to-BMI ratio, left arm lean 

mass). Bone mineral content and density (BMD, BMC) were also lower in pre-frail/frail men, 

hinting to structural vulnerability. These imbalances portrait a male pre-frailty profile where 

older men with high fat accumulation in limbs and trunk, reduced lean mass, and low 

skeletal density are more likely to be pre-frail/frail. In terms of feature transformation, the 
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best separation between non-frail and pre-frail/frail men was observed with LDA on the top 

5-10 features, with a peak BCD-WCD ratio of 1.03 (Fig. 10A). 

For women, pre-frailty was driven less by external body composition and more by 

physiological anomalies. The most impactful feature in the women-BF model was vitamin 

D deficiency, which substantially reduced CV score during permutation (Fig. 8D). Multiple 

immune-related features (white cell counts of monocyte, leukocyte, eosinophil) were 

elevated in pre-frail/frail women. Metabolic and hormonal markers, including increased 

insulin, glucose, oestradiol, and urinary deoxypyridinoline (a bone resorption marker), as 

well as decreased high density lipoprotein (HDL) cholesterol and indirect bilirubin, further 

differentiated pre-frail/frail women. These markers suggest a complex interplay between 

inflammation, metabolic imbalance, and hormonal regulation in the female pre-frailty profile. 

Unlike the men-PM model, the best separation in the women-BF model was yielded with 

PCA on the top five features (BCD-WCD ratio: 0.54), and LDA applied to all ten features 

yielded a slightly higher BCD-WCD ratio of 0.78 (Fig. 10B). 

While heart insufficiency was a consistently strong feature, its relative influence and 

permutation effect differed (Fig. 8C). For example, in men-ALL, heart insufficiency showed 

even stronger detrimental permutation impact than in the mixed-sex model, where it was 

still ranked highest. The mixed-ALL model also captured sarcopenia and cognitive test 

performance (e.g., low digit symbol substitution scores) as relevant features, although with 

less specificity than the sex-stratified models. In general, mixed-sex overlapped partially 

with sex-specific models but failed to highlight their most defining features. 

To assess whether these models identified individual or aggregated predictors, MANOVA 

was conducted using combinations of top-ranked features from the best-performing 

models. Results showed increasing statistical significance and higher 1 – Wilk’s lambda 

scores as more features were included (Fig. 10A-B). This pattern held true across models 

and supports the notion that predictive strength lies in feature combinations rather than 

isolated variables. Clustering analyses using LDA, PCA, and raw values further validated 

this. In men, LDA transformation yielded the clearest group separation, especially when 

using 5-10 top features. For raw and PCA-transformed values, the best-performing features 

were ALM-BMI ratio and total body BMD. In contrast, clustering performance in women was 

more modest, with no single method or feature set achieving clear separation. 
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Figure 10: Increasing cluster separation revealed through post hoc analysis of top feature 

combinations compared to the best single predictive feature. Data-driven models for the men 

(A) and women (B) subgroups were processed using corresponding sampling and scaling methods 

(see Fig. 1) prior to MANOVA analysis. All possible combinations of one to ten features (1,023 total) 

were evaluated for their discriminatory power using Wilks’ lambda, expressed as 1 - Wilks’ lambda, 

with statistical significance assessed by base-10 log-transformed p-values. Significant combinations 

are marked in red, while the best-performing combination at each feature count (n) is denoted by a 

dark red star and annotated accordingly. Single features are represented by triangles, with significant 

ones highlighted in black. The underlying table ranks the top ten features by performance, with 

components of the best-performing combinations highlighted in dark red (or black for top single 

features). Bonferroni-adjusted significance threshold is indicated by a dashed horizontal line. Below 

the table, visualizations of the raw data, PCA, and LDA are shown for the best single feature and 

the best combinations of two, five, and all ten features. Each representation includes annotations 

describing cluster separation and compactness between non-frail (green) and frail (red) groups, with 

95% CI applied. Median cluster centres are marked with star symbols. BF body fluids, PM physical 

measurements, RUS random under-sampling, SMOTE synthetic minority over-sampling technique, 

sign. Significant, BCD between cluster distance, WCD within cluster distance, CI confidence interval 

 

Complementing these results, statistical testing of the top ten and top thirty model features 

revealed that only a subset was significantly associated with the pre-frail/frail groups when 

tested in the combined training and test dataset (Tab. 5). In the men-PM model, 9 out of 

the top 10 features, most notably body composition and BMD, were significantly different 

between non-frail and pre-frail/frail (complete table of the top 10 and top 30 contributing 

features of all models can be found within the manuscript in appendix A1). However, in 

women-BF, fewer features reached statistical significance, especially when accounting for 

p-value correction across variables (see appendix A1). This divergence highlights that 

some of the most contributing features may not show strong individual associations but still 

contribute meaningfully to the aggregation of biomedical features that are associated to 

pre-frail/frail. Indeed, comparing z-score differences (continuous features) and corrected 

Cramér’s V (categorical and binary features) across the full BASE-II cohort confirmed that 

model-relevant features often derive their value from aggregated patterns, rather than 

isolated statistical strength (see appendix A1). 
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Table 5: Cohort characteristics of the ten most predictive features in subgroup-specific data-

driven models in the BASE-II cohort. Displayed are the cohort-level characteristics of the top ten 

most predictive features derived from the single subgroup models for men (A) and women (B), 

respectively. For binary and categorical variables, p-values were calculated using Cramér’s V, 

adjusted for data type. Continuous variables were assessed with Welch’s t-test for unequal 

variances, following evaluation of variance homogeneity between non-frail and pre-frail/frail groups 

using the Levene’s test. SD standard deviation, BMI body mass index, ALM appendicular lean mass, 

BMD bone mineral density, BMC bone mineral content, ns non-significant, 0.01 < * < 0.05, 0.001 < 

** < 0.01, 0.0001 < *** < 0.001, 0.00001 < **** < 0.0001 

 

Together, these findings form a strong argument for sex-specific modelling in frailty-related 

research. The observed sex-specific profiles, externally visible in men and internally in 

women, reflect both biological differences and measurement bias in frailty assessment 

tools. Machine-learning helped identify meaningful feature combinations that escape 

detection in univariate testing but offer new opportunities for targeted (pre-)frailty screening 

and intervention. 

 

A) Most important 

men-PM features 

Non-frail 

(N=513, 33.93%) 

Pre-frail / frail 

(N=233, 15.41%) 

P-value B) Most important 

women-BF features 

Non-frail 

(N=515, 34.06%) 

 

Pre-frail / frail 

(N=251, 16.60%) 

P-value 

Trunk fat (g) 

mean ± SD; [min, max] 

13812.02 ± 

4071.45 

[3965.92, 

28361.59] 

15024.44 ± 

4742.30 

[4878.38, 

33258.54] 

3.72e-04 

(***) 
Vitamin D deficiency 

0:    267 

1:    248 

0:      97 

1:    154 

5.96e-04 

(***) 

ALM BMI ratio 

mean ± SD; [min, max] 

0.96 ± 0.13 

[0.63, 1.47] 

0.89 ± 0.11 

[0.59, 1.31] 

3.65e-10 

(****) 

Estradiol (pmol/L) 

mean ± SD; [min, max] 

35.73 ± 59.27 

[9.2, 817.2] 

44.03 ± 60.11 

[9.2, 471.4] 

7.03e-02 

(ns) 

Trunk mass (g) 

mean ± SD; [min, max] 

41614.36 ± 

6726.38 

[24496.4, 

72459.25] 

42853.48 ± 

8159.18 

[25029.34, 

74016.79] 

4.34e-02 

(*) 

Indirect bilirubin 

(mg/dL) 

mean ± SD; [min, max] 

0.44 ± 0.15 

[0.18, 1.22] 

0.42 ± 0.15 

[0.11, 1.04] 

8.40e-02 

(ns) 

Left arm fat (%) 

mean ± SD; [min, max] 

31.03 ± 5.85 

[13.71, 52.38] 

33.04 ± 5.82 

[16.98, 51.9] 

1.53e-05 

(****) 

Monocytes (G/L) 

mean ± SD; [min, max] 

0.40 ± 0.14 

[0.16, 1.1] 

0.43 ± 0.16 

[0.13, 1.51] 

2.41e-02 

(*) 

ALM (g) 

mean ± SD; [min, max] 

25486.42 ± 

3064.90 

[18910.53, 

35100.72] 

24747.02 ± 

3173.83 

[17423.04, 

35815.85] 

2.62e-03 

(**) 

Insulin 2nd probe 

(μU/mL) 

mean ± SD; [min, max] 

59.35 ± 50.15 

[5.45, 460.1] 

62.76 ± 52.07 

[6.86, 502.5] 

3.83e-01 

(ns) 

Left arm fat (g) 

mean ± SD; [min, max] 

1422.53 ± 405.07 

[445.24, 3374.5] 

1494.40 ± 435.79 

[615.73, 3556.75] 

2.86e-02 

(*) 

Eosinophilia (G/L) 

mean ± SD; [min, max] 

0.15 ± 0.10 

[0.01, 0.9] 

0.18 ± 0.15 

[0.01, 1.46] 

4.30e-03 

(**) 

Body BMD (g/cm²) 

mean ± SD; [min, max] 

1.24 ± 0.11 

[0.94, 1.62] 

1.23 ± 0.10 

[0.96, 1.65] 

1.11e-01 

(ns) 

Glucose 2nd probe 

(mg/dL) 

mean ± SD; [min, max] 

109.05 ± 29.00 

[38.0, 278.0] 

114.24 ± 37.36 

[56.0, 333.0] 

3.53e-02 

(*) 

Left arm BMC (g) 

mean ± SD; [min, max] 

206.54 ± 33.64 

[115.55, 484.77] 

199.43 ± 33.22 

[121.59, 314.21] 

7.43e-03 

(**) 

High density 

lipoprotein 

cholesterol (mg/dL) 

mean ± SD; [min, max] 

70.18 ± 16.03 

[35.0, 134.0] 

67.68 ± 16.98 

[32.0, 153.0] 

4.81e-02 

(*) 

Trunk fat (%) 

mean ± SD; [min, max] 

32.62 ± 5.57 

[14.66, 47.71] 

34.39 ± 5.36 

[17.46, 51.87] 

5.02e-05 

(****) 

Leukocytes (G/L) 

mean ± SD; [min, max] 

5.56 ± 1.44 

[2.7, 11.8] 

5.92 ± 2.02 

[2.1, 24.4] 

4.95e-03 

(**) 

Left arm lean mass (g) 

mean ± SD; [min, max] 

3123.96 ± 487.39 

[1737.97, 

4738.63] 

2991.33 ± 504.83 

[1911.19, 

4546.69] 

6.95e-04 

(***) 

Deoxypyridinoline in 

urine (nmol/moK) 

mean ± SD; [min, max] 

59.34 ± 24.88 

[1.0, 191.0] 

60.55 ± 25.29 

[3.5, 152.0] 

5.27e-01 

(ns) 
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- Insights and implications of the research outcomes 

Our findings show that physical pre-frailty, as defined by the Fried et al. frailty phenotype, 

presents differently in men and women despite the similar overall prevalence in both sex 

(Fig. 7A). While sex was not significantly correlated with pre-frailty in the full cohort, several 

frailty-related risk factors differed between men and women in strength and direction (Tab 

4). For example, polypharmacy and morbidity index showed different associations across 

groups. More importantly, the five items that define the Fried et al. frailty phenotype 

revealed clear sex-specific patterns: men were more likely to have reduced PA and GA 

speed, while women more often reported EX and lower GS (Fig. 7C-D). These differences 

occurred even though the frailty scores were similar between men and women (Fig. 7A-

B), pointing toward different underlying mechanisms. Sex differences in continuous 

biomedical features were also visible regardless of frailty status (Fig. 7E), suggesting a 

broader pattern of physiological differences. These observations support earlier studies 

that linked EX and psychological aspects to pre-frailty in women, and performance-related 

decline to pre-frailty in men [13,15,74–78]. However, few studies have analysed these 

effects in direct relation to a shared frailty definition, particularly not in the context of applied 

machine learning. 

When comparing model performance, sex-specific models outperformed the mixed-sex 

model (Fig. 8A). The mixed-sex model predicted fewer pre-frail/frail participants correctly 

and tended to classify many as non-frail. In contrast, the sex-specific models were better 

at identifying participants of the pre-frail/frail group, especially in cases where contributing 

features were unequally distributed between sexes. Most top-ranked features were specific 

to one sex. For example, vitamin D deficiency, alcohol consumption, and sarcopenia were 

important in women, while body fat mass, height, and age were more important in men 

(Fig. 8C). Only heart insufficiency appeared as a strong predictor across all models, 

supporting its known association with frailty in both sexes [79,80]. Some cognitive features, 

such as the trail-making test, were also present in both men and women models, although 

cognitive performance alone explained little variance in contribution (Fig. 8C). This is in line 

with previous work suggesting that cognitive frailty may be a separate construct [52,74]. 

While we rank features based on their relative importance, we avoid over-interpreting single 

features, as their individual effects are often weak. 

When we restricted the models to specific subgroups of data, clearer patterns emerged. 

For men, the model based only on PM performed significantly better than the complete 

data-driven model, while for women, the model based on BF markers showed a moderate 

improvement (Fig. 8B). These results support the idea that pre-frailty manifests differently 
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in men and women, and that different domains carry more predictive value depending on 

sex. In men, frailty was associated with traits like low ALM-BMI ratio, high trunk fat mass, 

and low bone density (Fig. 8D, Tab. 5A), which supports a body composition-driven men 

pre-frailty profile. In women, vitamin D deficiency was the most important predictor, followed 

by elevated white blood cell counts such as eosinophils and monocytes (Tab. 5B). These 

physiological differences suggest that pre-frailty in men may be more closely linked to body 

composition and physical shape, while it may involve immune or hormonal changes in 

women. Although these associations have been reported separately [20–22,81–83], our 

results show that their importance varies depending on sex, and they should be interpreted 

in that context. 

To better understand how these features interact, we explored combinations of the top ten 

features for the best-performing subgroup models (men-PM and women-BF). In both 

cases, adding more features gradually improved the separation between pre-frail/frail and 

non-frail participants (Fig. 10A-B). For men, the strongest separation was reached with five 

features related to lean mass and bone density. The ALM-BMI ratio alone already showed 

a strong separation. For women, the best combination included vitamin D deficiency, 

oestradiol levels, eosinophil count, HDL cholesterol, and deoxypyridinoline in urine. Again, 

vitamin D deficiency was the strongest single contributor. Although this simplified method 

does not fully reflect the model’s inner workings, it supports the idea that different 

combinations of deficits best describe frailty in men and women. These findings align with 

the view that frailty results from the accumulation of different physiological impairments 

[48,84], and that this accumulation looks different depending on sex. 

Despite these findings, there are several limitations. First, the cross-sectional design limits 

any interpretation about the direction of effects. We do not know whether the identified 

markers predict future frailty or are consequences of it. Longitudinal data would be needed 

to test this. Second, the low number of frail participants in the dataset (14 individuals) forced 

us to merge pre-frail and frail participants into one category. As a result, we could not 

investigate the full transition from pre-frail to frail in detail, and some markers relevant for 

advanced frailty may have been missed. Thus, the present results reflect biomarkers of 

pre-frailty. Pre-frail and frail are distinct clinical stages, and future studies with larger frail 

cohorts will be required to extend these findings to fully developed frailty. Still, the models 

performed well when tested on the original three Fried et al. physical frailty phenotype 

labels, correctly predicting nearly all frail and most pre-frail individuals (Fig. 9). Third, 

missing data required imputation to keep enough participants. Although we used separate 

imputation for training and testing to avoid data and information leakage, this process can 
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still introduce a source of bias. Fourth, the dataset is imbalanced, with more than twice as 

many non-frails as pre-frail/frail participants. To deal with this, we used the F-β-2 score to 

prioritize recall and applied under- and over-sampling techniques during the cross-validated 

model training. However, imbalanced datasets always carry a risk of skewed model 

performance. Fifth, while the Fried et al. frailty phenotype was used to define frailty, many 

predictors reflect domains more aligned with the Rockwood frailty index, such as chronic 

diseases, inflammation, or cognitive function. This mismatch between outcome and feature 

space could lead to overfitting or misinterpretation. Lastly, the analysis of additive feature 

combinations (Fig. 10) does not capture the complexity of the original models, which 

include non-linear interactions and classifier-specific behaviour. 

Our findings support the idea that sex-specific profiling improves the prediction and 

understanding of frailty development. The models reveal that different physiological 

systems contribute to pre-frailty in men and women. This suggests that future frailty 

screening and prevention could benefit from being sex specific. For example, screening 

older men for sarcopenia, fat gain or lean mass loss, and screening older women for 

inflammation, vitamin D deficiency, or hormonal imbalances, may help detect early 

development of frailty. These findings also suggest that generic frailty models, which treat 

all individuals the same, may miss important risk patterns. Future studies should validate 

these results in other populations and across time to test if these predictors remain relevant 

and can anticipate future frailty. 

Future perspectives of this project involve addressing the above-mentioned limitations and 

simultaneously validating the claimed findings in another European population. For this, we 

are following a more rigid and generalizable workflow (Fig. 2) applied in the largest 

Luxembourg-based PD cohort [34]. Other than blood metabolites, the biomedical data of 

this cohort is enriched by clinical data (SV and medical examinations) and GA sensor 

parameters, which potentially could shed light on even more sex- and PD-specific frailty 

biomarkers. Besides mitigating the limitations and increase generalizability, one additional 

intention of this follow-up project is the investigation of PD-specific physical frailty on top of 

the sex-specific differences observed in BASE-II. This additional dimension of research is 

based on the heavy overlap between physical frailty risk factors, such as depression, 

fatigue, postural instability, or GA impairment, and the observed motoric and non-motoric 

symptoms during the various stages of PD development [85–87]. 
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Chapter 2: Drug sensitivity prediction for time-of-day cancer 

treatment profiling 

This chapter refers to the manuscripts presented in appendix A2, A3, and A4. 

 

- From circadian drug profiling to functional cancer subtyping 

The circadian clock controls essential physiological and behavioural functions in nearly all 

living beings. In mammals, it is organised hierarchically with a main pacemaker in the 

suprachiasmatic nucleus of the brain’s hypothalamus with the role to regulate peripheral 

clocks among different tissues [88,89]. In fact, around 40% of all genes show a tissue-

specific rhythmic expression [90], which is affecting major biological functions such as 

metabolism [91,92], cell proliferation [93], immune responses [94], and DNA repair [95]. 

This rhythmic regulation is maintained through interlocking transcriptional-translational 

feedback loops [96] which are highly sensitive to environmental factors like light and 

temperature. Disruptions to this system, be it through lifestyle, environmental factors, or 

genetic mutations, are associated with a range of diseases including cancer [97]. In fact, 

circadian dysfunction has already been linked to tumour progression, lower survival rates 

[98] and altered sensitivity to anti-cancer drugs at given timepoints [99]. 

To better understand how circadian rhythms affect drug efficacy, we contributed to the 

development of an experimental and computational pipeline to characterise TOD 

responses in tumour and non-tumour cell lines (see appendix A2) [35]. This approach 

combines deep phenotyping of circadian clock function, growth dynamics, and drug 

response features, using both experimental measurements and high-throughput screens. 

The pipeline is illustrated in Fig. 3 and includes the analysis of TOD profiles of multiple 

tumour and non-tumour cell lines across a large panel of drugs, allowing for the 

identification of treatment times that maximise efficacy while reducing toxicity. By 

integrating this deep phenotyping data with publicly available transcriptomic datasets, our 

contributions (highlighted in green in Fig. 3 and Fig. 11) mainly addressed central questions 

in chronopharmacology: which treatment times are optimal, which cancer types benefit 

most, and how cellular features shape TOD profiles. As part of this effort, a 

chronotherapeutic index was developed that quantifies the possible benefits of circadian-

based treatments across different compounds and models. 

In a second step, we applied this framework to breast cancer (see appendix A3 and 

reference [36]), the most frequently diagnosed cancer in women and a highly 
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heterogeneous disease [100]. We focused on TNBC, an aggressive subtype lacking 

oestrogen, progesterone, and HER2 receptor expression, the three major breast cancer 

type markers (Fig. 11A). Since this classification is based on the absence of these markers, 

it inevitably groups together biologically diverse tumours. Hence, TNBC is further divided 

into distinct molecular subtypes, namely basal-like (BL1, BL2), mesenchymal (MES), 

immunomodulatory, and luminal androgen receptor (LAR), each manifesting different 

growth characteristics and drug sensitivities [101,102]. Although circadian rhythms have 

been shown to persist in some breast cancer models [103,104], the overall more 

aggressive subtypes are thought to have weaker or more disrupted clocks [105]. However, 

this assumption has rarely been tested systematically across multiple subtypes and cell 

lines. 

To fill this gap, we contributed to a comprehensive circadian profiling of breast cancer cell 

lines to determine their circadian phenotype and to research the association between these 

phenotypes, drug sensitivity and tumour growth (Fig. 11B) applying the same pipeline 

introduced in the TOD study [35]. Circadian rhythms were characterised using 

bioluminescence-based measurements and quantification methods (Fig. 11C-D), cell 

growth dynamics were assessed (Fig. 11F), and drug sensitivity across time points was 

quantified with both stationary and non-stationary analysis (Fig. 11G). The obtained 

circadian parameters were then analysed for their correlation strength (Fig. 11E). In 

addition, we included genomic expression data of core clock-related genes and highlighted 

the mutational burden of these genes in the tested breast cancer cell lines (Fig. 11H). By 

integrating all these cellular features, we identified clusters of cell lines with distinct 

circadian phenotypes (Fig. 11I), effectively defining novel circadian-based subtypes of 

breast cancer with functional, unstable, weak, or dysfunctional circadian phenotype. These 

subtypes were predictive of drug response patterns, highlighting candidate compounds for 

further chronotherapeutic investigation. 

Together, these studies demonstrate the significant value and potential impact of circadian 

profiling across cancer cell lines and drug panels. The general TOD framework [35] enables 

the systematic identification of drug timing strategies and circadian vulnerabilities, while its 

application to breast cancer provides a proof-of-concept for circadian-based subtyping [36]. 

Such approaches could clinically complement existing molecular classifications and 

uncover treatment windows not apparent through conventional methods. These insights 

may help refine future treatment approaches, especially in cancers with poor prognosis like 

TNBC, where additional therapeutic stratification is urgently needed. 
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Figure 11: Introducing the contributions to triple negative breast cancer subtyping using 

circadian-based deep phenotyping. Breast anatomy and breast current breast cancer subtype 

classification (A). Leading hypothesis of relationship between circadian clock-based phenotypes 

(functional, unstable, weak, dysfunctional), and specific drug sensitivity together with tumour growth 

(B). The panels C, D, F, and G summarize the quantification and characterization of key circadian 

factors to capture the circadian rhythms of each tested TNBC cell line. Panels E, H, and I highlight 

our contributions towards the data analysis and validation of TNBC subtyping using circadian-based 

deep phenotyping data This figure was created and published [36] by the collaborative team before 

the highlighting of our contributions in green (E, H, and I). TNBC triple negative breast cancer, Lum 

luminal, HER human epidermal growth factor receptor, BL basal-like, MES mesenchymal, LAR 

luminal androgen receptor, luc luciferase, CCLE cancer cell line encyclopedia, PCA principal 

component analysis 
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- Main findings of circadian-based cancer phenotyping 

 

How core clock genes shape time-of-day drug sensitivity 

To explore if circadian gene expression relates to TOD-dependent differences in drug 

sensitivity, we analysed transcriptomic data from a panel of 8 TNBC cell lines with known 

TOD maximal drug response (TOD-MR) values. The heatmap in Fig. 11A displays the 

normalized expression of 16 core clock genes across these lines, revealing marked 

heterogeneity. Hierarchical clustering suggested the presence of two distinct groups, with 

several genes including RORα, CLOCK, NPAS2, REV-ERBs, PERs, and CRY1 showing 

high variance across cell lines. Potential links between TOD-MR and gene expression are 

summarized by their absolute correlations, either categorized by drug or gene (Fig. 11B). 

When stratified by drug (Fig. 11B, left), the strongest correlations were observed for DNA-

damaging response (DDR) drugs such as cisplatin and adavosertib, but also the 

PI3K/AKT/mTOR inhibitors alpelisib and torin2. Stratification by gene Fig. 11B, right) 

identified Per2, DBP, RORβ, PER3, and REV-ERBα (NR1D1) among the genes most 

frequently correlated with TOD-modulated drug sensitivity. 

We then focused on cisplatin, a DDR drug, and used LDA to evaluate if cell lines could be 

separated by their TOD-MR values (Fig. 11C). The left panel shows the TOD-MR values 

varying across lines (threshold = 0.30, and LDA transformation shows a clear separation 

between high and low TOD-MR. Genes contributing most to this separation (Fig. 11C, right) 

included RORβ and DBP, followed by NPAS2, PER3, and CRY2, suggesting that these 

genes may be informative in the context of DDR-related TOD effects. We then applied PCA 

to evaluate if similar patterns can be observed for different drugs. Using paclitaxel, a mitosis 

inhibitor, we again stratified cell lines by TOD-MR (Fig. 11D, left). The first two principal 

components explained 44.8% and 28.9% of the variance (sum = 73.7%), and partial 

grouping by TOD-MR status. The loadings (Fig. 11D, right) indicate that CSNK1D, CRY1, 

CLOCK, and PER1 contributed mostly to PC1, while CLOCK, RORα, DBP, NPAS2 and 

REV-ERBα were leading PC2, supporting that distinct circadian genes are associated with 

time-dependent responses to different drug classes likely driven by the drug’s mechanism. 
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Figure 12: Analysis on how core clock genes shape time-of-day sensitivity. Gene expression 

of core clock genes for the different cell models used in the framework project [35] (A). The boxplots 

show the mean ranking of the absolute spearman rank correlations between the TOD median values 

and circadian clock gene expression, either by drug (n = 8) or circadian clock gene (n = 16). The 

boxplots display the 25th and 75th percentiles with their edges, median by red lines, mean by white 

circles, and outliers with red crosses (B). LDA transformation was applied on median-binarized TOD-

MR values for the DDR drug cisplatin, colour coded as blue (low) and red (high). Contributions of 

core clock genes for this discrimination of low and high TOD-MR are shown as percentage in the 

right panel (C). To emphasize on drug-specificity, a PCA biplot of the first two components is depicted 

for the mitosis inhibitor drug paclitaxel. Merged to that panel are the normalized loadings (arrows) to 
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show their relative contribution to the TOD-MR separation (left panel). The ranked contribution of 

the circadian clock genes to the first and second PCA components are shown in the lower central 

and right panels (D). TOD time-of-day, LDA linear discriminant analysis, TOD-MR time-of-day 

maximal response, DDR DNA-damage response, PCA principal component analysis 

 

Detailed example and evaluation of the methodological approach 

To explore whether circadian clock gene expression shapes TOD drug responses, we 

selected 16 core clock genes that are central to molecular clock feedback loops and known 

to disrupt circadian rhythms when altered [96,106] and examined them across a panel of 

up to 9 TNBC cell lines. The main metric TOD-MR was compared with gene expression 

using three approaches: linear correlation, LDA, and PCA (Fig. 13A). Correlation analysis 

suggested only moderate links between individual genes and TOD-MR, with cisplatin 

showing the highest mean correlation (r = 0.40 ± 0.21) and PER2 ranking highest among 

genes (r = 0.48 ± 0.20) (Fig. 13B, and appendix A2). For paclitaxel, stronger negative 

correlations appeared for PER3 (r = -0.88) and DBP (r = -0.72) (Fig. 13B-C). LDA was then 

applied after grouping cell lines median-binarized into high or low TOD-MR by drug. In 

paclitaxel, separation was clear (Fig. 13D, left), and CRY2, DBP, and PER3 together 

contributed ~46% of the discriminative power (Fig. 13D, right). Importantly, gene 

contributions varied by drug, hinting at drug- or target-specific interactions with the clock. 

When gene effects were combined across all drugs, overall contributions were small, with 

RORβ leading at 10.5% ± 9.6% (Fig. 13E, and appendix A2). Besides linear regression 

and LDA analysis, PCA was also able to separate low from high TOD-MR and revealed for 

example that paclitaxel-treated cell lines clustered along two principal components with 

73.7% of variability, where CSNK1D dominated PC1 and CLOCK PC2 (appendix A2). This 

suggests that while no single gene consistently predicts TOD-MR, combined expression 

profiles may still capture relevant structure. 

We also compared TOD-MR values from the raw data points vs. derived smoothed spline 

fits (using the moving average method) with the concern that this processing of the 

response data could have introduced artifacts into the final TOD-MR estimates. Linear 

regression analysis was performed between TOD-MR values from raw and smoothed data 

and found to be close to a perfect agreement (R² = 0.99) across all drug-cell combinations 

(Fig. 13F). Finally, the LDA models were validated using LOOCV and showed varying 

predictive accuracy across the tested drugs. Some drugs (e.g., torin2, adavosertib, 

cisplatin) classified all cell lines correctly, while others (e.g., alisertib, 5-FU) performed 

poorly (Fig. 13G). Overall, while single-gene correlations with TOD-MR were limited, 
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multivariate patterns suggested that the collective circadian machinery may influence drug-

specific TOD sensitivities in TNBC cell lines. 

 

Figure 13: Example and evaluation of methodological approaches. Workflow to assess whether 

core clock genes modulate TOD drug sensitivity (A). Spearman correlations between TOD-MR and 

gene expression, clustered by drug (rows) and gene (columns) (B). Cisplatin/alpelisib: n = 8; others: 

n = 9 cell lines. Example correlations for paclitaxel with PER3 and DBP (log₂ TPM); shaded = 95% 

CI (C). LDA separation of high (red) vs. low (blue) TOD-MR for paclitaxel; right: gene contributions 

(%) (D). Boxplot of mean discriminative contributions across 8 drugs (E). TOD-MR from discrete vs. 

spline fits (n = 80 drug-cell combinations) (F). LOOCV accuracy for LDA models; green: correct, red: 

incorrect; grey: not available) (G). TOD, time-of-day; TOD-MR, TOD maximal response; TPM, 

transcripts per million; LDA, linear discriminant analysis; LOOCV, leave-one-out cross-validation. * 

p ≤ 0.05, ** p ≤ 0.01 
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Circadian-based subtyping of breast cancer cell lines driving drug sensitivities 

With the main framework of circadian-based deep phenotyping set up and the TOD effects 

of cancer drugs revealed, the next step was to exploit the gained knowledge in a particular 

condition to exemplify the added value. For this, we focused on TNBC cell lines to 

investigate whether circadian-based parameters can reveal a new way of subtyping a 

specific cancer type and how they can predict cancer drug sensitivities (see [36], and 

appendix A3). 

We first examined how circadian clock parameters and growth rate (GR) relate to one 

another across breast cancer cell lines. Pairwise Pearson correlations revealed a strong 

positive relationship between different circadian metrics, but mostly weaker, negative 

associations between these parameters and GR. By contrast, circadian instability markers, 

such as period or phase-difference variability, showed positive correlations with faster 

growth (Fig. 14A). Using PCA, we identified 3 circadian-based clusters capturing 54.7% 

and 21.1% of the variance along PC1 and PC2, respectively (Fig. 14B). Infradian and 

circadian components contributed most to PC1, marking them as potential key indicators 

of circadian behaviour. Interestingly, this grouping did not align with the classical breast 

cancer subtypes, suggesting that circadian-based clustering could instead offer 

complementary information. To assign functional meaning, we selected the strongest 

representative circadian parameter from each PCA cluster; namely the period scale, the 

variability of BMAL1-PER2 phase-difference, and circadian scale; and performed k-means 

clustering (k = 4 by elbow method; silhouette score 0.445, see appendix A3). This yielded 

four circadian phenotypes, namely functional (strong and stable rhythms), unstable (high 

instability), weak (low strength), and dysfunctional (low strength and long periods) (Fig. 

14C). Functional models included MCF10A, 2 LumA, and 2 TNBC-BL1 lines; the 

dysfunctional group contained only 2 models, SUM149PT and HCC38. 

Next, analysis of the mutational burden in 16 core and 44 related clock genes [38] showed 

heterogeneous patterns across cell lines. Most carried at least one mutation, while five had 

none (Fig. 14D, only showing genes which have at least one mutation in one of the cell 

lines). Mutation burden scores were attributed as 1 for silent (least damaging), 2 for 

missense, and 3 for nonsense/frameshift mutation (most damaging). Highest scores were 

observed in the unstable phenotype, while the functional phenotype had the lowest score. 

Interestingly, damaging mutations appeared to concentrate more likely in unstable and 

weak phenotypes (Fig. 14E). Dysfunctional models, had low mutation scores, hinting that 

factors beyond mutational burden may drive loss of circadianicity. These results outline a 

circadian-based subtyping framework that differs from classical classification and captures 
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variation in circadian strength, stability, and genetic disruption, features that may influence 

drug response. 

 

Figure 14: Defining circadian phenotypes and genetic profiles in breast cancer cell lines. 

Pearson correlations between circadian parameters and growth rate; clock-strength measures 

positively correlate with each other and inversely with growth, while instability metrics (period/phase-

difference variability) correlate positively with growth (A). PCA of circadian and growth parameters 

showing three clusters; PC1 (54.7% variance) driven mainly by infradian and circadian components 

(B). K-means clustering (k = 4; silhouette score = 0.445, see appendix A3) of selected parameters 

defines 4 phenotypes, namely functional, unstable, weak, and dysfunctional (C). Mutation profiles of 
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16 core and 44 related circadian genes; scores: silent = 1, missense = 2, nonsense/frameshift = 3, 

only genes with at least 1 mutation across cell lines are shown (D). Mutation scores by phenotype: 

unstable highest, functional lowest; damaging mutations occur in unstable and weak phenotypes (E, 

F). PCA principal component analysis, AC auto-correlation, CWT continuous wavelet transform, 

MRA multiresolution analysis, G growth 

 

Circadian regulation and drug response seem connected in ways that are still not fully 

mapped out. Prior work has shown that timing drug delivery with the body’s internal clock 

can sometimes amplify therapeutic effects [98,99,107]. To see how intrinsic circadian 

features might relate to drug sensitivity, we compared multiple drug response parameters 

with metrics of circadian oscillation using Pearson correlations and linear regression. Drug 

sensitivity was assessed with the normalized growth rate inhibition method [108], which 

corrects for cell division during assays and is generally more stable than raw viability 

measures. 

The drug panel covered a broad pharmacological range, from DNA synthesis blockers (5-

FU, doxorubicin) and mitosis inhibitors (alisertib, paclitaxel) to agents that are targeting 

specific pathways (PI3K inhibitor alpelisib, mTOR inhibitor torin2) and DDR inducers such 

as adavosertib and cisplatin. One striking relationship emerged for cisplatin as its maximal 

inhibitory effect (GRinf) showed a clear negative correlation with the autocorrelation 

rhythmicity index (r = -0.64; Fig. 15A). In other words, strongly rhythmic cell lines tended 

to be more affected by cytotoxicity, whereas weaker rhythmicity was linked with cytostatic 

or milder responses. Similar trends appeared for other circadian parameters, including 

amplitude and ridge length, while markers of clock instability (e.g., variability in period 

length) pointed in the opposite direction. 

This wasn’t unique to cisplatin, as several drugs displayed meaningful links between GRinf 

and circadian features. Alpelisib, for example, showed the highest median correlation (r = 

0.82), suggesting PI3K inhibitor responses may be especially sensitive to circadian state. 

When flipping the perspective, amplitude emerged as the circadian parameter most often 

associated with maximal drug effect (median r = 0.74). Other sensitivity metrics, such as 

GR50 and the Hill coefficient, were also correlated with certain clock parameters, but overall 

patterns were weak. This hinted that single-parameter correlations might be too simplistic 

given the clock’s multi-layered architecture. 

To capture these combined effects, we applied LDA to both our own data and public 

datasets (Fig. 15B). In our cisplatin screen, LDA separated cell lines into cytostatic versus 
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cytotoxic drug response (Fig. 15C). The rhythmicity index and ridge length together 

accounted for roughly a quarter of the separation, making them the top discriminators (Fig. 

15D). Moving from phenotypes to genes, our analysis showed that circadian clock gene 

expression also can classify cisplatin sensitivity where RORα and CRY2 stood out, 

contributing ~34% of the discriminative signal (appendix A3). Given our limited sample size, 

we tested alternative models (L1/L2 regression, logistic regression) to see if they could 

match LDA’s performance. Classification methods generally outperformed regression, but 

accuracies remained moderate (0.42 to 0.51 for regression methods), likely reflecting the 

heterogeneity of cell lines and metric dependencies (appendix A3). Still, the classification-

based results were consistent enough to justify continuing with LDA for broader screening. 

Expanding to the public CCLE dataset, the HSP90 inhibitor 17-AAG emerged as especially 

circadian-sensitive, with clock stability parameters driving the distinction between high and 

low sensitivity (Fig. 15E-F). To quantify this separation, we used the ratio of BCD to WCD, 

calling it the chronosensitivity index (Fig. 15G) [109]. Nearly all 19 drugs tested had 

chronosensitivity indices above our chosen threshold of 2 (Fig. 15H). Consistent with that, 

17-AAG achieved the highest classification accuracy in LOOCV (71%), while topotecan 

performed worst (14%). Some other agents (e.g., erlotinib, nilotinib, AZD0530) scored high 

on the index but had varying classification accuracy depending on method, hinting at 

context-specific dependencies. 

Clock gene expression offered a complementary view. For about half the drugs, the gene-

based chronosensitivity index was above threshold, and for some (topotecan, lapatinib, 

paclitaxel) it outperformed circadian parameter-based classification (Fig. 15I). Interestingly, 

topotecan’s poor parameter-based separation improved substantially when gene 

expression was used, suggesting the two approaches capture partly distinct biology. High 

gene-based chronosensitivity tended to align with better LDA classification accuracy (71-

86% for the top three drugs), though logistic regression didn’t always replicate these gains 

(appendix A3). 

Taken together, these results suggest the circadian clock have a broad but variable 

influence on drug sensitivity. No single feature explained the patterns; rather, combinations 

of rhythmicity, stability, and specific clock gene expression contributed to separating drug 

effectiveness. The chronosensitivity index provides a straightforward way to flag drugs that 

may be time- or circadian-dependent, potentially guiding future chronotherapy strategies. 
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Figure 15: Circadian features shape variability in drug sensitivity across cell lines. Linear 

regression between cisplatin GRinf values (absolute drug effect, right axis annotation) and 

rhythmicity indices from autocorrelation analysis. Symbols indicate cell lines, with shapes denoting 

circadian phenotype; grey shading = 95% CI. R², Pearson r, and p-values shown (A). Overview of 

the LDA-based workflow and datasets used to assess circadian contributions to drug sensitivity. 

Sketch illustrates dose-response curves, and the sensitivity parameters analysed (B). LDA using 

median-binarized cisplatin GRinf values and 15 circadian/growth parameters as predictors. Cell lines 

below and above median are shown in blue or orange, respectively. LD1 captures the main variance 

between groups (C). Ranked contributions of circadian and growth parameters to discrimination (D). 

LDA on median-binarized IC50 values for 17-AAG (E). Parameter contribution ranking (F). 

Schematic of the chronosensitivity index, calculated as the BCD/WCD ratio. Higher values indicate 

stronger circadian influence on drug sensitivity classification (G). Chronosensitivity index ranking for 
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multiple drugs based on circadian oscillation parameters (H). Chronosensitivity index ranking for 

multiple drugs based on circadian gene expression (I). Dashed line at y = 2 marks the threshold for 

good vs. poor separation in LDA space. GR growth rate, LDA linear discriminant analysis, BCD 

between cluster distance, WCD within cluster distance 

 

- Interpretation and consequences of the study’s findings 

The idea that cancer inevitably erodes circadian timing turns out to be far less universal 

than often claimed. In the datasets treated in this chapter, strong oscillations appeared not 

only in non-malignant MCF10A and luminal cell lines like MCF7 and T47D, but also in 

several TNBC lines and their current clinical subtypes (Tab. 2). This goes against the 

common view that highly transformed tumours usually lose their circadian rhythms [98,110]. 

Instead, our results align with reports that clock functionality can be subtype-dependent 

and modulated by hormonal status [104], with oestrogen responsiveness acting as a 

regulatory factor. What stood out here was that even within a single molecular subtype, 

clock behaviour varied widely. Using PCA on our circadian parameter dataset on the 

combined period, amplitude, rhythmicity index, BMAL1-PER2 phase-difference variability, 

and circadian/infradian spectral components, we retained >75% of the variance in the first 

3 components. From there, k-means clustering (elbow method, k = 4, silhouette score 

0.445) separated the models into functional, unstable, weak, and dysfunctional phenotypes 

(Fig. 14) which did not overlap with the classical breast cancer categories. Functional 

clocks appeared in both hormone-positive and -negative models, while some oestrogen-

positive lines fell into the weak group. The phenotypes themselves carried distinct biological 

signatures, including functional models with high amplitude and stability and low mutation 

burden; unstable models showing high variability and the heaviest mutation load; weak 

models having reduced rhythmic strength; and dysfunctional models combining long 

periods with low amplitude but minimal genomic damage. These findings not only echo 

earlier observations in non-malignant and luminal models [103,111–113], but also extend 

them to aggressive TNBC contexts, suggesting that circadian profiling exposes hidden 

heterogeneity that molecular markers alone cannot detect. This was already emphasised 

in other tumour subtype-specific rhythm studies [104]. 

The framework that enabled this classification was designed to integrate multiple data types 

while preserving their relationships (Fig. 11). In our part of the work, we analysed the 

circadian parameter sets that had been generated from raw luminescence traces and 

applied several processing and statistical approaches to link them with growth dynamics 

and drug sensitivity metrics (Fig. 12). This led us to the development of the 
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chronosensitivity index as a new way to classify cell models into high and low sensitivity 

groups with circadian features (Fig. 15). For context, the chronotherapeutic index 

[97,110,114], which reflects TOD variation in drug effects across malignant and non-

malignant models, was introduced by our collaborators and is discussed here alongside 

our results. This index confirmed expected TOD effects for DNA synthesis inhibitors 5-FU 

and doxorubicin [114–117] and the DNA intercalator cisplatin [114,117], but also highlighted 

new candidates. The chronosensitivity index, in turn, quantified the degree to which 

circadian state predicts drug response, not just in timing terms, but as a static classifier. 

For example, cisplatin and adavosertib scored high on both TOD variation and circadian 

classification, while 17-AAG emerged as particularly circadian sensitive, with stability 

parameters dominating the separation (Fig. 15). These observations match earlier hints 

from HSP90 literature linking its inhibition to clock control of the cell cycle [99] but here 

emerged from a deliberate, large-scale, multi-parametric screen. Even more revealing was 

the comparison between parameter-based and gene expression-based classification. For 

most drugs the results aligned, but for topotecan, a poor parameter-based separation 

improved remarkably when clock gene expression was used (Fig. 15). This divergence 

suggests that parameter and expression data capture partly distinct aspects of circadian 

biology, an insight that may guide which data type to prioritise in future modelling. The 

flexibility of the framework means it could, in principle, be extended to other cancer types 

or even non-oncological systems, as argued in prior chronotherapy reviews [97,114]. 

Our correlation and classification analyses, run on a drug-by-drug basis, revealed just how 

context dependent these relationships are. For DDR agents like cisplatin, the rhythmicity 

index and amplitude were top predictors, with higher values linked to stronger cytotoxic 

responses (Fig. 15). This is consistent with prior demonstrations that DNA repair efficiency 

and chemotherapy toxicity can be clock-phase dependent [96,97,105]. For paclitaxel, the 

strongest signal came from individual genes, such as PER3 and DBP, showing strong 

negative correlations with TOD-MR (r = -0.88, and r = -0.72, respectively) (Fig. 13) that are 

consistent with known circadian regulation of mitotic processes [96,106]. The LDA gene 

contribution profiles reinforced this specificity: RORβ and DBP dominated cisplatin 

separation, while CRY2 featured for paclitaxel, and CSNK1D/CLOCK for other agents (Fig. 

13). Pooling drugs diluted these effects, as no gene explained more than 10% of 

discriminative power across the board likely due to redundancy and compensation within 

the clock network. This mosaic pattern was also observed in our mutation analysis. 

Unstable phenotypes carried high burdens of damaging mutations, often missense or 

nonsense changes, whereas dysfunctional phenotypes sometimes had few, hinting at non-

genetic routes to circadian loss such as epigenetic modifications or altered protein turnover. 
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From a predictive point of view, these results suggest not relying on single markers and 

instead favour multi-feature models, exactly the rationale behind our chronosensitivity 

index. Classification performance underscored this. Some drugs (torin2, adavosertib, 

cisplatin) achieved perfect LOOCV accuracy, others (alisertib, 5-FU) performed poorly, and 

several pathway inhibitors (e.g., erlotinib, nilotinib) scored high on the index but showed 

variable CV accuracy, suggesting context-specific dependencies that need further 

mechanistic work. 

Several of our contributions went into strengthening the robustness of these conclusions. 

We directly addressed potential artefacts from data smoothing by comparing TOD-MR from 

raw data points and spline fits. The correlation showed to be essentially perfect (R² = 0.99) 

across 80 drug-cell combinations (Fig. 13), indicating our downstream associations were 

not biased by this method. We considered fibroblast and other non-malignant comparators 

as baselines for interpreting tumour chronotherapeutic indices given their consistently 

strong rhythms [118–120]. Early comparisons hinted at meaningful healthy-tumour 

differences in TOD sensitivity patterns, though we remain cautious about generalising 

fibroblast behaviour to in vivo tissue contexts. We also acknowledged possible bidirectional 

effects, where drugs might themselves alter circadian parameters, thereby influencing their 

own efficacy in subsequent cycles [121]. Such effects are currently not captured by the 

design of this framework. Moreover, the multiresolution analysis (MRA) detected alternate 

ultradian rhythms (~12 h) in BMAL1 and PER2 oscillations also observed in a previous 

work, showing that ultradian rhythms contribute to stress responses [122]. While not the 

focus here, these rhythms could partially explain drug response patterns that seem 

decoupled from classic 24 hours timing. Capturing such layers would require time-series 

designs with pre- and post-treatment phenotyping, ideally at the single-cell level to 

distinguish proliferation-driven changes from clock-driven ones. 

That said, important limitations remain. All experiments were in vitro, without modelling 

tumour-host interactions, systemic hormonal rhythms, or immune modulation. These 

factors are known to influence both circadian timing and therapy outcomes [123]. GR 

differences could confound both clock metrics and drug response [124,125] as well, and 

although population-based luciferase assays help avoid clonal artefacts, they cannot 

eliminate random reporter insertion effects. Sample sizes for some drug-cell combinations 

were rather small, limiting statistical power and producing classification accuracies ranging 

from 14% (topotecan) to 71% (17-AAG). The mutation screen, while informative, was 

restricted to a small set of clock-related genes; other regulators such as metabolic, stress-

response, or DNA-repair genes, may also shape the phenotypes we observed. Our 
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analysis also did not incorporate potential circadian misalignment effects from external 

factors like temperature cycles or nutrient timing, which can influence peripheral clocks 

independently of the light-dark cycle [88]. These caveats mean that while our framework is 

ready for application to more complex cancer models, translation to clinical 

recommendations should proceed with caution and with validation in organoid or animal 

systems first. 

Even with those caveats, the implications are substantial. By profiling circadian function 

alongside drug sensitivity, we could identify phenotypes within and across tumour types 

that predict drug sensitivity in ways unrelated to classical subtype. The chronotherapeutic 

and chronosensitivity indices offer a way to quantify and compare these relationships 

across models and drugs, helping to flag timing-sensitive compounds and match them to 

the tumour phenotypes most likely to benefit. The data also suggest that personalising drug 

timing will require a multi-parametric view including rhythmicity, stability, gene expression, 

mutation status, and potentially even ultradian components, rather than reliance on any 

single feature. This approach aligns with calls for tumour subtype-specific circadian 

analysis [104] and with the broader vision of integrating circadian biology into 

pharmacology [97,114]. Building on these insights, we have initiated a follow-up project on 

NB cell lines (see appendix A4) to test whether this framework remains as performant in 

other cancer cell line examples (including testing of random selected gene sets as 

additional validation) and to show that circadian-guided therapy can move from an 

intriguing laboratory observation to a practical tool in clinical oncology. 
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Chapter 3: Machine learning integration in systems biology 

education 

This chapter refers to the manuscripts presented in appendix A5 and A6. 

 

- Challenges and opportunities for machine learning in systems 

biology education 

Systems biology has grown into a major branch of biological and biomedical research, 

driven by advances in high-throughput sequencing, the expanding scope of bioinformatics, 

and the accelerating influence of machine learning. These tools have not only expanded 

the scale at which data can be collected but also the complexity of the questions that can 

be asked. With new data types and integrative analytical pipelines, researchers can now 

carry out large-scale investigations that were previously impossible, leading to discoveries 

that reshape biological theory and open entirely new lines of inquiry. This growth is reflected 

in publication trends, rising from roughly 6,400 papers in 2003 to over 35,000 in 2023 

(scholar search, input ‘systems biology’). Notable examples from recent years include the 

identification of new RNA functions [126,127], large-scale prediction of protein structures 

[128], and refined understanding of genomic and epigenetic regulation [129]. 

While these developments create opportunities for innovation, they also put pressure on 

educational systems. Traditional biology curricula, rooted in qualitative reasoning and 

hands-on experimentation, and standard computer science programs, which rarely address 

biological complexity, leave many students without the interdisciplinary mindset needed to 

connect molecular details to system-level behaviours. Academic and industry roles 

increasingly demand not just isolated technical competence, but the ability to merge 

biological insight with computational reasoning as a form of systems thinking that remains 

difficult to foster within existing course structures. 

In response, various authors have suggested ways to blend advanced biology content with 

computational modelling and data analysis training, equipping students to conceptualise 

living systems in terms of components, interactions, and emergent behaviours [130–137]. 

Some have proposed specific course structures, while others focus on the conceptual 

hurdles students face when trying to master complex biological systems alongside 

quantitative methods. Several articles have highlighted the issues of systems biology 

education, and a number of case studies illustrated these approaches: the Bulletin of 

Mathematical Biology examined cross-disciplinary challenges for mathematics and biology 
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students [133]; Feenstra et al. described the structure, evolution, and lessons from a joint 

systems biology course at the Vrije Universiteit and University of Amsterdam [131]; 

Momsen et al. outlined a framework to shift classical biology teaching toward systems 

perspectives, including system components, architecture, environmental interactions, and 

emergent outcomes [135]; and Dale et al. demonstrated how combining biochemical 

experiments (e.g., enzyme kinetics) with coding exercises can strengthen modelling skills 

[134]. 

Recent commentaries have expanded the scope of systems biology education further, 

proposing integration with public health and computer science [138], advocating for broader 

computational competencies and public outreach [130,139], and reviewing progress in 

modelling methodologies [140]. However, many of these perspectives are anchored in the 

experience of individual institutions or focus on high-level aspirations, often without detailed 

comparisons across different program designs or practical barriers faced in diverse 

educational settings. 

In the corresponding review (see appendix A5), we aim to complement such perspectives 

by mapping how systems biology is taught across a wide set of institutions. It offers a 

comparative view of program content, identifies challenges reported by students and 

graduates, and considers practical factors such as skill heterogeneity, prerequisite 

structures, interdisciplinary balance, adoption of AI tools, and student well-being. The 

intention is to connect strategic vision with real-world implementation, and to inform a more 

adaptive and inclusive approach to systems biology training. 

In the final part of this chapter, I build on that foundation to discuss how machine learning, 

as used throughout this dissertation, could be embedded more efficiently into systems 

biology education to strengthen interdisciplinarity and applied problem-solving. As one 

example, I refer to in-house course material [42] (see appendix A6, and the course 

repository available on GitHub: 

https://github.com/sysbiolux/ISB705MetabolicNetworkModeling), which illustrates how 

students could be introduced to practical machine learning applications in metabolic 

network modelling. This example represents just one of many potential pathways for 

integrating these methods into the training of the next generation of systems biologists. 
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- Study lines, perspectives, and machine learning in systems 

biology education 

 

Systems biology Master Programs: strong diversity but lack common 

framework 

Most systems biology courses are currently offered at the master’s level [141], although a 

small but growing set of initiatives aim to engage undergraduate students, particularly since 

the COVID-19 period, through hybrid workshops, crash courses, or newly introduced 

Bachelor’s programs in systems and computational biology [142,143]. These are often 

organised by university departments, learned societies, or graduate student groups. At the 

master’s level, programs may appear as stand-alone systems biology degrees or as 

specialised tracks within broader fields such as bioinformatics, molecular biology, 

biochemistry, or computational biomedicine. 

For the academic year 2024/2025, we sampled program descriptions from universities in 

Europe, North America, and the Caribbean (Tab. 6). Across most European countries, a 

standard of 120 ECTS (European credit transfer and accumulation system) over two years 

(~60 US semester credit hours, or 240 UK CATS (credit accumulation and transfer 

scheme)) is common. Exceptions reflect national structures, for example, France offers 

independent M1 and M2 stages of 60 ECTS each, while in the UK some programs are 90 

ECTS/180 CATS over the same period. Curricula generally blend biological, computational, 

and quantitative content, often combining lectures, seminars, and practical work. Some 

follow a fixed curriculum with a set thesis track, while others offer flexible elective options. 

Specialisation approaches vary widely. In some cases, systems biology is one of several 

interdisciplinary tracks; in others, it is embedded in more targeted domains such as 

cardiovascular systems, neurobiology, or synthetic biology. Project-based learning is 

common in some institutions, whereas others retain a traditional lecture-based format. 

Tuition fees show stark variation from no fees in Sweden and Finland to €800 in 

Luxembourg, up to £15,000 GBP (€17,500) in the UK for national students, and as high as 

£37,000 GBP (~€43,000) in the UK for international students. In fact, it appeared more 

common in European institutions to differentiate between national and international tuition, 

while North American and Caribbean universities generally have higher, but uniform rates. 

Entry requirements typically include a Bachelor’s in life sciences or a related field, alongside 

demonstrable experience in bioinformatics skills such as coding, statistical analysis, 

working with large datasets, data visualisation, or practices in reproducibility. A few 
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programs request a minimum number of credits in mathematics, molecular biology, or 

computer programming, and occasionally a minimum Bachelor’s grade (e.g., ≥70% in 

Ottawa, Canada). English-language proficiency requirements usually range from CEFR B1 

to C1. These findings highlight the structural diversity in program delivery and the lack of a 

unified framework for systems biology education worldwide. More details on each study 

line can be reviewed in appendix A5. 

 

Program 
name 
(degree) 

Credits 
(duration) 

Program structure Specialization 
tracks 

University of Luxembourg (Esch-sur-Alzette, Luxembourg) 

Molecular and 
Computational 
Biomedicine 
(MSc) 

120 ECTS 
(2 years) 

- Four semesters with around 15 weeks of full-time courses, plus 
additional time required for the exam preparation 
- The first semesters are course-based, mainly with block-courses of 2 
weeks 
- The last 8 months individual research work is performed 
- The course content is around 1/3 lectures in biology and bio-medicine, 
1/3 experimental and 1/3 computational practical 
 
https://www.uni.lu/fstm-en/study-programs/master-in-molecular-and-
computational-biomedicine 

- Systems 
Biology 
- Biomedicine 

Maastricht University (Maastricht, Netherlands) 

Systems 
Biology (MSc) 

120 ECTS 
(2 years) 

- Year 1, periods 1 and 2: problem-based learning followed by 
compulsory courses, depending on background: biology and physiology 
or mathematics of biological systems 
- Mandatory courses: systems biology, modelling biosystems, 
experimental design and data management 
- Periods 3 and 6: project I and project II 
- Periods 4 and 5: elective choices among omics, cardiovascular 
systems biology, or dynamical systems and non-linear dynamics, 
fundamental and systems neuroscience, modelling metabolism, or 
machine learning and multivariate statistics 
- Year 2, period 1: two elective courses from computational 
neuroscience, network biology, scientific programming, or 
commercialization and entrepreneurship 
- Periods 2–6: Master’s thesis 
 
https://curriculum.maastrichtuniversity.nl/education/master/systems-
biology 

- Omics 
- Cardiovascular 
Systems Biology 
- Dynamical 
Systems & Non-
Linear Systems 
- Fundamental & 
Systems 
Neuroscience 
- Modelling 
Metabolism 
- Machine 
Learning & 
Multivariate 
Statistics 

Ghent University (Ghent, Belgium) 

Bioinformatics 
(MSc) 

120 ECTS 
(2 years) 

- Common package (33 ECTS) of applied bioinformatics, including 
theoretical deepening and data analytical/problem-solving skills 
- Systems biology specialization module (28 ECTS) 
- Applied mathematics and informatics module (20 ECTS) 
- Optional courses (9 ECTS) 
 
https://studiekiezer.ugent.be/2023/master-of-science-in-bioinformatics-
systems-biology-en 

- Systems 
Biology 
- Bioscience 
Engineering 
- Engineering 

https://www.uni.lu/fstm-en/study-programs/master-in-molecular-and-computational-biomedicine/
https://www.uni.lu/fstm-en/study-programs/master-in-molecular-and-computational-biomedicine/
https://curriculum.maastrichtuniversity.nl/education/master/systems-biology
https://curriculum.maastrichtuniversity.nl/education/master/systems-biology
https://studiekiezer.ugent.be/2023/master-of-science-in-bioinformatics-systems-biology-en
https://studiekiezer.ugent.be/2023/master-of-science-in-bioinformatics-systems-biology-en
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Program 
name 
(degree) 

Credits 
(duration) 

Program structure Specialization 
tracks 

Université Paris-Saclay/Université d’Evry-Val-d’Essonne (Evry-Courcouronnes, France) 

Systems and 
Synthetic 
Biology (M2 
level) (MSc) 

60 ECTS (1 
year) 

- Five core compulsory modules 
- Five selection modules (among 11) 
- Six-month research internship 
 
https://www.mssb.fr 

- Systems 
Biology 
- Synthetic 
Biology 

Technical University of Denmark (Cophenhagen, Denmark) 

Bioinformatics 
and Systems 
Biology (MSc) 

120 ECTS 
(2 years) 

- Polytechnical foundation courses (5 ECTS) 
- Program specific courses (55 ECTS, of which five in innovation 
courses, ten in mandatory courses, 40 in chosen program-specific 
courses) 
 
https://www.dtu.dk/english/education/graduate/msc-
programmes/bioinformatics-and-systems-biology 

- Biomedical 
Bioinformatics 
- Infectious 
Disease Health 
Informatics 
- Bioinformatic 
Methods in Life 
Sciences 

Imperial College London (South Kensington, UK) 

Bioinformatics 
and Theoretical 
Systems 
Biology (MSc) 

90 ECTS or 
180 CATS 
(1 year) 

- Composed of two core modules: bioinformatics and theoretical systems 
biology, and mathematics and computing 
- Computing project reinforcing programming skills through group project 
over 11 weeks 
- Bioinformatics and systems biology project applying course skills in 
research environment over 22 weeks 
- Lectures, computing labs, practical classes, presentations and 
seminars, group work 
- 30% projects; 70% examinations and coursework 
- Coursework, written exams, dissertation, computer and mathematics 
assignments 
- Individual research project, presentations, group report, and oral exam 
 
https://www.imperial.ac.uk/study/courses/postgraduate-
taught/bioinformatics 

No 
specialization 
tracks 

Karolinska Institute (Stockholm, Sweden) 

Molecular 
Techniques in 
Life Science 
(MSc) 

120 ECTS 
(2 years) 

- First year advanced level courses in genetics and genomics, 
translational medicine, applied communication, and molecular life 
science methods, as well as the foundations of biostatistics, 
programming, bioinformatics, and comparative genomics 
- Second year mandatory courses in applied gene technology with 
bioinformatics analysis of large-scale data, and applied proteomics 
- The second half of the autumn semester offers three courses, of which 
the student should select two: systems biology, drug development, and a 
project course 
- During the spring semester, the individual degree project is performed 
 
https://education.ki.se/programme/5mt23-masters-programme-in-
molecular-techniques-in-life-science 

- Systems 
Biology 
- Drug 
Development 

https://www.mssb.fr/
https://www.dtu.dk/english/education/graduate/msc-programmes/bioinformatics-and-systems-biology
https://www.dtu.dk/english/education/graduate/msc-programmes/bioinformatics-and-systems-biology
https://www.imperial.ac.uk/study/courses/postgraduate-taught/bioinformatics/
https://www.imperial.ac.uk/study/courses/postgraduate-taught/bioinformatics/
https://education.ki.se/programme/5mt23-masters-programme-in-molecular-techniques-in-life-science
https://education.ki.se/programme/5mt23-masters-programme-in-molecular-techniques-in-life-science
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Program 
name 
(degree) 

Credits 
(duration) 

Program structure Specialization 
tracks 

University of Turku (Turku, Finland) 

Molecular 
Systems 
Biology (MSc) 

120 ECTS 
(2 years) 

- Common courses 
- Track-specific major subject studies 
- Selectable studies 
- Master’s thesis 
 
https://www.utu.fi/en/study-at-utu/masters-degree-programme-in-
biosciences-molecular-systems-biology 

- Molecular 
Systems Biology 
- Evolutionary 
Biology 

University of Ottawa (Ottawa, Canada) 

Biology (MSc) 60 ECTS (1 
year) 

- Multiple lecture and seminar available (63 in total) giving each 3 
units/credits 
- No clear structure requirement given 
- Possible course components: lecture, theory and laboratory, magistral 
courses, and seminars 
 
https://catalogue.uottawa.ca/en/graduate/master-science-biology-
specialization-bioinformatics 

- Bioinformatics 

George Washington University School of Medicine and Health Sciences – Graduate School of Columbian College of Arts and Sciences 
(Washington, DC, USA) 

Bioinformatics 
and Molecular 
Biochemistry 
(MSc) 

30 credits 
(1–2 years) 

- Thesis and non-thesis tracks 
- Eleven credits in required courses, 6 credits in required track, and 13 
credits of electives (non-thesis option) or 6 credits in thesis and 7 credits 
of electives (thesis option) 
- Schedule flexibility, with 1-year or 2-year program option 
- Hands-on experience in a myriad of laboratories and research 
initiatives 
- Diverse elective course pool to choose from 
 
https://bulletin.gwu.edu/arts-sciences/biochemistry-molecular-
medicine/ms-bioinformatics-molecular-biochemistry 

- Cancer Biology 
- Inflammation 
- Pathobiology 
- Computational 
Genomics 

University of Havana (Havana, Cuba) 

Biochemistry 
(MSc) 

60 credits 
(3 years, 
hybrid) 

- Basic mandatory courses: biomolecules, enzymology, immunology, 
biochemical method, metabolic biochemistry, research work 
- Research work evaluation: two research seminars in 4th and 5th 
semesters (8 credits each), pre-defence act before scientific council for 
thesis endorsement and writing (8 credits), remaining credits awarded 
upon thesis defence (8 credits) 
- Credit accumulation: minimum of 60 total credits required, maximum 24 
credits per course (18 mandatory, 6 optional), 32 credits for research 
work, minimum 4 credits for non-lecture activities 
 
https://serviciosacademicos.fundacion.uh.cu/slides/maestria-en-
bioquimica-91 

- Biochemistry 
and Systems 
Biology 
- Immunology 
- Biotechnology 
- Molecular 
Biology 

Table 6: Systems biology Master’s in Europe, North America, and Caribbean. Summary of the 

main characteristics in various European, north America, and Caribbean study lines that lead to a 

master’s degree linked to systems biology. See appendix A5 for a more detailed table. CATS: Credit 

Accumulation and Transfer Scheme; ECTS: European Credit Transfer and Accumulation System; 

M2: second year in the French Master’s program system; MSc: Master of Science 

https://www.utu.fi/en/study-at-utu/masters-degree-programme-in-biosciences-molecular-systems-biology
https://www.utu.fi/en/study-at-utu/masters-degree-programme-in-biosciences-molecular-systems-biology
https://catalogue.uottawa.ca/en/graduate/master-science-biology-specialization-bioinformatics/
https://catalogue.uottawa.ca/en/graduate/master-science-biology-specialization-bioinformatics/
https://bulletin.gwu.edu/arts-sciences/biochemistry-molecular-medicine/ms-bioinformatics-molecular-biochemistry/
https://bulletin.gwu.edu/arts-sciences/biochemistry-molecular-medicine/ms-bioinformatics-molecular-biochemistry/
https://serviciosacademicos.fundacion.uh.cu/slides/maestria-en-bioquimica-91
https://serviciosacademicos.fundacion.uh.cu/slides/maestria-en-bioquimica-91
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Students and alumni highlight strengths in training but gap in quantitative skills 

To complement the institutional overview, we gathered feedback from students enrolled in 

the University of Luxembourg’s Master’s in Integrated Systems Biology (MISB), now 

renamed to the Master’s in Molecular and Computational Biomedicine (MMCB), and the 

International Master’s in Biomedicine (IMBM). Both are two-year, 120 ECTS programs, 

sharing a common first semester of experimental and computational training including 

genomics, transcriptomics, proteomics, and R programming, alongside lectures in biology, 

biomedicine, and systems biology. The curriculum is organised into two-week thematic 

blocks, such as our project-based metabolic network modelling course [41], allowing 

intensive immersion in each topic and enabling laboratory practical training that require 

extended sessions. This structure also enables closer interaction with faculty and visiting 

researchers. 

IMBM students complete their second and third semesters at partner universities in 

Strasbourg (France) and Mainz (Germany) to deepen their clinical and biomedical training, 

while MISB/MMCB students remain in Luxembourg to focus on systems biology, omics, 

and molecular medicine. Programming instruction for biology-trained students is 

scaffolded: exercises start with familiar biological questions and datasets, gradually 

introducing statistical and scripting concepts. Peer-assisted learning, interactive coding 

platforms, and integrated workshops link coding directly with biological data interpretation. 

From 21 student questionnaires (Fig. 16), challenges reported were highly individual but 

often related to learning programming (particularly R) without a strong computational 

background, handling the inherent complexity of biological systems, and coping with the 

interdisciplinary scope. The abundance of available resources, combined with a dense first-

semester schedule, sometimes led to a stressful start, a concern addressed by offering 

certain courses as optional and introducing two lecture-free weeks. Students especially 

valued traditional in-person lectures, computational exercises, project-based learning, and 

early access to course material, whereas group work and pre-recorded lectures received 

more mixed feedback, often due to uneven prior knowledge within groups. 
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Figure 16: Reflections from active students in the University of Luxembourg’s Master’s tracks 

in Integrated Systems Biology and International Biomedicine. Questionnaires collected from 

students in early 2024 are summarized in this figure with questions listed in Supplementary Appendix 

A5. 

 

Further insight came from a networking event titled ‘Struggles in Bioinformatics Education’ 

and organised by the ISCB-SC RSG Luxembourg (https://www.uni.lu/life-en/social-

life/student-associations-clubs/rsg/). Topics ranged from UNIX navigation and 

programming languages (with Python favoured) to advanced concepts such as Singularity 

containers and R Markdown. Preferences leaned toward project-based learning but with 

concerns about workload and the scarcity of relevant programming courses at the 

Bachelor’s level. Students also noted a lack of master’s-level offerings in transferable skills 

like scientific practice, data visualisation in Python, and science communication. 

Alumni responses (Fig. 17) showed most graduates in academic research, with others in 

industry, teaching, or administration. Many secured employments before graduation or 

within a year. Systems biology and bioinformatics training were widely regarded as critical 

for career transitions, with alumni reporting frequent or occasional use of computational 
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methods. Skills applied in the workplace spanned multi-omics analysis, image and clinical 

data processing, metabolic and protein network modelling, dynamical pharmacokinetic 

modelling, machine learning, and statistics, using R, Python, or MATLAB. Interestingly, 

some alumni apply R programming in school teaching, indirectly introducing systems 

biology concepts to younger students and colleagues. Alumni also highlighted the value of 

a broad methodological introduction, while noting areas needing deeper coverage, 

particularly programming, statistics, mathematics, and machine learning. 

 

 

 

 

 

 

 

 

 

 

Figure 17: Reflections of alumni from the Master’s programmes in Integrated Systems 

Biology and Biomedicine at the University of Luxembourg. This survey was addressed to alumni 

and with the following questions (top left to bottom right) about their current field, the time it took to 

ensure their first job, the perceived importance of study courses for career, and the current use of 

systems biology/bioinformatics in their current occupation. 

 

Machine learning still underrepresented despite clear demand 

Across the programs surveyed, the formal integration of machine learning into systems 

biology curricula remains limited. Where present, machine learning content is often 

confined to optional modules, short workshops, or single lectures, rather than embedded 

in core course sequences. This is more common at the graduate level than at the 

undergraduate level, but even in master’s programs, sustained machine learning 

instruction is not universal. Several challenges were cited by educators, including the rapid 

pace of change in machine learning tools, a shortage of instructors with both biological and 
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computational expertise, and concerns about overloading students who are already 

adapting to interdisciplinary demands. 

Student and alumni feedback echoes these concerns, with many reporting that their first 

significant exposure to machine learning occurred in research projects rather than formal 

coursework. As a result, self-directed learning is common, which risks uneven skill 

development. Alumni working in fields where machine learning is applied, such as omics-

based classification, predictive modelling, and image analysis, emphasised the importance 

of earlier and more structured machine learning training. 

In this context, targeted, applied machine learning training within existing systems biology 

courses can serve as a practical entry point. Our in-house metabolic network modelling 

course [42] (see appendix A6, and 

https://github.com/sysbiolux/ISB705MetabolicNetworkModeling) illustrates such an 

approach, introducing machine learning concepts through biologically relevant tasks. 

Students use Python-based workflows to build network models, estimate parameters, and 

perform predictive analyses, thereby learning computational methods in a domain-specific 

context. By embedding machine learning in a problem-driven framework, students can 

appreciate its utility without the abstraction that often alienates those from purely biological 

backgrounds. 

The SV findings suggest that wider adoption of such integrated models could bridge current 

gaps. Rather than treating machine learning as an isolated computational discipline, 

positioning it as a natural extension of systems thinking may help foster the interdisciplinary 

fluency that modern research demands. This also aligns with alumni calls for deeper 

training in machine learning and related quantitative skills, reinforcing its relevance for both 

academic and industry careers. 

 

- From student feedback to future directions in systems biology 

education 

Student feedback, whether provided directly or by representatives, offered complementary 

perspectives on program strengths and weaknesses. More sensitive or critical points often 

emerged through representatives rather than direct SV, highlighting their role as 

intermediaries who can collect honest input without students fearing negative 

repercussions on grades or evaluations. This difference emphasises the value of having 

multiple feedback channels, including informal peer-mediated routes. 



Machine Learning-based Identification of Biomarkers in Clinical Cohort and Cancer Cell Line Data 
 
Synopsis: Chapter 3 – Machine learning integration in systems biology education 
 

67 

From the combined student and alumni insights, and our own teaching experience, several 

recurring themes can be identified. Systems biology master’s cohorts often bring together 

students from biology, biotechnology, pharmacy, engineering, and computer science 

backgrounds. This diversity enriches interdisciplinarity but also poses challenges in 

bringing all students to a shared baseline. Literature in systems biology education has long 

recognised this tension, stressing the need for depth in core topics alongside broad 

exposure to related fields [131]. Foundational bridging courses, such as math for biologists 

or molecular biology for engineers, could help address these gaps, although faculty 

expertise, teaching resources, and curriculum time are often limiting factors. Summer boot 

camps in mathematics, biology, or programming, already used in other interdisciplinary 

programs, could be a practical way to ensure standardised entry-level skills before formal 

coursework begins. 

Technical infrastructure is another consideration. While many analyses can be performed 

on standard laptops, access to high-performance computing, reliable IT support, and 

appropriate software remains important. Public repositories containing exercises and 

teaching materials, such as our publicly available GitHub resource for metabolic modelling 

(https://github.com/sysbiolux/ISB705MetabolicNetworkModeling), reduce barriers and 

encourage collaborative curriculum development across institutions. 

Our block-course format of two-week thematic modules allows deep immersion and close 

integration of theory and practice, but some students find the pace intense and prefer more 

time for review. As shown in the SV results (Fig. 16), programming, especially R, remains 

a common hurdle, amplified by the complexity of biological systems and the breadth of 

interdisciplinary skills required. Introducing lecture-free weeks and optional courses in the 

first semester has helped reduce the initial workload. Feedback from the ISCB-SC RSG 

Luxembourg networking event confirmed the value of project-based learning, while also 

pointing to persistent issues such as an overwhelming workload, limited prior exposure to 

programming at the bachelor’s level, and the need for transferable skills training, including 

data visualisation and science communication, earlier in the curriculum. These 

observations align with broader calls for active learning strategies [41,144] and avoiding 

superficial coding practices that rely on pre-filled scripts. 

True interdisciplinarity in systems biology requires more than adding biological examples 

to quantitative problems. Students benefit most when they generate their own data, analyse 

it computationally, and interpret the results within the context of current literature. The 

development of systems medicine illustrates how far this integration has progressed, with 

graduate-level programs at institutions such as the Institute for Systems Biology and 
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Georgetown University linking systems-level analysis directly to patient care. In Europe, 

governmental and EU-level funding has supported the development of interdisciplinary 

graduate schools and infrastructure, though the extent of support varies between countries. 

Assessment remains another area of challenge. Single final grades often fail to capture 

uneven progress across disciplines. A more constructive approach combines multiple 

formats, including rubrics that separately evaluate coding, mathematics, biological 

reasoning, and communication; peer evaluations; and portfolios documenting project work. 

Our programs now blend these with classical exams and quizzes to provide a fuller picture 

of student performance. 

Educational system differences between countries add complexity when considering 

standardisation. US undergraduates often receive broader, more flexible training, while 

European systems tend to specialise earlier. Nevertheless, a shared framework focused 

on key competencies and learning outcomes could offer consistency while allowing 

institutions to adapt content locally. 

While alumni report using a wide range of computational tools (Fig. 17), including machine 

learning, program analysis (Tab. 6) and course SV show that machine learning remains 

underrepresented in many systems biology curricula. This is despite its growing role in 

omics analysis, network modelling, and predictive biology. The gap partly reflects the pace 

of machine learning development and the difficulty of teaching coding and machine learning 

concepts simultaneously to students still building foundational programming skills. In our 

own teaching, we integrate approachable machine learning examples within familiar 

biological contexts, as in our metabolic network modelling course [42], where scaffolded 

exercises guide students from simple simulation problems to more complex applications. 

This approach helps demystify machine learning and illustrates its relevance to biological 

research. 

The seemingly exponential growth of AI-driven coding tools such as GitHub Copilot and 

ChatGPT adds another layer of complexity. These tools can speed up learning and 

debugging but risk fostering overreliance. Responsible integration will require guidelines, 

an emphasis on understanding outputs, and potentially dedicated modules on AI in 

computational biology. Alumni who have taken R coding into high-school classrooms show 

that early exposure to computational biology could smooth the later transition into advanced 

programs. 

Finally, bridging the gap between academia and industry remains an important 

consideration. Industrial environments often rely on proprietary tools and workflows, 
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requiring graduates to adapt quickly. Greater collaboration, for example through joint 

teaching modules, industry-led workshops, or co-supervised thesis projects, could help 

prepare students for this shift. 

Overall, the results from this chapter indicate that while systems biology education is 

already producing graduates who transition successfully into research and industry roles, 

challenges remain in balancing depth and breadth, integrating machine learning more fully, 

assessing interdisciplinary skills, and supporting student well-being alongside technical 

mastery. By refining curricula, expanding early computational exposure, and fostering a 

mindset of lifelong learning, programs can better prepare students for the evolving 

demands at the intersection of systems biology and machine learning. 
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Conclusions and perspectives 

 

Linking sex-specific pre-frailty, circadian oncology, and 

educational practice 

 

- Sex-specific profiling improves pre-frailty prediction and 

understanding 

Across BASE-II, frailty looked similar in prevalence for men and women, yet the 

composition of the frailty phenotype strongly differed. Four of the five Fried et al. items 

diverged by sex: reduced PA and slower GA were more common in men, whereas EX and 

lower GS were more common in women (Fig. 7C-D) despite similar overall scores (Fig. 

7A-B). These contrasts at the phenotype level were supported by the clear separation of 

sex in the underlying biomedical features (PCA in Fig. 7E), which suggested that a mixed-

sex model would likely blur such sex-specific signals. 

Sex-specific models trained on the complete feature space (men-ALL, women-ALL) 

outperformed the mixed-sex model, and, when we moved from the ALL-feature set to 

specific clinical subgroups, model performances further increased, most notably for men 

using physical measurements (men-PM), and for women using body fluid markers (women-

BF) (Fig. 8A-B). As such, model performance reflected the differing contexts of physical 

pre-frailty men and women. In men, lean mass and skeletal health features (e.g., ALM-BMI 

ratio, trunk fat, BMD/BMC) dominated (Fig. 8D; Tab. 5A), which is consistent with a body 

composition driven profile of physical frailty development. In women, the best signal came 

from physiological and biochemical anomalies (e.g., vitamin D deficiency, eosinophils and 

monocytes, insulin and glucose, oestradiol) (Fig. 8D; Tab. 5B) [13,15,20–22,74–83]. 

Individually, these markers were not uniformly strong, and we resisted over-interpreting 

single coefficients. Rather, combinations of a few top features produced much clearer 

separation (MANOVA; 1 − Wilks’ lambda rises with added features; Fig. 10A-B), which 

aligns with the accumulation of deficits views of frailty [48,84]. 

There were several limitations to this study, for example the cross-sectional design of the 

available BASE-II cohort data. Moreover, low numbers in the frail class forced us to 

combine pre-frail and frail as one group, given that imputation plus imbalance handling, 

although carefully done (F-β-2 emphasis, resampling, CV), can still skew performance. 
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However, as the merged category is dominated by pre-frail participants, the present results 

reflect biomarkers of pre-frailty, not frailty. Pre-frail and frail are distinct clinical stages, and 

future studies with larger frail cohorts will be required to extend these findings to fully 

developed frailty. We also acknowledge a feature source mismatch (Fried et al. outcome 

vs many Rockwood-aligned predictors), which could bias feature ranking. Still, several 

post-hoc analysis showed that the models are on the right track. First, sensitivity rose with 

the severity of the frailty phenotype when predictions were stratified into the initial non-frail, 

pre-frail, and frail (Fig. 9). Second, we validated that feature effects aggregated 

meaningfully, rather than hinging on single variables (Fig. 10). Third, we recorded 

convergence in a few consistent hallmark features across settings (e.g., heart insufficiency 

in both sexes [79,80]), which further adds validity. Methodologically, the pipeline choices 

(resampling before transformation, linear SVM for interpretability, χ² and variance filtering, 

and cross-validated permutation importance) are defensible for clinical cohort biomarker 

discovery (Fig. 1). 

Taken together, this chapter’s dissertation is simple but consequential. Sex-specific 

modelling captures distinct physiological pathways to frailty that blurred the mixed-sex 

model performances. Practically, men may benefit from earlier screening for sarcopenia, 

lean-mass loss, and bone health, and women from screening for vitamin D deficiency, 

immune dysregulation, and metabolic or hormonal anomalies. These aren’t prescriptions 

so much as pointers. The signal appears real, but prospective validation and harmonised 

longitudinal designs are needed to see which feature sets truly anticipate the transition from 

the pre-frail to the frail state [13,15,20–22,48,74–84]. 

 

- Circadian phenotyping exposes functional diversity in breast 

cancer models 

The second chapter focuses on whether circadian biology is present and structured enough 

in cancer cell models to assess therapy sensitivity. Contrary to the common assumption 

that advanced tumours lack coherent oscillators, we observed a spectrum of clock 

phenotypes across non-malignant, luminal, and TNBC lines. Using multiresolution analysis 

(MRA) and auto-correlation (AC) metrics including BMAL1-PER2 phase relationships, PCA 

retained >75% of variance in 3 components, and k-means (k = 4 by elbow; silhouette score 

0.45) separated models into functional, unstable, weak, and dysfunctional phenotypes (Fig. 

14). These circadian phenotypes did not recapitulate molecular subtypes one-to-one, 

instead, they appeared to cut across them, with distinct amplitude, stability patterns and 
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mutation burdens (cell lines with unstable and weak circadian strength showed higher 

mutation burdens in core clock and clock related genes, while dysfunctional had fewer 

mutations, hinting at non-genetic factors) [96,103,104,111–113]. 

From there, we linked clock features to TOD response. Two complementary ideas helped, 

namely the collaborator-introduced chronotherapeutic index (how much a drug’s efficacy 

varies by dosing time) and our chronosensitivity index (how well circadian state parameters 

or gene expression classifies high vs low drug sensitivity), both embedded in a high-

throughput deep phenotyping and data-integration pipeline (Figs. 3-5). DDR agents, such 

as cisplatin, tended to associate with rhythmicity and amplitude metrics such as stronger 

clocks, but also stronger cytotoxicity (Fig. 15A), which is in line with clock control of DNA 

repair and cell cycle [95,98,99,107]. However, paclitaxel for example looked different. 

Gene-level signals (e.g., PER3, DBP) showed the clearest associations with TOD maximal 

response (Fig. 13B-D), consistent with clock-mitosis coupling [96,106]. For a subset 

(Torin2, adavosertib, cisplatin), LOOCV was perfect (Fig. 13G). For others (alisertib, 5-FU), 

it was not, which underlines context-dependence and suggests a natural ceiling on static 

predictors. And yet, the index did what we needed. It revealed drug-model pairs where 

circadian features are likely to matter, and it offered a compact way to compare separation 

strength across drugs and feature types (circadian parameters vs gene expression), with 

some divergences (e.g., topotecan’s poor parameter-based separation improved with gene 

expression) (Figs. 12-15) [97,108,114–117]. 

Control analyses confirmed that the pre-processing of drug sensitivity values did not 

introduce artifacts (Fig. 13F). We also noted biological factors that our pipeline did not yet 

capture, for example drug-induced clock changes that may alter next-cycle efficacy [121], 

ultradian (~12 h) components detectable in oscillations that could interact with dosing 

patterns [122], and missing host-level coupling (hormonal and immune effects) that in vivo 

can reshape both clock state and drug response [123]. Those gaps are both opportunities 

and limitations. They invite for richer experimental designs (pre- and post-drug time series 

at single-cell resolution), and for translational layers such as chrono-toxicities in healthy 

tissue vs therapeutic windows in tumours by co-phenotyping malignant and non-malignant 

contexts. Methodologically, the framework is extensible (we have already ported it to NB in 

follow-up analyses), and the results are very insightful. As the circadian profiling gives an 

orthogonal axis to stratify models beyond classical markers, the two chrono-based indices 

offer a practical means for comparing how much timing matters across settings [88–92,95–

99,103–109,111–117,121–123]. 
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- Evolving systems biology education to integrate machine learning 

meaningfully 

The third chapter treated education as a systems problem. Diverse cohorts, uneven 

baselines, compressed timelines, and curricula must keep pace with fast-moving methods. 

Student and alumni feedback converged on a predictable set of obstacles, for example 

programming (especially R and python) as a bottleneck early on, block formats that some 

find intense, and assessment that doesn’t always reflect the uneven progress across 

domains. Several remedies appear to help, such as preparatory bridging (for example boot 

camps before the first term), and publicly available repositories for exercises and projects. 

Other institutions already partially implemented project-based modules where students 

generate data and then analyse and interpret it, and multi-component assessment that 

separates coding, math, biological reasoning, and communication (rather than a single 

catch-all grade). These are consistent with broader calls for active learning and educational 

research [41,141–144]. 

In the context of machine learning for example, it is present in many programs but remains 

underrepresented relative to its impact in omics, network modelling, and predictive biology, 

often because it is introduced before students are comfortable with the programming 

substrate (Tab. 6). A pragmatic path we tested is to embed approachable machine learning 

use-cases in courses students already take (e.g., metabolic network modelling), moving 

from transparent baselines to slightly more complex models and algorithms while insisting 

on explanation and uncertainty. The alumni reports further suggest graduates can adapt to 

diverse academic and industry toolchains, but the slope is gentler when exposure to 

machine learning comes early and is threaded through real biological problems. This 

chapter’s point is not a grand theory, rather it’s a handful of concrete patterns that, when 

implemented, appear to make the next generation of systems biology students’ climb a bit 

less steep [40–42,130–144]. 

 

From signals to stratification: next steps in cohorts, cell models, 

and classrooms 

 

Building on the BASE-II findings presented in chapter 1, the immediate next step is to move 

from cross-sectional signal to longitudinal prediction and external validation. We have 

already re-designed the pipeline for the Luxembourg PD cohort (NCER-PD) with CV-aware 
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feature pooling (univariate, wrapper, embedded) and exhaustive subset selection before 

final validation (Fig. 2). This setup reduces selection bias and information leakage, and lets 

us ask a sharper question: which combinations of 2 to 10 features (different by sex, and 

potentially by PD status) consistently anticipate transition to pre-frail or frail? Alongside 

blood and clinical markers, we will add GA and wearable-derived mobility features that may 

complement biochemical and hormonal markers, especially in women where metabolic 

features were dominant and in men more affected by postural instability or GA impairment 

[34,85–87,145,146]. 

For chapter 2, two priorities emerge. First, extend circadian phenotyping into designs that 

can separate cell-intrinsic clock effects from drug-induced clock resetting. That means time-

series before and after dosing, ideally at single-cell resolution, using methods that quantify 

both oscillation quality and growth behaviour [121–123]. Second, bridge the in vitro-

translation gap with patient-level timing data. There is now accumulating evidence that TOD 

can shape outcomes for certain therapies, including immune checkpoint inhibitors (ICI), 

where better survival rate was observed when the first ICI dose was given in the early 

morning [147,148]. Reviews also point to plausible mechanisms and emerging clinical 

signals for chrono-immunotherapy [149,150]. These new references should be read 

alongside the classic chrono-chemotherapy literature [110,114–117] and our own TOD and 

chronosensitivity results, because they collectively argue for a pragmatic translational path 

based on quantifying a tumour’s circadian state (parameters and gene expression), a 

person’s circadian phase (wearables), and then test timing windows for agents that our 

index already identified as likely time-sensitive. 

A second translational opportunity sits in paediatric oncology. Our NB follow-up (see 

appendix A4) uses the same 16-gene clock gene panel plus NB-specific genes to classify 

drug sensitivity and assess chronosensitivity in a biologically different system. There are 

also disease-specific mechanistic hints worth exploring, for example, genomic changes that 

use circadian mechanisms to drive oncogenesis or metastasis. A recent study for example 

showed that chromosomal breakage during telomere crisis can be temporally gated by the 

circadian clock [151–153]. While not NB-specific, it illustrates the kind of clock-genome 

interactions that might explain why certain DDR agents become time-dependent in 

particular paediatric tumours. The near-term deliverable, though, is straightforward: 

replicate the two indices (chronotherapeutic and chronosensitivity) in NB cell lines and 

patient-derived models, quantify when parameter- vs gene-based classification diverges, 

and pre-register a small, timing-aware experimental setup for one agent in an appropriate 

setting. This could for example include timing the delivery of irinotecan (a topoisomerase I 
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inhibitor with known chronotherapeutic effects) under controlled light-dark cycles in NB 

organoids that are amplified in the oncogene MYCN. 

The curriculum thread exposed in chapter 3 now ties back into the science. The same 

pipelines we use for BASE-II/NCER-PD and circadian drug screens are teachable, such as 

CV-aware preprocessing, transparent linear models first, feature importance techniques, 

and tight coupling to domain questions. Three concrete steps feel worth institutionalising: 

(i) introduce bridge-weeks with structured programming and math refreshers; (ii) a required 

first-term module that embeds machine learning inside a biological modelling course (e.g., 

constraint-based or ordinary differential equation models) so that coding and inference are 

applied immediately; and (iii) multi-component grade assessment that separately score 

code, inference, biological interpretation, and communication. These steps are modest, 

affordable, and in line with calls for active and research-driven learning [41,141–144]. 

Two kinds of uncertainty will remain even after the proposed follow-ups. First, cohort-level 

machine learning risks entangling biology with measurement practice. Some sex 

differences almost certainly reflect tooling and questionnaire bias, e.g., self-reported EX vs 

instrumented gait, the PD study is our chance to triangulate with sensors and harmonised 

labels. Second, circadian-timing signals will vary by mechanism, half-life, and schedule. 

Our indices help prioritise but do not replace mechanistic work, and any clinical use must 

be sensitive to practicalities (nurse shift patterns, infusion logistics) and equity (who can 

realistically wear devices, how phase is inferred, etc.). Encouragingly, these constraints are 

tractable design problems rather than blockers. 

If, two years from now, we can show that (i) small, interpretable feature sets stratify sex-

specific frailty risk in NCER-PD and generalise out-of-sample; (ii) chronosensitivity and 

circadian-based subtyping in NB replicates and points to one or two timing-aware and 

mechanism-consistent drug hypotheses; (iii) and that the implementation of a first-term 

‘machine learning inside biology’ module measurably reduces the programming bottleneck 

reported by current students, then this dissertation won’t just have argued for the integration 

of biology and machine learning, it will have operationalised it. 
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h Berlin Institute of Health at Charité – Universitätsmedizin Berlin, BCRT-Berlin Institute of Health Center for Regenerative Therapies, Berlin, Germany

A R T I C L E  I N F O

Keywords:
Ageing
Frailty
Classification
Prognostic biomarkers
Machine-learning
BASE-II

A B S T R A C T

Frailty is a geriatric condition with multidimensional consequences that strongly affect older adults’ quality of 
life. The lack of a universal standard to describe, diagnose, and treat frailty further complicates this situation. 
Nowadays, multitudinous frailty assessment tools are applied depending on the regional and clinical context, 
adding complexity by increasing heterogeneity in the definition and characterization of frailty. Better insights 
into the causes and pathophysiology of frailty and its early stages are required to establish strong and accurately 
tailored treatment rationales for frail patients. We analysed participants aged 60 and above using cross-sectional 
biochemical and survey data from the Berlin Aging Study II (BASE-II, N = 1512, pre-frail=470, frail=14), 
applying machine-learning techniques to investigate determinants of physical frailty measured by Fried et al.’s 5- 
item frailty phenotype. Our findings highlight new prognostic sex-specific biomarkers of pre-frailty (the early 
stage of frailty) with possible clinical applications, enriching the current sex-agnostic diagnostic scores with easy 
monitorable physical and physiological characteristics. Low appendicular lean mass and high fat composition in 
men, or vitamin D deficiency and high white blood cell counts in women, emerged as strong indicators of the 
respective pre-frailty profiles. Because the number of fully frail individuals was extremely small (n = 14, <1 %), 
our findings should be interpreted as reflecting predictors of pre-frailty, not of frailty itself. We conclude that 
understanding the development of frailty remains a complex challenge, and that sex-specific differences must be 
considered by clinical geriatricians and researchers.

Abbreviations: BASE-II, Berlin Aging Study II; BMI, body mass index; WHR, waist-to-hip ratio; ALM, appendicular lean mass; EX, exhaustion; GA, gait; GS, grip 
strength; PA, physical activity; WL, weight loss; PCA, principal component analysis; RUS, random under-sampling; SVM, support vector machine; ROC, receiver 
operating characteristics; CV, cross-validation; CI, confidence interval; PM, physical measurements; BF, body fluids; CG, cognition; SMOTE, synthetic minority over- 
sampling technique; LDA, linear discriminant analysis; BMD, bone mineral density; BMC, bone mineral content; HDL, high-density lipoprotein; MANOVA, multi
variate analysis of variance; BCD, between-cluster distance; WCD, within-cluster distance; IM, individual medications; ID, individual devices; GM, grouped medi
cations; SV, surveys; CH, chronic morbidity; GD, grouped devices; HPC, high-performance computing; DOR, diagnostics odds ratio; TP, true positive; TN, true 
negative; PR, precision-recall; FPR, false positive rate.
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1. Introduction

Frailty is a geriatric medical condition highly associated with age 
and age-related disorders (Lally and Crome, 2007; Clegg et al., 2013; 
Fulop et al., 2010; Rockwood et al., 1994; Abizanda et al., 2016). It is 
characterised by an increased vulnerability to health issues such as 
chronic or inflammatory diseases (Fulop et al., 2010; Holliday, 1995; 
Fedarko, 2011) and consequently leading to substantially higher insti
tutionalisation rate. Two systematic reviews of 21 studies with 61,500 
community-dwelling individuals (Collard et al., 2012), and 46 obser
vational studies with 100,313 participants (Ofori-Asenso et al., 2019) 
aged 65 or older, found weighted frailty prevalences of 10.7 % and 
13.6 %, respectively, and frail individuals survived a median of 3 years. 
Frailty impacts over 10 million Europeans and 75 million individuals 
worldwide, severely deteriorating their quality of life. The European 
Commission and the United Nations forecasted a sharp rise of the 
number of older people and the percentage share of the population 
(From 90.5 (20.3 %) to 129.8 (29.4 %) million and from 727 (9.3 %) 
million to 1.5 (16.0 %) billion people, respectively) in 2050, posing a 
severe burden on public health care systems if the underlying causes of 
frailty development are improperly acted upon (Abreu et al., 2019).

Since the 1990s, several attempts have sought to establish the 

concept of the frailty phenotype and its pathophysiological features, but 
did not reach consensus in the medical community (Morley et al., 2013), 
instead resulting in various theories describing the condition as a 
stand-alone phenotype (Clegg et al., 2013; Rockwood et al., 1994; Fried 
et al., 2001), a medical syndrome (Chen et al., 2014; Xue, 2011), or the 
consequence of deficit accumulations over the lifetime (Rockwood and 
Mitnitski, 2007). The multifaceted and diverse nature of the putative 
underlying causes contributing to frailty has led most studies to focus on 
risk factors and on categorization strategies based on distinct manifes
tations, comprising physical (Fried et al., 2021; Liu et al., 2017), 
cognitive aspects (Idris and Badruddin, 2021; Panza et al., 2015), 
affected organs or systems (Fried et al., 2021; Di Sabatino et al., 2018; 
Wang et al., 2019; Dibello et al., 2021; Buchmann et al., 2019; Laur 
et al., 2017; Vaz Fragoso et al., 2012), including but not limited to the 
liver, gut, oral cavity, metabolism, renal and respiratory systems.

The various suggested subtypes of frailty all share the same fate of 
irregular and disproportionate decline in physiological reserve 
compared to healthy ageing (see Fig. 1, inspired from Patel et al (Patel 
et al., 2017).), preceded by risk factors such as age, disabilities, 
co-morbidities, inflammation, falls, poor physical activity, metabolic or 
cardiovascular disorders, amongst others (see references (Fulop et al., 
2010; Abreu et al., 2019; Buchmann et al., 2019; Vaz Fragoso et al., 

Fig. 1. Healthy ageing versus frailty development. Healthy ageing (blue) and frailty development (orange and red) in terms of physiological reserve; showing the 
hallmark consequences of the three phases that compose frailty development (robust ageing, pre-frail, and fully developed frailty); and including word cloud with the 
most prominent frailty risk factors scaled by the appearance in literature. The figure was inspired and adapted from Patel et al. (Patel et al., 2017).
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2012; Espinoza et al., 2018; Puts et al., 2005; Spira et al., 2015; Fhon 
et al., 2018), and the word cloud in Fig. 1). However, measurement of 
physiological reserve is often limited to physical characteristics such as 
grip strength, various parameters of the limbs or other body parts, and 
cardiovascular or cardiopulmonary exercise (Linn et al., 2021; 
O’Caoimh et al., 2021), neglecting physiological aspects such as age- or 
muscle-related molecular blood biomarker profiles. Hence, all frailty 
studies exhibit different strengths and weaknesses, according to a 2021 
review by Howlett et al (Howlett et al., 2021).. Thus, in practice, the 
therapies and treatments used to care for frail patients target the 
symptoms and aim to alleviate the impact on quality of life rather than 
addressing the underlying causes of frailty (Lally and Crome, 2007). 
Furthermore, frailty-associated phenotypes including vitamin D defi
ciency (Shardell et al., 2009; Zhou et al., 2016; Spira et al., 2019; Murad 
et al., 2011), polypharmacy (Gutiérrez-Valencia et al., 2018; Nwa
diugwu, 2020), comorbidities (Espinoza et al., 2018; Tenison and 
Henderson, 2020), sarcopenia (Patel et al., 2017; Spira et al., 2015), 
diabetes (Strain et al., 2021), and chronic inflammation (Puts et al., 
2005), among others, that are often linked to detrimental effects on the 
physiological reserve and the individual’s ability to recover from insults, 
are rarely considered by the existing frailty assessment instruments. In 
this study, we focus on a dataset of older people aged 60 years and above 
from the observational Berlin Aging Study II (BASE-II) (Bertram et al., 
2014). Frailty in BASE-II was defined according to Fried et al.’s 5-item 
frailty phenotype (Fried et al., 2001) (Tab. S1) and shown to be asso
ciated with low lean mass, physical performance, sex-specific vitamin D 
deficiency, metabolic syndrome, use of potentially inappropriate 
medication, and mortality (Buchmann et al., 2019; Spira et al., 2015, 
2019; Toepfer et al., 2021; Koenig et al., 2024). Here, we applied 
machine-learning approaches to identify prognostic biomedical and 
clinical markers that can best reflect Fried et al.’s frailty phenotype in 
BASE-II.

Previous studies have harnessed the power of machine-learning al
gorithms to identify biomarkers and risk factors of frailty development 
in older people. Gomez-Cabrero et al. identified protective biomarkers as 
well as a risk factor for frailty in a nested case-control study in four 
European ageing cohorts (Gomez-Cabrero et al., 2021). The protective 
factors included, among others, vitamin D and lutein zeaxanthin 
(carotenoid, and precursor of vitamin A). Troponin T, a protein in the 
heart muscle which is responsible for binding calcium was found to be 
main risk factor. Park et al. investigated the least number of digital 
biomarkers of frailty measurable with sensors during daily activities 
(Park et al., 2021). Akbari et al. demonstrated that machine-learning 
modelling can quantify the risk of frailty in older people based on 
real-time skeletal movements using the Microsoft Kinect-Based Skeleton 
Pose, where participants performed different physical exercises 
(sit-and-stand, arm curls, …) in front of a Kinect sensor (Akbari et al., 
2021). In 2023, Da Cunha Leme et al. applied machine-learning on the 
English Longitudinal Study of Aging to identify the best predictors of 
frailty in middle-aged and older adults based on features such as age, 
balance, household wealth, alcohol intake, and depression (Leme et al., 
2023).

In this study, we exploited the rich biomedical and clinical infor
mation available in BASE-II to narrow down the most important prog
nostic biomarkers associated with pre-frailty, thereby validating and 
supplementing the existing body of knowledge with new insights. Our 
analyses focused primarily on pre-frail individuals (the initial stage on a 
trajectory that may eventually lead to fully developed frailty), while 
recognizing that pre-frail and frail represent two distinct clinical stages. 
With the impending surge in the older population, added to the per
sisting lack of a gold standard and consensus on frailty, we examined 
biomedical and clinical parameters ranging from blood-based bio
markers to disease status and functionality. This approach acknowledges 
the development of frailty as a systemic condition that manifests across 
domains, necessitating diverse input variables to identify robust and 
clinically relevant biomarkers. In addition, this study explored factors 

relevant to sex-specific pre-frailty trajectories, an under-investigated 
subject as sex-based biological differences, including hormonal regula
tion, inflammatory responses, and body composition, may influence 
frailty development and manifestation. As such, acknowledging sex- 
specific patterns of pre-frailty patterns could improve risk stratifica
tion, early detection, and the development of more effective, personal
ized interventions.

2. Results

The analyses presented here focus on pre-frail participants, that is, 
individuals at the initial stage of a trajectory that may eventually lead to 
fully developed frailty. Throughout the text and figures, the label ‘pre- 
frail/frail’ refers overwhelmingly to pre-frail participants (n = 470), 
with only a very small subset of frail participants (n = 14, <1 %). 
Consequently, all findings should be interpreted as reflecting predictors 
of pre-frailty, no conclusions can be drawn about fully developed frailty 
from this data.

2.1. Descriptive and inferential analysis

2.1.1. Sex-specific differences in the BASE-II description of general frailty- 
related phenotypes

The BASE-II cohort description of frailty-related phenotypes such as 
sex, age, body mass index (BMI), waist-to-hip ratio (WHR), appendicular 
lean mass (ALM), sarcopenia, morbidity index, and polypharmacy 
revealed interesting differences between non-frail and pre-frail/frail 
participants when compared across sex (Table 1). Sex itself was not 
significant in the mixed-sex group (p-value = 5.23e-01), but sharp 
contrasts emerged, for example: 

- WHR (significant in men only, p-value = 9.48e-03)
- ALM (significant in men and mixed-sex, p-values = 3.04e-03 and 

2.84e-02, respectively)
- Morbidity index (significant in women and mixed-sex, p-values =

1.43e-04 and 1.72e-04, respectively)
- Polypharmacy (significant in women and mixed-sex, p-values =

1.43e-03 and 3.39e-04, respectively)

Detailed visualizations of the differences in general frailty-related 
characteristics and their corresponding distributions are depicted in 
the supplementary section (see Fig. S1 and Fig. S2 for frailty-related 
features based on data type). As expected, BMI-adjusted ALM, height, 
ALM, and WHR showed clear sex differences, with men having higher 
values.

2.1.2. Sex-specificity within Fried et al.’s Frailty phenotype items
Sex-specificity was further investigated across Fried et al.’s Frailty 

Score, frailty phenotype, as well as the five underlying variables of 
exhaustion (EX), gait (GA), grip strength (GS), physical activity (PA), 
and weight loss (WL) (Table 2). No statistical significance could be 
observed in both the Frailty Score (p-value = 7.03e-01) and the frailty 
phenotype (p-value = 5.23e-01), but significant differences manifested 
within four of the five Fried et al.’s Frailty items, except WL (p-value =
5.61e-01). While reported EX (p-value = 2.94e-03) and weak GS (p- 
value = 5.77e-04) were more frequent in frail women, GA impairment 
(p-value = 1.34e-02) and lack of PA (p-value = 3.88e-02) were more 
frequent in frail men. The clinical variable of GS in particular shows the 
largest difference between the two sexes, with a corrected Cramér’s V 
coefficient of 0.09 (small correlation considering one degree of 
freedom), and the lowest p-value of 5.77e-04. These observations sug
gest that Fried et al.’s frailty phenotype manifests differently in men and 
women, showing that sex-specific interpretation is strongly recom
mended in the BASE-II frailty analysis.
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2.1.3. Sex differences within the BASE-II frailty profiles
Both sexes were balanced in the non-frail and the pre-frail/frail 

group, with approximately twice as many non-frail participants 
(Fig. 2a). Most participants (97.1 %) were affected by one or two of the 
five Fried et al. frailty items, and only 14 participants (3.9 %) affected by 
three or more items (Fig. 2b). The distribution of the different pheno
types showed that GA and PA were predominantly impaired in men, 
while EX and GS were predominantly impaired in women (Fig. 2c). Only 
WL was observed to be balanced, although with the overall lowest count 
(37 total cases of WL compared to the 115, 133, 137, and 168 cases of 
GS, PA, EX, and GA, respectively). While most participants (81.2 %) 
were affected by one single frailty item (Fig. 2d), the intersections 
revealed that more men are suffering from single GA or PA impairment 
and combinations thereof, and that single EX or GS affection and com
binations thereof are more often observed in women. Although these sex 
differences in the BASE-II frailty profiles show solid evidence for 
considering sex-specific modelling of frailty in this cohort, we further 
analysed the available biomedical data for similar signs using dimen
sionality reduction. In Fig. 2e, Principal component analysis (PCA) of 
the continuous data is resulting in two clusters separating both sexes, 

showing that these differences not only reside within Fried et al.’s 5-item 
frailty phenotype, but are also noticeable across the large panel of 
biomedical information of BASE-II. Furthermore, since frailty is highly 
associated with age and age-related disorders, we analysed the age 
differences in non-frail and pre-frail/frail sexes (Fig. 2f), showing a 
lower average age in non-frail than pre-frail/frail participants, and 
specifically lower in women (non-frail men 68.68 ± 3.46 years, pre- 
frail/frail men 69.76 ± 4.33 years (p-value = 8.62e-04); non-frail 
women 68.25 ± 3.41 years, pre-frail/frail women 68.89 ± 3.96 years 
(p-value = 2.77e-02)).

2.2. Pre-frailty biomarker analysis in BASE-II

2.2.1. Complete data-driven model architecture and performances
Using all the available biomedical information as input (indicated by 

the affix ALL), pre-processing reduced the number of input features to 
257 (mixed), 167 (men), and 33 (women) features (see Section 4.4.3 for 
more details about the low number of input features for the women 
model, and the summary of feature correlation analysis in Fig. S3a). 
Among the possible combinations of pipeline architecture and machine- 

Table 1 
BASE-II cohort characteristics. Context-specific BASE-II cohort characteristics in relation to the frailty phenotype, with the first triplet of columns displaying mixed-sex 
participants, second men, and third women. P-values obtained with the Cramér’s V correlation algorithm corrected for binary and discrete data types. Continuous 
features underwent Welch’s unequal variance T-test after assessing the equality of variances between the non-frail and pre-frail/frail group with the Levene’s test. SD 
standard deviation, BMI body mass index, ALM appendicular lean mass, WHR waist-hip ratio, IQR inter quartile range, ns non-significant, 0.01 < * < 0.05, 0.001 < ** 
< 0.01, 0.0001 < *** < 0.001, 0.00001 < **** < 0.0001.

Cohort 
characteristics

Non-frail 
mixed 
(N = 1028, 
67.99 %)

Pre-frail / 
frail mixed 
(N = 484, 
32.01 %)

P-value Non-frail 
men 
(N = 513, 
33.93 %)

Pre-frail / 
frail men 
(N = 233, 
15.41 %)

P-value Non-frail 
women 
(N = 515, 
34.06 %)

Pre-frail / frail 
women 
(N = 251, 
16.60 %)

P-value

Sex 
men N (%) 
women N (%)

513 (33.93 %) 
515 (34.06 %)

233 (15.41 %) 
251 (16.60 %)

5.23e− 01 
(ns)

/ / / / / /

Age (years) 
mean ± SD 
[min, max]

68.46 ± 3.44 
[60.16, 83.25]

69.31 ± 4.16 
[60.74, 84.63]

1.05e− 04 
(***)

68.68 ± 3.46 
[60.16, 
78.12]

69.76 ± 4.33 
[60.74, 
82.79]

8.62e− 04 
(***)

68.25 ± 3.41 
[61.29, 
83.25]

68.89 ± 3.96 
[61.46, 84.63]

2.77e− 02 
(*)

BMI (kg/m²) 26.37 ± 3.79 
[17.03, 44.24]

27.73 ± 4.72 
[17.94, 47.68]

4.73e− 08 
(****)

26.93 ± 3.45 
[19.13, 
44.24]

27.97 ± 3.77 
[19.97, 
42.61]

2.13e− 04 
(***)

25.82 ± 4.03 
[17.03, 40.4]

27.50 ± 5.45 
[17.94, 47.68]

1.99e− 05 
(****)

Waist/Hip ratio 0.96 ± 0.08 
[0.57, 1.44]

0.96 ± 0.08 
[0.74, 1.21]

3.35e− 01 
(ns)

1.01 ± 0.05 
[0.81, 1.25]

1.02 ± 0.05 
[0.88, 1.17]

9.36e− 03 
(**)

0.90 ± 0.07 
[0.57, 1.44]

0.91 ± 0.06 
[0.74, 1.21]

6.88e− 01 
(ns)

Height (cm) 169.74 ± 8.81 
[146.0, 194.8]

167.84 ± 8.94 
[144.0, 191.0]

1.07e− 04 
(***)

176.09 
± 6.17 
[160.0, 
194.8]

174.53 
± 6.21 
[156.3, 
191.0]

1.46e− 03 
(**)

163.41 
± 6.06 
[146.0, 
182.5]

161.63 ± 6.18 
[144.0, 176.0]

1.68e− 04 
(***)

ALM (kg) 21.38 ± 4.95 
[9.28, 35.1]

20.80 ± 4.77 
[11.97, 35.82]

3.05e− 02 
(*)

25.49 ± 3.06 
[18.91, 35.1]

24.75 ± 3.17 
[17.42, 
35.82]

2.62e− 03 
(**)

17.29 ± 2.46 
[9.28, 25.31]

17.13 ± 2.56 
[11.97, 26.18]

3.99e− 01 
(ns)

ALM/BMI ratio 0.82 ± 0.18 
[0.42, 1.47]

0.76 ± 0.17 
[0.38, 1.31]

1.54e− 08 
(****)

0.96 ± 0.13 
[0.63, 1.47]

0.89 ± 0.11 
[0.59, 1.31]

3.65e− 10 
(****)

0.68 ± 0.10 
[0.42, 1.03]

0.64 ± 0.11 
[0.38, 0.93]

3.19e− 07 
(****)

Heart 
insufficiency 
unaffected 
affected 
median (IQR)

863 
165 
0 (0.0, 0.0)

350 
134 
0 (0.0, 1.0)

1.16e− 07 
(****)

451 
62 
0 (0.0, 0.0)

185 
48 
0 (0.0, 0.0)

2.37e− 03 
(**)

412 
103 
0 (0.0, 0.0)

165 
86 
0 (0.0, 1.0)

1.73e− 05 
(****)

Vitamin D 
deficiency

537 
491 
0 (0.0, 1.0)

194 
290 
1 (0.0, 1.0)

1.02e− 05 
(****)

270 
243 
0 (0.0, 1.0)

97 
136 
1 (0.0, 1.0)

5.35e− 03 
(**)

267 
248 
0 (0.0, 1.0)

97 
154 
1 (0.0, 1.0)

5.96e− 04 
(***)

Sarcopenia 968 
60 
0 (0.0, 0.0)

416 
68 
0 (0.0, 0.0)

8.69e− 08 
(****)

468 
45 
0 (0.0, 0.0)

200 
33 
0 (0.0, 0.0)

2.57e− 02 
(*)

500 
15 
0 (0.0, 0.0)

216 
35 
0 (0.0, 0.0)

6.57e− 09 
(****)

Morbidity Index 
unaffected 
only one 
two - four 
five or more 
median (IQR)

427 
295 
294 
12 
1 (0.0, 2.0)

168 
128 
168 
20 
1 (0.0, 2.0)

1.72e− 04 
(***)

205 
133 
169 
6 
1 (0.0, 2.0)

82 
62 
82 
7 
1 (0.0, 2.0)

2.11e− 01 
(ns)

222 
162 
125 
6 
1 (0.0, 2.0)

86 
66 
86 
13 
1 (0.0, 2.0)

1.98e− 04 
(***)

Polypharmacy 203 
157 
460 
208 
2 (1.0, 4.0)

64 
56 
230 
134 
3 (2.0, 5.0)

3.39e− 04 
(***)

116 
73 
216 
108 
2 (1.0, 4.0)

35 
31 
107 
60 
2 (1.0, 5.0)

6.72e− 02 
(ns)

87 
84 
244 
100 
2 (1.0, 4.0)

29 
25 
123 
74 
3 (2.0, 5.0)

1.43e− 03 
(**)
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learning classifier parameters (detailed in Tab. S3 point 3 and Tab. S4; 
see Fig. 3e for a summary of the best configurations and parameters), the 
best performing ALL-models each share the use of random under- 
sampling (RUS) technique to balance pre-frail/frail and non-frail par
ticipants, PCA to reduce the input dimensionality, and χ2 to select the 
top discrete features. They differ however by the technique of scaling the 
continuous input (Min-max scaling for mixed-sex and men, standard 
scaling for women) and the type of support vector machines (SVM) 
kernel applied by the classifier (radial basis function for mixed-ALL, 
linear for men-ALL and women-ALL). Regularization values were 3000 
for mixed-ALL, 0.1 for women-ALL, and 100 for the best men-ALL model. 
The classifier tolerance was the highest for men-ALL with 0.01, lowest 
for mixed-ALL with 0.00001, and 0.001 for the best performing women- 
ALL model. In Fig. 4a, the performances are depicted by the receiver 
operating characteristics (ROC) curves of the 5-times 10-fold cross- 
validation (CV), the 20 % hold-out test set, and the corresponding 
hold-out confusion matrix for all three models. The best mixed-ALL 
model reached a CV ROC mean of 0.665 (95 % confidence interval (CI): 
[0.551 – 0.779]) with a hold-out ROC score of 0.63. In terms of the hold- 
out confusion matrix, 72.73 % non-frail and 53.85 % pre-frail/frail 
participants were correctly identified. This mixed-sex model was 
moderately outperformed by both the men-ALL and women-ALL models, 
given their CV ROC mean of 0.705 (95 % CI: [0.567 – 0.843]) and 0.693 
(95 % CI: [0.551 – 0.835]), respectively, and both yielded the same 
hold-out test ROC score of 0.66. The men-ALL model correctly identified 
64.29 % non-frail and 67.27 % pre-frail/frail participants, whereas the 
women-ALL model identified 69.00 % non-frail and 63.27 % pre-frail/ 
frail participants correctly. Given that sex-specific models out
performed the mixed-sex models, we performed subgroup analysis to 
gain potentially deeper insights into sex-specific pre-frailty.

2.2.2. Subgroup-based models outperform complete models for pre-frailty 
prediction in men and women

In a second experiment, the interest was focused on four of the ten 
biomedical subgroups defined in Section 4.2, namely nutrients (NT), 
physical measurements (PM), body fluids (BF), and cognition (CG), as 
highlighted in Fig. 3a. The best performing subgroup for each context 

was recorded and will be hereafter indicated by their respective affix as 
mixed-BF, men-PM, and women-BF, which were reduced to 86, 32, and 84 
input features, respectively, after pre-processing. (refer to Section 4.4.3
for more details about the low number of input features for the men 
model, and the summary of feature correlation analysis in Fig. S3b). Like 
the complete data-driven models, the subgroup models share some 
specific characteristics while strongly differing in others. These models’ 
configuration commonly applies the same strategy for balancing out pre- 
frail/frail participants; however, this time synthetic minority over- 
sampling technique (SMOTE) was prioritized. Moreover, all three sub
group models performed best using the linear SVM kernel after dimen
sionality reduction. The mixed-BF and women-BF models used robust 
scaling of the continuous input data, PCA to reduce the input dimen
sionality, and χ2 for selecting the top discrete features from the input. 
The men-PM model used standard scaling of the input features and linear 
discriminant analysis (LDA) to reduce the input dimensionality to one 
single feature distinguishing non-frail from pre-frail/frail. In Fig. 4b, the 
performance of the best mixed-sex model (mixed-BF) reached a CV ROC 
mean of 0.629 ± 0.047 (95 % CI: [0.535 – 0.723]) with a hold-out ROC 
score of 0.61. 61.62 % non-frail and 59.62 % pre-frail/frail participants 
were correctly identified. This best performing mixed-BF model was 
significantly outperformed by the men-PM and moderately out
performed by the women-BF model given their CV ROC mean of 0.721 ±

0.066 (95 % CI: [0.619 – 0.853]) and 0.633 ± 0.068 (95 % CI: [0.497 – 
0.769]), respectively. The men-PM model yielded the highest hold-out 
test ROC score of 0.70 while the women-BF model scored 0.67. The 
men-PM model correctly identified 68.37 % non-frail and 70.91 % pre- 
frail/frail participants whereas the women-BF model identified 
63.00 % non-frail and 71.43 % pre-frail/frail participants correctly. 
With the improvements observed in the women and especially men 
models based on distinct biomedical subgroups and model architecture, 
the top contributing features were interpreted context-wise to investi
gate their underlying associations with the sex-specific pre-frailty pro
files observed in BASE-II.

2.2.3. Mixed-sex and sex-specific model interpretability
From the best performing ALL-models, the 30 most-contributing 

features based on their permutation score are depicted in Fig. 4c (n 
permutation mixed-sex = 1000, men = 500, women = 500). A more 
detailed view on the feature permutation behaviour in the complete 
data-driven models can be found in Fig. S4 of the supplementary section. 
Furthermore, red and green squares shown next to the first ten features 
in Fig. 4c indicate the direction of the association (green: positive, red: 
negative), useful to interpret the model’s behaviour and decision from a 
biological perspective. Fig. 4c show the performance of the subgroup- 
based data-driven models using PM-, BF-, NT-, and CG-related input 
features, with values displayed only for the complete and the best per
forming subgroup models. The most contributing features of the sub
group data-driven models are depicted in Fig. 4d, with the 
corresponding feature permutation behaviour in Fig. S5. Besides the 
feature importance and permutation behaviour, an additional layer of 
model interpretability is given by revealing the predictions in terms of 
the true Fried et al. frailty levels (non-frail, pre-frail, and frail) instead of 
the combined pre-frail and frail, showing that the models performances 
do increase with the level of true frailty (Fig. 6). As a result, the best 
mixed-BF model correctly identified pre-frail and frail participants with 
sensitivities of 60.0 % and 85.7 % respectively. In men-PM, the pre-frail 
and frail sensitivities are 70.5 % and 83.3 % respectively, while the best 
women-BF model predicted pre-frail and frail participants with sensi
tivities of 63.8 % and 87.5 % respectively. The false positive rates for the 
non-frail participants of those three top models are 41.4 %, 35.5 %, and 
41.9 %, respectively, with specificities of 58.9 % in mixed-BF, 64.5 % in 
men-PM, and 58.1 % in women-BF. This stratified analysis shows that the 
identified predictors remain significant in the small frail subgroup.

Table 2 
BASE-II cohort characteristics of the 5 Fried et al. frailty phenotype items. Fried et 
al. frailty score, frailty phenotype, and frailty items characteristics in the mixed- 
sex, men, and women BASE-II groups. P values obtained with the Cramér’s V 
correlation algorithm corrected for binary and discrete data types. ns non- 
significant, 0.01 < * < 0.05, 0.001 < ** < 0.01, 0.0001 < *** < 0.001, 
0.00001 < **** < 0.0001.

BASE-II Fried et al. 
frailty phenotype 
description

Mixed 
(N = 1512, 
100 %)

Men 
(N = 746, 
49.34 %)

Women 
(N = 766, 
50.66 %)

P-value

Fried et al. Frailty 
Score 
unaffected 
one 
two 
three 
four

1028 
393 
77 
13 
1

513 
188 
39 
51

515 
205 
38 
80

7.03e− 01 
(ns)

Fried et al. frailty 
phenotype 
unaffected 
affected

1028 
484

513 
233

515 
251

5.23e− 01 
(ns)

Exhaustion 
(poor endurance)

1375 
137

695 
51

680 
86

2.94e− 03 
(**)

Gait 
(slowness)

1344 
168

648 
98

696 
70

1.34e− 02 
(*)

Grip strength 
(weakness)

1397 
115

707 
39

690 
76

5.77e− 04 
(***)

Physical activity 
(low activity)

1379 
133

669 
77

710 
56

3.88e− 02 
(*)

Weight loss 
(shrinking)

1475 
37

726 
20

749 
17

5.61e− 01 
(ns)
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2.2.4. Sex-specific pre-frailty patterns share morbidities but diverge in 
cognitive and physical traits

The three most important features driving the mixed-ALL model are 
heart insufficiency, vitamin D deficiency, and sarcopenia, three inde
pendent morbidities and deficits linked to cardiovascular, physiologic, 
and muscular pathologies, respectively. The red marking of those three 
features in Fig. 4c suggests that the more deficits the participants (men 
and women alike) have accumulated, the more likely they are to be pre- 
frail/frail (Fig. S6, training set only). Furthermore, the performance in 
cognitive tasks, particularly the digit symbol substitution test, was 
weaker in pre-frail/frail participants. The next most contributing fea
tures in the mixed-ALL context include multiple body fat composition 
characteristics, particularly of the head (fat percentage), left arm (fat 
mass in grams), left leg (fat percentage and mass in grams), and the 
ALM-to-BMI ratio. Pre-frail/frail participants show higher fat composi
tion in the above-mentioned body parts and lower ALM-to-BMI ratio. 
The top ten contributing features also included docosanoic (behenic) 
acid, a non-essential long-chain saturated fatty acid, which appeared to 
be consumed less by pre-frail/frail participants and may be associated 
with increased cardiovascular mortality (Tao et al., 2024).

Compared to the mixed-sex model, the top ten contributing features 
in men-ALL include affection by heart insufficiency and larger head fat 
mass in pre-frail/frail men. Again, heart insufficiency is the most 
contributing feature and moreover shows a stronger detrimental effect 
to the model performance after feature permutation as in the mixed-sex 

model (comparing their loss in CV score). Although this is also observed 
for the head fat mass feature, its low z-score indicates lower reliability in 
this effect. The men-ALL model highlights two medication types target
ing distinct disease areas: gastroenterology and ophthalmology. 
Intriguingly, the model behaviour reveals that there is no difference 
between the non-frail and pre-frail/frail men in terms of the number of 
medications targeting these two disease areas, and the proportion of pre- 
frailty is not increasing with the number of medications, even when 
considering their accumulation (Fig. S7, training set only). This is 
different in women, as here the proportion of pre-frail participants in
creases with the number of ophthalmology-related medications and the 
accumulation with gastroenterology-related medications.

Regarding the women-ALL model, two of the top ten contributing 
features are shared with the mixed-ALL model, namely heart insuffi
ciency and sarcopenia. Another indication of the latter deficit is the 
ALM, which was picked up by the women-ALL model, but not in the 
mixed-ALL or men-ALL model. Marked as green, the model shows that 
pre-frail/frail women appear to have lower ALM, or, in other words, 
lower muscle mass in limbs compared to non-frail women. On the other 
hand, the women-ALL model also shares two common features with the 
men-ALL model, namely again heart insufficiency (which is the only 
common feature across all three contexts), and the increased time 
necessary to solve the cognitive trail making test B. The women-ALL 
model is further driven by various drinking habits (increased number of 
distilled drinks and self-reported drinking frequency), medication intake 

Fig. 2. Sex-specific differences in the BASE-II participants’ pre-frailty profile call for contextualized modelling. Distribution of the non-frail and pre-frail/frail 
participants (A), the Fried et al. Frailty Score equal or above 1 (B); the Fried et al. frailty phenotype items (C) and phenotype intersections (D) show sex-specific 
frailty profiles. The first and second principal components (E) clearly separate both sex; and the age in non-frail and pre-frail/frail participants do also show sig
nificant differences (F). Statistical significance derived from Welch’s unequal variance T-test. Showing mixed-sex (black), men (yellow), and women (blue) par
ticipants of BASE-II. PCA principal component analysis, 0.01 < * < 0.05, 0.001 < ** < 0.01, 0.0001 < *** < 0.001, 0.00001 < **** < 0.0001.
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targeting dental issues, and decreased cognitive test scores such as the 
correct wordlist learning total score and the wordlist discriminability z- 
score. While above observations are revealing first subtle distinctions 
between mixed-sex, men, and women frailty trajectories in terms of 
context-specific top contributing features and the interpretation thereof, 
the subgroup-based data-driven models can offer further insights into 
the underlying causes and consequences of sex-specific pre- frailty as 
observed in BASE-II.

2.2.5. Subgroup-based data-driven models highlight sex-specific 
physiological and physical traits

Focusing on the subgroup-based data-driven models, the results hint 
at intrinsic differences in the pre-frailty profiles in the mixed-sex and 
sex-specific BASE-II population based on the improved model perfor
mance using BF input data for the mixed-sex and women models, and 

PM for men (Fig. 4c, heatmaps). Compared to the mixed-ALL model, the 
mixed-BF model is foremost attuned to vitamin D deficiency, low vitamin 
B12 and sodium levels, as well as increased immune markers such as 
circulating IL-10 and monocytes, suggesting an increased burden of 
underlying medical conditions or complications in pre-frail/frail par
ticipants (Fig. 4d).

Substantial improvements in prediction performance were achieved 
when restricting the men model to PM data only, with nine of the top ten 
contributing features causing an average loss of CV score of 5–15 % 
during the permutation importance. Similar observations were made in 
the mixed-ALL scenario, however, showing much more importance in 
men. Again, multiple body composition features are increased, espe
cially trunk fat, trunk mass, and left arm fat (percentage and grams), 
while lean mass-related features such as left arm lean mass (in grams), 
ALM (in grams), and ALM-BMI ratio are decreased in pre-frail/frail 

Fig. 3. Pipeline setup and context-specific model configurations. The vast amount of biomedical data in BASE-II was divided in 10 subgroups that represent the 
nature of the biomedical information (A). In a first step, the data is partitioned by sex (mixed-sex, men, women) and either complete or 4 single subgroup analysis 
(highlighted in A), including the removal of input features that have been used to engineer new ones as well as target related features (B). Next, the filtered data will 
undergo a consistency test to check for constant and near-constant features according to the configurations (C). The remaining consistent data then undergoes data 
type-specific correlation analysis to identify and remove mutually correlated features to avoid redundant information according to user-defined parameters (D). The 
pre-processed data then enters the machine-learning-based classifier pipeline with the predefined configurations and parameter ranges, while showing here only the 
parameters of the best performing context-specific models (E). Finally, the best performing model selected by exhaustive grid search is evaluated using multiple 
metrics, and feature importance are measured as loss or gain in CV score during n-times feature permutation (F). IM individual medications, NT nutrients, PM 
physical measurements, BF body fluids, ID individual devices, CG cognition, GM grouped medications, SV surveys, CH chronic morbidity, GD grouped devices, th 
threshold, corr correlation, sel selection, SVM Support Vector Machine, SMOTE synthetic minority oversampling technique, PCA principal component analysis, LDA 
linear discriminant analysis, RUS random under-sampling, RBF radial basis function, CV cross-validation, ROC receiver operating characteristics, DOR diagnostics 
odds ratio, TP true positive, TN true negative.
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participants. In addition, whole-body total bone mineral density (BMD, 
in grams per square centimetre) and the left arm bone mineral content 
(BMC, in grams) are decreased in pre-frail/frail men. With this, the pre- 
frail/frail men profile in BASE-II emerges as a participant with higher fat 
mass in limbs and trunks, and reduced ALM across the body. Further
more, their low BMD and BMC can be associated to more fragile bone 
structures, amplifying the risk of serious medical condition, structural 
instability, and facilitating bone fractures.

In the women-BF model, vitamin D deficiency is the leading driving 
factor, significantly impacting the CV score during permutation mea
surement compared to other models. This implies that a deficiency in 
vitamin D (≤ 50 nmol/L of 25-hydroxy-vitamin D in serum) among 
women goes along with increased likelihood of developing frailty. 
Furthermore, multiple white blood cell counts are increased in pre-frail/ 
frail women, i.e., monocytes, leukocytes, and eosinophils (immune 

functions); but also, indirect bilirubin (clearance function) and high- 
density lipoprotein (HDL) cholesterol levels (endothelial function) are 
decreased. These participants show higher levels of oestradiol (hormone 
and bone health function), insulin (glucose regulation function), and 
glucose in serum (energy function), as well as higher deoxypyridinoline 
in urine (bone resorption function). These imbalances portrait a women 
pre-frailty profile focussing on internal physiological signals whereas 
pre-frailty in men is more likely revealed by external physical 
characteristics.

2.2.6. Sex-specific aggregated feature associations to pre-frailty
To better understand the association between frailty and specific 

features in the different models, statistical analysis was conducted on the 
top ten and thirty contributing features (Table 3a-b and Tab. S5a-b). This 
revealed that frailty is associated with aggregated, not always 

Fig. 4. Sex-specific data-driven models outperform mixed-sex models and reveal distinct predictive patterns for pre-frailty in BASE-II. (A) Context-specific model 
performances in the complete data-driven models, showing the ROC AUC curves from a 5 times 10-fold CV training process [mixed-sex: 0.665 ± 0.057, men: 0.705 
± 0.069, women: 0.693 ± 0.071] and performance on the hold-out test set [mixed-sex: 0.61, men: 0.65, women: 0.68]. (B) Context-specific model performances in 
the single subgroup data-driven models, showing ROC AUC curves from the 5 times 10-fold CV training process [mixed-sex: 0.629 ± 0.047, men: 0.721 ± 0.066, 
women: 0.633 ± 0.068] and on the hold-out test set [mixed-sex: 0.60, men: 0.68, women: 0.71]. The CV splits are not identical to the 10-fold splits used in the 
pipeline (see Fig. 3e). Final row displays the confusion matrix on the hold-out test set for mixed-sex, men, and women models. (C) Sex-specific most predictive 
features in the complete data-driven models, based on mean and standard deviation of the n-times permuted feature CV score loss. Negative hatched bars indicate 
gain in CV score. Green and red squares denote the classifier’s interpretation of the feature as lower or higher, respectively, in frail-predicted participants compared 
to non-frail. Asterisks prefixing feature names represent corresponding absolute z-score levels. (D) Sex-specific most predictive features in the single subgroup data- 
driven models, following the same conventions as in (C). The second row shows the overall heatmap of evaluation scores for the best-performing models in the 
complete (All) and single subgroup settings. Final row is displaying the confusion matrix on the hold-out test set. The columns represent the mixed-sex, men, and 
women groups respectively. ROC receiver operating characteristics, AUC area under the curve, ALM appendicular lean mass, BMI body mass index, T-S telomere- 
single gene ratio, 2D-4D digit 2-to-digit 4 ratio, ROC receiver operating characteristics, DOR diagnostics odds ratio, TP true positive, TN true negative, BMC 
bone mineral content, BMD bone mineral density, HDL high density lipoprotein, LDL low density lipoprotein.
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Table 3 
BASE-II cohort characteristics of the 10 most predictive features of the complete and single subgroup data-driven models show significant differences in pre-frail/frail 
and non-frail participants. Cohort characteristics of the top 10 most predictive features in the complete (top 10) and single subgroup (bottom 10) data-driven men (A) 
and women (B) models respectively. P values obtained with the Cramér’s V correlation algorithm corrected for binary and discrete data types. Continuous features 
underwent Welch’s unequal variance T-test after assessing the equality of variances between the non-frail and pre-frail/frail group with the Levene’s test. SD standard 
deviation, BMI body mass index, ALM appendicular lean mass, BMD bone mineral density, BMC bone mineral content, ns non-significant, 0.01 < * < 0.05, 0.001 < ** 
< 0.01, 0.0001 < *** < 0.001, 0.00001 < **** < 0.0001.

A) Most important features 
(men-ALL)

Non-frail men 
(N = 513, 
33.93 %)

Pre-frail / frail 
men 
(N = 233, 
15.41 %)

P-value B) Most important features 
(women-ALL)

Non-frail 
women 
(N = 515, 
34.06 %)

Pre-frail / frail 
women 
(N = 251, 
16.60 %)

P-value

Heart insufficiency 0: 451 
1: 62

0: 185 
1: 48

2.37e− 03 
(**)

Alcohol distilled drinks (AU) 0: 320 
1: 148 
2: 27 
3: 13 
4: 5 
5: 2

0: 147 
1: 73 
2: 14 
3: 11 
4: 4 
5: 2

6.46e− 01 
(ns)

Gastroenterology 
medications (U)

0: 416 
1: 83 
2: 14

0: 199 
1: 32 
2: 2

1.65e− 01 
(ns)

Heart insufficiency 0: 412 
1: 103

0: 165 
1: 86

1.73e− 05 
(****)

Age (years) 
mean ± SD; [min, max]

68.68 ± 3.46 
[60.16, 78.12]

69.76 ± 4.33 
[60.74, 82.79]

8.62e− 04 
(***)

ALM BMI Sarcopenia 0: 500 
1: 15

0: 216 
1: 35

6.57e− 09 
(****)

Ophthalmology 
medications (U)

0: 465 
1: 36 
2: 12

0: 214 
1: 17 
2: 2

3.84e− 01 
(ns)

Dental medications (U) 0: 431 
1: 82 
2: 2

0: 181 
1: 68 
2: 2

8.58e− 04 
(***)

Height (cm) 
mean ± SD; [min, max]

176.09 ± 6.17 
[160.0, 194.8]

174.53 ± 6.21 
[156.3, 191.0]

1.46e− 03 
(**)

Appendicular lean mass (g) 
mean ± SD; [min, max]

17290.69 
± 2457.20 
[9284.27, 
25307.89]

17128.66 
± 2564.11 
[11970.53, 
26183.56]

3.99e− 01 
(ns)

Mean corp. hemogl. conc. 
(g/dL) 
mean ± SD; [min, max]

34.43 ± 0.99 
[31.3, 37.5]

34.43 ± 1.00 
[31.3, 37.6]

9.66e− 01 
(ns)

Appendicular lean mass (kg) 
mean ± SD; [min, max]

17.29 ± 2.46 
[9.28, 25.31]

17.13 ± 2.56 
[11.97, 26.18]

3.99e− 01 
(ns)

Head fat (g) 
mean ± SD; [min, max]

1171.00 
± 147.21 
[861.82, 
1710.11]

1189.52 
± 157.57 
[826.91, 
1663.2]

1.20e− 01 
(ns)

Alcohol amount (AU) 0: 454 
1: 58 
2: 3

0: 211 
1: 35 
2: 4

1.53e− 01 
(ns)

Testosterone level (ng/mL) 
mean ± SD; [min, max]

4.65 ± 1.97 
[0.05, 14.19]

4.40 ± 1.94 
[0.05, 11.69]

1.08e− 01 
(ns)

Correct wordlist learning total 
score 
mean ± SD; [min, max]

23.18 ± 2.79 
[15.0, 30.0]

22.74 ± 3.18 
[9.0, 29.0]

5.20e− 02 
(ns)

Trail Making Test Part B (s) 
mean ± SD; [min, max]

89.35 ± 34.73 
[35.0, 266.0]

95.28 ± 37.92 
[28.0, 295.0]

3.63e− 02 
(*)

Wordlist discriminability z 
score 
mean ± SD; [min, max]

0.12 ± 0.70 
[− 3.16, 0.95]

0.11 ± 0.72 
[− 2.54, 0.87]

8.98e− 01 
(ns)

Sodium level (mmol/L) 
mean ± SD; [min, max]

139.35 ± 2.68 
[125.0, 147.0]

139.51 ± 2.76 
[131.0, 148.0]

4.57e− 01 
(ns)

Trail Making Test Part B (s) 
mean ± SD; [min, max]

84.84 ± 29.63 
[36.0, 238.0]

94.49 ± 33.71 
[42.0, 233.0]

5.80e− 05 
(****)

Most important male 
features (men-PM)

Non-frail men 
(N = 513, 
33.93 %)

Pre-frail / frail 
men 
(N = 233, 
15.41 %)

P-value Most important features 
(women-BF)

Non-frail 
women 
(N = 515, 
34.06 %)

Pre-frail / frail 
women 
(N = 251, 
16.60 %)

P-value

Trunk fat (g) 
mean ± SD; [min, max]

13812.02 
± 4071.45 
[3965.92, 
28361.59]

15024.44 
± 4742.30 
[4878.38, 
33258.54]

3.72e− 04 
(***)

Vitamin D deficiency 0: 267 
1: 248

0: 97 
1: 154

5.96e− 04 
(***)

ALM BMI ratio 
mean ± SD; [min, max]

0.96 ± 0.13 
[0.63, 1.47]

0.89 ± 0.11 
[0.59, 1.31]

3.65e− 10 
(****)

Estradiol level (pmol/L) 
mean ± SD; [min, max]

35.73 ± 59.27 
[9.2, 817.2]

44.03 ± 60.11 
[9.2, 471.4]

7.03e− 02 
(ns)

Trunk mass (g) 
mean ± SD; [min, max]

41614.36 
± 6726.38 
[24496.4, 
72459.25]

42853.48 
± 8159.18 
[25029.34, 
74016.79]

4.34e− 02 
(*)

Indirect bilirubin level (mg/dL) 
mean ± SD; [min, max]

0.44 ± 0.15 
[0.18, 1.22]

0.42 ± 0.15 
[0.11, 1.04]

8.40e− 02 
(ns)

Left arm fat (%) 
mean ± SD; [min, max]

31.03 ± 5.85 
[13.71, 52.38]

33.04 ± 5.82 
[16.98, 51.9]

1.53e− 05 
(****)

Monocytes (G/L) 
mean ± SD; [min, max]

0.40 ± 0.14 
[0.16, 1.1]

0.43 ± 0.16 
[0.13, 1.51]

2.41e− 02 
(*)

Appendicular lean mass 
(g) 
mean ± SD; [min, max]

25486.42 
± 3064.90 
[18910.53, 
35100.72]

24747.02 
± 3173.83 
[17423.04, 
35815.85]

2.62e− 03 
(**)

Insulin level 2nd probe (μU/mL) 
mean ± SD; [min, max]

59.35 ± 50.15 
[5.45, 460.1]

62.76 ± 52.07 
[6.86, 502.5]

3.83e− 01 
(ns)

Left arm fat (g) 
mean ± SD; [min, max]

1422.53 
± 405.07 
[445.24, 
3374.5]

1494.40 
± 435.79 
[615.73, 
3556.75]

2.86e− 02 
(*)

Eosinophilia (G/L) 
mean ± SD; [min, max]

0.15 ± 0.10 
[0.01, 0.9]

0.18 ± 0.15 
[0.01, 1.46]

4.30e− 03 
(**)

Whole body total BMD (g/ 
cm²) 
mean ± SD; [min, max]

1.24 ± 0.11 
[0.94, 1.62]

1.23 ± 0.10 
[0.96, 1.65]

1.11e− 01 
(ns)

Glucose level 2nd probe (mg/dL) 
mean ± SD; [min, max]

109.05 
± 29.00 
[38.0, 278.0]

114.24 ± 37.36 
[56.0, 333.0]

3.53e− 02 
(*)

Left arm BMC (g) 
mean ± SD; [min, max]

206.54 ± 33.64 
[115.55, 
484.77]

199.43 ± 33.22 
[121.59, 
314.21]

7.43e− 03 
(**)

High density lipoprotein 
cholesterol level (mg/dL) 
mean ± SD; [min, max]

70.18 ± 16.03 
[35.0, 134.0]

67.68 ± 16.98 
[32.0, 153.0]

4.81e− 02 
(*)

Trunk fat (%) 
mean ± SD; [min, max]

32.62 ± 5.57 
[14.66, 47.71]

34.39 ± 5.36 
[17.46, 51.87]

5.02e− 05 
(****)

Leukocytes (G/L) 
mean ± SD; [min, max]

5.56 ± 1.44 
[2.7, 11.8]

5.92 ± 2.02 
[2.1, 24.4]

4.95e− 03 
(**)

(continued on next page)
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individual, features. The top driving sex-specific features (Fig. S9a-b) 
were also compared within mixed-sex, men, and women using the 
training dataset only. Some models (e.g., men-PM) showed more sig
nificant associations compared to the combined training and test set, 
while other models showed only weaker associations (e.g., women-BF). 
The associations to pre-frailty of the top ten contributing features were 
then put in perspective with all included features of the BASE-II cohort 
by comparing the difference in z-score for continuous features 
(Fig. S10a) and the corrected Cramér’s V for binary and categorical 
features (Fig. S10b) within the training set. Highlighting the top thirty 
features from the best models (mixed-ALL, men-PM, women-BF) revealed 
that only a fraction of those individual features is significant, suggesting 
that these features may show aggregated association to pre-frailty rather 
than individually.

Multivariate analysis of variance (MANOVA) of all combinations of 
the top ten features in men-PM and women-BF revealed increasing sta
tistical significance and increasing “1 - Wilk’s lambda” score with the 
number of features tested (Fig. 5a-b), supporting the idea of sex-specific 
aggregated feature associations to pre-frailty. Similar behaviour was 
observed in the complete data-driven and the mixed-sex models 
(Fig. S11). When comparing the between-cluster distance (BCD), within- 
cluster distance (WCD), and their ratio in the top combinations of raw, 
PCA, and LDA transformed values, the clearest separation of non-frail 
and pre-frail/frail men was seen with the LDA transformation of the 
top combination of five (BCD-WCD ratio: 1.03) to all ten features (BCD- 
WCD ratio: 0.94); which has also been the feature reduction technique 
configured for the men-PM model (see Fig. 3e). For raw values and PCA- 
transformed values, the best separation was observed with the top two 
features ALM-BMI ratio and whole-body total BMD, achieving a BCD- 
WCD ratio of 0.94 with raw values, and 0.67 with PCA transformed 
values. Within the women-BF model, the differences between the com
binations were less clear, yielding the highest BCD-WCD ratio with all 
ten features transformed by LDA (BCD-WCD ratio: 0.78). However, the 
best performing feature reduction technique for this model was PCA, 
which yielded the largest separation using the top combination of five 
features (BCD-WCD ratio: 0.54). Overall, this analysis suggests that the 
machine-learning algorithm indeed identified sex-specific aggregations 
of clinical features that best characterise physical pre-frailty in older 
men and women.

3. Discussion

3.1. Overview of sex-specific pre-frailty prediction using biomedical 
profiles

Our results showed that pre-frailty (early stage of frailty), as defined 
by the Fried et al. frailty phenotype, can be characterized by sex-specific 
factors in people aged ≥ 60 years. These observations support our hy
pothesis of specific men and women frailty profiles, suggesting sex- 
specific prevention and treatment approaches. The current literature 
on frailty often addresses multiple subtypes of frailty and mostly within 
a mixed-sex population; only in recent years have researchers started to 
look deeper into frailty by revealing sex-specific interventions (Reid 
et al., 2022), prevalence (Hessey et al., 2020), as well as sex-specific 
associations of frailty with mortality (Dallmeier et al., 2020; Ver
schoor et al., 2024), CG (Karanth, 2023), and socioeconomic status 

(Wang et al., 2024). However, sex-specific prognostic biomarkers for 
pre-frailty are still largely unexplored. Furthermore, most 
machine-learning-based approaches to predict frailty have focussed on 
movement data, self-reported lifestyle habits, or volatile physical char
acteristics such as GS or chair-sitting exercises (Park et al., 2021; Akbari 
et al., 2021; Leme et al., 2023), with only a few diving deeper into the 
biomedical profile of frailty, and then only in mixed-sex populations 
(Gomez-Cabrero et al., 2021). Here, we analysed 
machine-learning-based cross-validated prediction performance in the 
mixed-sex, men, and women population of BASE-II using biomedical 
data, as well as specific subgroups based on the origin of the biomedical 
information to predict the Fried et al. frailty phenotype (Fried et al., 
2001). While frailty was defined using the Fried et al. physical frailty 
phenotype, the included predictors (e.g., inflammatory markers, chronic 
diseases, medications, or cognitive performance) span domains more 
aligned with the Rockwood frailty index and accumulation of deficit 
model (Rockwood et al., 1994; Rockwood and Mitnitski, 2007). This 
conceptual differences between the outcome definition and the feature 
space provided additional motivation to go beyond a global model and 
systematically explore frailty prediction within the distinct biomedical 
subgroups of BF, PM, CG, or NT. By doing so, we aimed to better un
derstand how different physiological systems contribute to pre-frailty in 
a sex-specific context, and to identify whether certain domains dispro
portionately drive predictive performance for men versus women. We 
therefore position our work as exploratory and hypothesis-generating, 
with the goal of uncovering interpretable biomedical patterns that can 
inform future mechanistic or intervention studies.

3.2. Sex-specific differences in the expression of pre-frailty

Descriptive analysis revealed first hints of sex-specificity within this 
cohort. Although sex itself is not significantly associated with the Fried et 
al. frailty phenotype in the mixed-sex population, some of the known 
frailty-related features such as WHR, ALM, morbidity index or poly
pharmacy manifest non-significant difference in either one of the three 
populations (Table 1). Even when significant for mixed-sex, men, or 
women, their effect sizes varied, suggesting that the strength of these 
associations with pre-frailty is larger in some groups than others. Similar 
observations have been made regarding the difference of these features 
across sex alone, or frailty alone (Fhon et al., 2018; Gutiérrez-Valencia 
et al., 2018; Karanth, 2023; Wang et al., 2024; Gordon et al., 2017; 
Uchai et al., 2023; Yarnall et al., 2017), but not yet in the combined 
context of sex-specific physical frailty. This could be because the 
resulting frailty phenotype, or the underlying frailty score, does not vary 
between men and women in the BASE-II (Fig. 2a-b). Instead, our results 
highlight the evidence of sex-specificity among the 5 Fried et al. frailty 
phenotype items (Fig. 2c-d, Table 2) that were used to define the level of 
frailty. As such, deficits in PA and GA are more prominent in 
pre-frail/frail men, while pre-frail/frail women more frequently report 
EX and show lower GS. In contrast, WL is equally represented in men and 
women, and double interactions of the sex-specific traits with WL do not 
follow this trend, which is likely due to the low number of self-reported 
cases of (unintended) WL. Besides the hallmarks of physical frailty, the 
Fried et al. frailty phenotype items, and their interactions, we also note 
clear variations between men and women in continuous biomedical 
data, independent of the frailty levels (Fig. 2e). These differences point 

Table 3 (continued )

A) Most important features 
(men-ALL) 

Non-frail men 
(N = 513, 
33.93 %) 

Pre-frail / frail 
men 
(N = 233, 
15.41 %) 

P-value B) Most important features 
(women-ALL) 

Non-frail 
women 
(N = 515, 
34.06 %) 

Pre-frail / frail 
women 
(N = 251, 
16.60 %) 

P-value

Left arm lean mass (g) 
mean ± SD; [min, max]

3123.96 
± 487.39 
[1737.97, 
4738.63]

2991.33 
± 504.83 
[1911.19, 
4546.69]

6.95e− 04 
(***)

Deoxypyridinoline in urine 
(nmol/moK) 
mean ± SD; [min, max]

59.34 ± 24.88 
[1.0, 191.0]

60.55 ± 25.29 
[3.5, 152.0]

5.27e− 01 
(ns)
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to sex-specific clinical manifestations: with men more affected by 
performance-related deficits (PA and GA), and women more affected by 
psychological or subjective components (EX), possibly reflecting the role 
of depression in women’s frailty expression (Fhon et al., 2018; Gutiér
rez-Valencia et al., 2018; Karanth, 2023; Wang et al., 2024; Gordon 
et al., 2017; Uchai et al., 2023; Yarnall et al., 2017).

3.3. Predictive models reveal divergent pre-frailty profiles in men and 
women

Our best-performing sex-specific models outperformed the mixed- 
sex model (Fig. 4a). sex-specific models more accurately predicted 
pre-frailty, while the mixed-sex model overpredicted non-frailty. Our 
analysis on the most clearly contributing clinical features of each model 
and the differences in technical configuration of these models confirms 
that men and women have different frailty trajectory profiles (Fig. 4c, 
Table 3). The mixed-sex model composed of these sex-specific profiles 
struggled to identify predictive features for men and women pre-frailty 
due to the asymmetric prevalence of most contributing features. Ex
amples of such asymmetric features are vitamin D deficiency, sarcope
nia, and alcohol consumption in women, and body fat mass, age, and 
height in men. While those features were identified in the mixed-sex 
model, they were only re-identified in one of the sex-specific contexts, 
aligning with several studies that also attributed distinct sex-specific 
importance to these features (Patel et al., 2017; Spira et al., 2015; 
Shardell et al., 2009; Spira et al., 2019). Among the top ten contributing 
features in all models, only one heart insufficiency showed symmetrical 
contributions regardless of sex. This feature is known to be highly 
associated with frailty, and independent of sex (Uchmanowicz et al., 
2014; Sze et al., 2019). It is also noticeable that cognitive features, 
although not identical, ranked among the top ten features in all three 
models. While the digit symbol substitution test score was identified in 
the mixed-sex model to be lower in pre-frail/frail participants, both men 
and women models share the trail-making test as a predictive feature, 
which takes more time for pre-frail/frail participants to accomplish 
(coloured squares in Fig. 4c, for values see upper halves of Table 3, Tab. 
3a-b). Although several studies have observed associations between 
poor CG and frailty (Karanth, 2023), the CG measurements included in 
the current analysis only poorly reflected the Fried et al. physical frailty 
(Fig. 4c, column ‘CG- ‘). Cognitive frailty itself is a subtype of frailty and 
focuses explicitly on neurological pathways, markers, and CG decline in 
susceptible patients (Panza et al., 2015). It is important to emphasize 
that while these features are ranked by importance within each model, 
their individual predictive value in isolation is modest. Their utility lies 
in their combined contribution to model performance, and we avoid 
over-interpreting such marginal associations, as our findings suggest 
that the combined feature importance is greater than the sum of each 
individual feature importance.

3.4. Subgroup-based models suggest different biomedical pre-frailty 
signatures

In our second setup of prediction exercises, we focused on the various 
origins of biomedical data to identify the best performing subgroup in 
each context. Although this approach disables the comparability be
tween contexts, it allows us to compare subgroup performance to the 
complete data-driven models within each context. The single subgroup 
performances (see heatmap, Fig. 5) tested for PM-, BF-, NT-, and CG- 
related features show minimal improvement in the mixed-sex popula
tion. However, performance for men significantly improved when 
limited to PM-related biomedical features, whereas the women model 
moderately improved when limited to BF-related features (Fig. 4b). This 
observation supports the idea that frailty manifests differently between 
sexes, suggesting the need for sex-specific subtyping of physical frailty 
rather than based on deficits such as dementia, sarcopenia, metabolic 
dysfunction, or a particular insufficiency (Rockwood and Mitnitski, 

2007; Fried et al., 2021; Liu et al., 2017; Woo et al., 2015; Church et al., 
2020). The top-contributing features measured for the best-performing 
subgroup data-driven mixed-sex and sex-specific models depicted in 
Fig. 4d indicate that especially the men model identified a strong frailty 
signal based on physical characteristics of the body, notably the trunk fat 
mass (p-value = 3.72e-04), followed by the ALM-BMI ratio (p-value =
3.65e-10). Moreover, the remaining features suggest a high fat and low 
lean mass profile of men frailty development (coloured squares in 
Fig. 4d, for values see lower half of Table 3a). This observation of 
distinct body composition in pre-frail/frail participants aligns with the 
current literature but has not been specifically shown to be more rele
vant in men than women (Uchai et al., 2023; Xu et al., 2020). The 
women model only slightly improved using BF-related features, with 
vitamin D deficiency contributing by far the most to the model’s per
formance, with over 4 % of CV score loss (p-value = 5.96e-04). Addi
tionally, white blood cell counts such as monocytes (p-value =

2.41e-02), eosinophiles (p-value = 4.30e-03), and leukocytes (p-value 
= 4.95e-03) appear to be higher in pre-frail/frail women (coloured 
squares in Fig. 4d, for values see lower half of Table 3b). Vitamin D 
deficiency and anomalies in blood composition both have recently 
gained more attention regarding their associations with frailty, although 
not in the sex-specific context as reported here (Shardell et al., 2009; 
Zhou et al., 2016; Spira et al., 2019; Mitchell et al., 2022). These results 
support the hypothesis of sex-specific physical frailty, with men more 
likely to exhibit an imbalanced physical shape, whereas pre-frail/frail 
women are more likely to present physiological anomalies or deficits, 
such as elevated white blood cell counts or vitamin D deficiency. These 
results suggest a potential sarcopenia-frailty link in men, as low ALM 
and fat mass-lean mass imbalance are top contributors. In contrast, 
pre-frailty in women appears more related to exhaustion and physio
logical factors such as inflammation and hormonal status, pointing to 
depression and immune dysregulation as possible drivers.

3.5. Feature interactions reinforce distinct sex-specific pre-frailty 
mechanisms

Finally, we investigated the interacting relationships of the top ten 
contributing features that best describe the dispersion between the non- 
frail and pre-frail/frail participants in men-PM and women-BF models 
using the MANOVA additive formulation of the single features in rela
tion to the Fried et al. frailty phenotype (Fig. 5). Both the men (Fig. 5a) 
and women (Fig. 5b) model show increasing separation of non-frail and 
pre-frail/frail participants with every added feature up to all ten. The p- 
values for the various combinations of features peak for the men-PM 
model using the five following features: ALM-BMI ratio, ALM, whole 
body total BMD, left arm BMC, and left arm lean mass (MANOVA p- 
value = 2.36e-16). Noticeably, the single feature of ALM-BMI ratio 
shows a significant dispersion already (MANOVA p-value = 9.40e-15), 
and consequently this feature is included in all top combination of fea
tures (see table below Fig. 5a). Regarding the women-BF model, the best 
combination of features consists of vitamin D deficiency, oestradiol 
level, eosinophil count, HDL cholesterol level, and deoxypyridinoline in 
urine (MANOVA p-value = 9.21e-11). The best performing single 
feature remains vitamin D deficiency (MANOVA p-value = 1.40e-07), 
which is also included in all top combination of features (see table 
below Fig. 5b). With this approach, we substantiated the hypothesis that 
physical pre-frailty involves an accumulation of measurable deficits 
(Rockwood and Mitnitski, 2007; Lachmann et al., 2019), and that the 
nature of these deficits differs between sexes: in men, frailty aligns with 
traits of sarcopenia (ALM-BMI ratio, BMC, BMD), while in women, 
frailty aligns with hormonal insufficiency, immune activation, and 
exhaustion-related variables (white blood cell count, vitamin-D defi
ciency). Further analysis of the features’ combinatory effect shows 
increasing separation of the pre-frail/frail from non-frail participants by 
the raw, PCA-, and LDA-transformed values with the one, two, five, and 
ten top features (Fig. 5), with the LDA version yielding overall the 
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highest BCD-WCD ratio. Although this simplified approach of combining 
and transforming features does not mimic the processing of our pre
diction pipeline (see Tab. S4 for details), it still reveals important in
sights into the sex-specific differences of the physical frailty profiles.

3.6. Sex-specific patterns in medication use and other frailty-associated 
features

In conclusion, we were able to identify sex-specific pre-frailty pro
files in a cohort of individuals aged ≥ 60 years at the level of the Fried et 
al. 5-item frailty phenotype (Fig. 2), as well as at the level of currently 
known physical frailty-associated phenotypes (Fig. S1, Fig. S2, Table 1). 
Further analysis of this sex-specific divergence identified common, and 
more importantly, sex-specific frailty factors and patterns that subse
quently improved the machine-learning-based prediction performance. 
Post-hoc analysis of the top-contributing features additionally revealed 
that pre-frail/frail participants are more likely to suffer from accumu
lated organ deficits and alcohol consumption behaviour as well as 
medication intake (Fig. S6, Fig. S7, Fig. S8). Concerning the latter, this 
suggests that pre-frail/frail women could require more medication due 
to possible higher disease burden or health-seeking behaviour. The 

opposite effect in men indicates that men who are less frail are taking 
more medications, potentially due to effective management, proactive 
healthcare, or a mere survivor effect. These contrasting patterns in 
medication use between men and women may also reflect sex-specific 
differences in comorbidity burden or treatment adherence, which have 
already been reported in literature showing such disparities in older 
adults’ care and outcomes (Reid et al., 2022; Hessey et al., 2020; Dall
meier et al., 2020; Verschoor et al., 2024; Karanth, 2023; Wang et al., 
2024). However, the individual features show only very minor differ
ences between the healthy and pre-frail/frail participants (Fig. S10). 
This suggests that the machine-learning-based trained profile of 
pre-frail/frail participants is rather based on the interplay between the 
top contributing features. As such, our final exercise on the simple ad
ditive feature combinations was able to highlight the differences in men 
and women pre-frailty given their physical body shape and BF-based 
physiological profile, respectively (Fig. 5, Fig. S11).

3.7. Study limitations and conceptual framework considerations

There are several limitations to this study. During data cleaning, a 
substantial number of features with available data for at least 80 % of 

Fig. 5. Post hoc analysis of the best feature combinations shows increasing separation of the clusters between the best performing top single feature and the best 
combinations. The men (A) and women (B) subgroup data-driven models applied the respective sampling and scaling technique before undergoing MANOVA. 
Combinations from single to all ten features (1023 combinations in total) were tested and the performance was measured by the Wilk’s lambda coefficient and 
represented as “1-Wilk’s lambda”. The resulting p-value was log base-10 transformed. Significant combinations are marked in red while the best performing set of n 
features are marked in dark red star shapes and annotated with the respective n. Single features are represented by triangles, with significant single features coloured 
in black. The table underneath the figure shows the top ten features in decreasing performance order and the components of the n best combinations are highlighted 
in dark red (black in case of single top significant feature). The p-value threshold of 0.05 was adjusted by the Bonferroni method and is visualized by the horizontal 
dashed line. Below the tables are the raw values, principal component analysis and linear discriminant analysis of the best single feature and the best combinations of 
two, five, and all ten features. The various representations are annotated with cluster distance characteristics to describe the separation and tightness of the non-frail 
(green) and frail (red) clusters. A 95 % CI is applied, and the cluster median centres are depicted in star shapes. BF body fluids, PM physical measurements, RUS 
random under-sampling, SMOTE synthetic minority over-sampling technique, sign. Significant, BCD between-cluster distance, WCD within-cluster distance.
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participants needed imputation to retain as many participants as 
possible for the subsequent prediction analysis. We limited data leakage 
by imputing the train and test sets separately based on the statistical 
characteristics of the train set. Furthermore, the low number of partic
ipants affected by three or more Fried et al. frailty items (14 participants 
in total, 0.9 %) is a critical limitation to the statistical power and 
interpretation of findings related to full frailty. They have been merged 
with the pre-frail participants, potentially masking biomedical and 
pathophysiological constituents that could be able to describe not only 
the axis between non-frail and pre-frail/frail, but also the transition from 
pre-frail to frail in more detail. However, to mitigate the complete loss of 
these ‘true’ frail participants and their values, and to avoid resampling 
for this very small subset, pre-frail and frail participants were merged in 
one single category. Despite this, we were still able to investigate the 
performance of our binary-targeted models on the three original Fried et 
al. labels and showed that in fact the models were able to predict nearly 
all frail and most pre-frail participants correctly (Fig. 6). Here, the 
identified predictors in the combined pre-frail/frail models remain 
significantly predictive in the much smaller frail subgroup with 
increased sensitivities compared to the pre-frail subgroup. However, as 
the merged category is dominated by pre-frail participants, the present 
results reflect biomarkers of pre-frailty, not frailty. Pre-frail and frail are 
distinct clinical stages, and future studies with larger frail cohorts will be 
required to extend these findings to fully developed frailty. Another 
machine-learning-based limitation is the cross-validated scoring system 
in the case of imbalanced datasets, as after merging pre-frail and frail, 
there are still twice as many non-frail participants in the cleaned dataset. 
We addressed these limitations by selecting a validation score that pri
oritizes recall over precision, namely the F-β-2 score (see Eq. 2) and 
considered under- and over-sampling techniques during the training 
process to mitigate the data imbalance in BASE-II. Still, since the 
available biomedical feature space spans predictors that can be linked to 
Rockwood’s frailty index and accumulation of deficit model (Rockwood 
et al., 1994; Rockwood and Mitnitski, 2007), we acknowledge this 
conceptual discrepancy as potential source of overfitting or model bias, 
particularly when interpreting biomedical contributors to the Fried et al. 
frailty phenotype. We therefore framed our findings as exploratory and 
hypothesis-generating. Another major limitation of this study is the 
cross-sectional nature of the biomedical data used in the current anal
ysis, meaning that they only reflect a snapshot of the participants. 
Having access to multiple cross-sections at different timepoints would be 
important and interesting, e.g., it could help to investigate whether the 
false-positive participants would later develop frailty or not. Moreover 
importantly, our models were only validated using cross-validation 
techniques within the BASE-II cohort, and external validation in an 

independent dataset is needed to confirm generalizability of the pre
sented predictors. Finally, the analysis of the top feature combinations as 
shown with MANOVA is not exactly representing the model behaviour 
as it did during the training process. Instead, it is a simpler, linear, and 
independent representation of the combined features’ power to separate 
healthy from pre-frail/frail participants by simple addition of their 
scaled values, PCA-driven, and LDA-driven data transformation (Fig. 5). 
Altogether, further research is required to better understand the 
sex-specific differences in pre-frailty that we have thoroughly observed 
and analysed in BASE-II.

4. Materials and methods

4.1. BASE-II participants and frailty phenotype

BASE-II is an observational study including 2200 participants from 
age 20–35 and 60–85, recruited between 2009 and 2015 in the greater 
Berlin area, Germany (see https://www.base2.mpg.de/en, and refer
ences (Bertram et al., 2014; Baltes and Mayer, 1998; Demuth et al., 
2021). All BASE-II participants provided written informed consent 
before participation, and the study was conducted in accordance with 
the Declaration of Helsinki and approved by the Ethics Committee of the 
Charité – Universitätsmedizin Berlin (approval number EA2/029/09; 
date of approval: 19 March 2009). Participants attended a wide range of 
examinations resulting in the rich collection of psychological, genetic, 
medical, socioeconomic, and immunological data. Frailty in BASE-II was 
measured by the 5-item Fried et al. frailty phenotype (Fried et al., 2001), 
composed of the clinical variables WL, PA, EX, GS, and GA, with ad
justments described in Spira et al (Spira et al., 2015). (see Tab. S1). The 
presence of frailty was determined with the below Eq. (1) as the sum of 
positive frailty-related phenotypes to give a frailty score (FRscore). 

FRscore = WL+PA+EX+GS+GA (1) 

The Fried et al. frailty phenotype is derived from the resulting FRscore 

and participants are labelled as either non-frail (level 0, FRscore = 0), pre- 
frail (level 1, FRscore ∈ {1;2}), or frail (level 2, FRscore ≥ 3).

4.2. Data cleaning

In this study, a cross-section of the BASE-II cohort was analysed with 
a focus on the clinical and socioeconomic characteristics of the older 
study population. Data cleaning included the removal of features with 
low data coverage and participants missing the information to deter
mine the frailty phenotype, engineering of features for clinically rele
vant characteristics linked to frailty risk factors (i.e., vitamin D 

Fig. 6. Context-specific frailty predictions in terms of the Fried et al. frailty phenotype levels. Each model’s prediction performance of true frail, pre-frail, and non- 
frail are shown as number and percentage of the total context-specific BASE-II population, combining the training and test set participants. The best mixed-BF model 
yields sensitivities of 60.0 % in the pre-frail and 85.7 % in the frail subgroup, with a false positive rate (FPR) of 41.4 % and specificity of 58.9 %. The best men-PM 
model yields sensitivities of 70.5 % in the pre-frail and 83.3 % in the frail subgroup, with a FPR of 35.5 %, and specificity of 64.5 %. The best women-BF model yields 
sensitivities of 63.8 % in the pre-frail and 87.5 % in the frail subgroup, with a FPR of 41.9 %, and specificity of 58.1 %.
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deficiency (Shardell et al., 2009; Zhou et al., 2016; Spira et al., 2019), 
polypharmacy including reported drug side-effects, allergies, and 
drug-specific disease area (Gutiérrez-Valencia et al., 2018; Nwadiugwu, 
2020; König et al., 2018), and poly-dependency (Abreu et al., 2019)); 
the labelling of feature subgroups (10 subgroups: individual medications 
(IM), individual devices (ID), grouped medications (GM), surveys (SV), 
chronic morbidity (CH), grouped devices (GD), NT, PM, BF, and CG 
(Fig. 3a); splitting into training and test set; and imputation of the 
remaining missing values. With the scope of this study being the pre
diction of pre-frailty in older people, and the literature especially 
showing phenotypic relationships between older age groups and frailty 
(Lally and Crome, 2007; Clegg et al., 2013; Fulop et al., 2010; Rockwood 
et al., 1994; Abizanda et al., 2016; Holliday, 1995; Fedarko, 2011; Fhon 
et al., 2018), participants of age 60 or above were retained. Of the initial 
2171 participants with baseline data assessed in the medical part of 
BASE-II, 1671 satisfy this criterion.

4.2.1. Handling missing values and redundancies
In general, features with more than 20 % of missing values are 

considered not informative enough to describe the entire dataset for the 
task of training a prediction model (Broeck et al., 2005; Eekhout et al., 
2012). Of the initial 975 raw BASE-II features, 555 features had more 
than 20 % of missing values. Among those features, 506 binary variables 
are related to specific medication intake or using a specific helping de
vice (1 = yes, 0 = no). Due to the large number of such features and their 
sparsity (most participants reported using only a few), we later aggre
gated them into counts of total helping devices and total medication per 
target disease (see Section 4.2.3). For these features, missing values were 
likely the result of non-response rather than actual usage, and we 
therefore treated missing values as negative response. In contrast, 40 
other features related to clinical walking assessments were missing for 
most participants. The disruption in these features due to changes in the 
methodology, leaving them unusable for classification. The remaining 9 
features with low coverage were redundant and thus discarded. With 
919 remaining features having missing value coverage of less than 20 %, 
one additional feature related to sex was removed due to redundancy, 
being available both in Boolean (0 =men, 1 =women) and discrete form 
(1 =men, 2 =women). Furthermore, 159 participants were missing one 
or multiple frailty-related phenotypes necessary for Eq. (1) and were 
therefore removed. After handling the features with missing values and 
redundancies in BASE-II, the size of the dataset was reduced to 1512 
participants and 918 features.

4.2.2. Feature engineering
Feature engineering was performed to reduce the sparsity within the 

IM and ID features, and to combine the available measurements for two 
different methodologies of measuring 25-hydroxy-vitamin D levels in 
serum conducted in BASE-II. The IM subgroup constituted 452 features 
in total, reflecting various information on 124 drugs, including name, 
administered dose, active substance, and experienced side-effects. Like 
the approach of König et al. (König et al., 2018), we engineered the raw 
medication intake counts as a new feature called polypharmacy (ranging 
from 0 to 15) and summed up the number of experienced side-effects 
and allergies for each participant as cumulative side-effects (ranging 
from 0 to 3) and cumulative allergies (ranging from 0 to 2).

Furthermore, the drug-related disease area of the 124 drugs 
described in BASE-II was determined using the Drug Repurposing Hub of 
the Broad Institute (version of 24th May 2021, see https://clue.io/rep 
urposing-app, and reference (Corsello et al., 2017)), a curated collec
tion of more than 6700 drugs, either FDA-approved or in clinical trial, as 
well as the Drug Information Database Drugs.com (see https://www.dr 
ugs.com/drug_information.html, and reference (Leah Plumb, 2004)). 
With all correct FDA-approved names at hand, we extracted 93 unique 
drug interactions, 77 unique modes of action, and 18 disease areas. To 
effectively reduce the number of features related to IM, only the targeted 
disease area was retained (cardiology, dental, dermatology, 

endocrinology, gastroenterology, haematology, infectious disease, 
metabolism, nephrology, neurology/psychiatry, obstetrics/gynaecol
ogy, oncology, ophthalmology, orthopaedics, otolaryngology, pulmo
nary, rheumatology, and urology). The number of drugs targeting the 
same disease area was computed for each participant, ranging up to a 
maximum of 7 drugs (cardiology). Besides IM-derived polypharmacy, an 
identical approach was used to transform the ID information of the 
BASE-II participants (including 55 distinct assistive or helping devices) 
into the single feature poly-dependency, shown previously to be linked 
with medication intake, overcoming physical disabilities, moderate or 
severe frailty, and dementia (Abreu et al., 2019; Tomita et al., 2004).

Then, two low-coverage features related to 25-hydroxy-vitamin D 
levels in blood were identified in BASE-II with complementary missing 
values, representing two distinct measuring methods conducted during 
the study. As both features showed similar distributions, they were 
merged before computing the standard z-score, creating a new normally 
distributed feature of vitamin D levels. In addition to the merged z-score 
values, another binary feature representing vitamin D deficiency was 
engineered based on 25-hydroxy-vitamin D levels according to the 
recommendations of the Institute of Medicine (Spira et al., 2019; Ross 
et al., 2011), reporting 50 nmol/L or less as a threshold for vitamin D 
deficiency.

Lastly, the feature of interest, frailty phenotype, was scaled down 
from the three initial levels non-frail (FRscore = 0; N = 1028), pre-frail 
(2 ≥ FRscore ≥ 1; N = 470), and frail (FRscore ≥ 3; N = 14) to only 
two levels, the non-frail and pre-frail/frail group. Latter combines both 
pre-frail and frail, totalling 484 participants. This combination was 
necessary due to a pronounced imbalance between the three groups, a 
circumstance that could potentially exert a detrimental influence on the 
performance of machine-learning-based classification. Importantly, 
since this merged category consists almost entirely of pre-frail in
dividuals, results of this study should be interpreted as predictors of pre- 
frailty. No reliable inference about fully developed frailty is possible 
from this data.

Following feature engineering, the BASE-II dataset dimensions 
increased from 918 to 942 by 21 GM (side-effects, allergies, multiple 
disease areas and polypharmacy), one GD (poly-dependency), and two 
vitamin D-related engineered features (vitamin D level z-score and 
vitamin D deficiency status).

4.2.3. Stratified data splitting and imputation
Stratified splitting of the reshaped dataset was performed generating 

a training and hold-out test set with an 80-to-20 ratio using MATLAB’s 
Statistics and Machine-learning Toolbox cvpartition function with the 
hold-out method. This method ensures to preserve the same class dis
tribution in both sets and prevents bias in the model due to imbalanced 
class proportions (non-frail to pre-frail/frail ratio in complete BASE-II: 
2.12, training: 2.18, test: 1.90). Of the 1512 participants (746 men, 
766 women), 1210 composed the training set (593 men, 617 women), 
and 302 the test set (153 men, 149 women). Imputation was then per
formed in both training and test sets based on the information from the 
training set only. Discrete and binary features in the training and test set 
were imputed using the mode, while continuous features were imputed 
using the mean of the training set given their non-skewed distributions 
(Amballa, 2020).

4.3. Data processing

After the data has been cleaned and imputed, cohort characteristics 
were first computed for the most important frailty-related variables 
according to the literature, including sex (Spira et al., 2019; Gordon 
et al., 2017), age (Fulop et al., 2010; Fedarko, 2011), ALM, ALM-to-BMI 
ratio and sarcopenia (Spira et al., 2015; Fhon et al., 2018; Uchai et al., 
2023); as well as heart insufficiency (Uchmanowicz et al., 2014; Sze 
et al., 2019), vitamin D deficiency (Shardell et al., 2009; Zhou et al., 
2016; Spira et al., 2019), morbidity index (Espinoza et al., 2018; Tenison 
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and Henderson, 2020; Yarnall et al., 2017), and polypharmacy 
(Gutiérrez-Valencia et al., 2018; Nwadiugwu, 2020; König et al., 2018). 
Subsequently, the dataset was cleared from features used for feature 
engineering then split by sex and partitioned by the subgroups that have 
the most available information (PM, NT, CG, BF). Furthermore, we 
removed constant and highly correlated features within each sex- and 
context-specific combination. This data processing part is the first main 
step of the pipeline we have created for this study (see https://github. 
com/sysbiolux/Clinical_Biomarker_Detection) and is an indispensable 
step before applying machine-learning-based strategies for classification 
in the second step. Data processing and machine-learning were per
formed using the python programming language and the 
High-Performance Computing (HPC) facilities of the University of 
Luxembourg (see https://hpc.uni.lu/, and reference (Varrette et al., 
2022)).

4.3.1. BASE-II cohort characteristics
In Table 1, we conducted comparative analysis of the cohort char

acteristics between the non-frail and pre-frail/frail participants in 
mixed-sex, men, and women. The statistical significance between each 
group was computed using the Welch’s unequal variance T-test 
(WELCH, 1947) (with the equality of variance determined by the Lev
ene’s test) for continuous features, and the Cramér’s V correlation al
gorithm (Cramér, 1946) corrected for binary and discrete feature data 
types (Bergsma, 2013). The characteristics are either presented in mean 
and standard deviation (continuous features), or the counts of the cat
egories (binary and discrete), and their interquartile range (discrete).

4.3.2. Data filtering and partitioning
Of the 942 cleaned and imputed cohort features, the two sparse 

subgroups IM (N = 453) and ID (N = 55) were taken care of during the 
feature engineering and thus were removed from the dataset. Addi
tionally, seven features related to the Fried et al. frailty phenotype were 
removed as they directly or indirectly represent the five frailty charac
teristics WL, PA, GS, GA, and EX, as well as the resulting FRscore. The 
reduced dataset is further separated by sex, resulting in three distinct 
datasets: mixed-sex, men, and women. While each dataset underwent a 
classification exercise using all remaining subgroups, denoted ‘ALL’, we 
additionally conducted context-specific experiments for the largest 
subgroup datasets, namely BF, PM, NT, and CG (N ≥ 40), resulting in 15 
distinct models (Fig. 3a-b).

4.3.3. Removing constant and near-constant features
A first round of quality checks of the partitioned datasets consisted of 

the identification of strictly constant (identical) features or near- 
constant (extremely low variance-to-mean ratio or positive cases) fea
tures (see Fig. 3c). For each analytical context (mixed-sex, men, 
women), only a very few strictly constant features were identified and 
thus removed. Considering near-constant features, two distinctions were 
made to identify them either within the continuous features or the bi
nary and categorical features. In the realm of continuous features, two 
arbitrary thresholds were considered to define near-constancy by using 
the variance-to-mean ratio of 0.01 and 0.001 as cut-off. With this, only 
features were kept that, considering their mean, show at least a 1 % or 
0.1 % variance to it within the population. All datasets and partitions 
thereof were assessed for both suggested thresholds, and the best per
forming thresholds were retained. Near-constant binary or categorical 
features were removed if the lowest class count is below the number of 
CV splits applied in the machine-learning part, which was set to 10 
splits. A more detailed summary of the number of constant and near- 
constant features that have been removed in each model can be 
reviewed in the supplementary files (Tab. S2).

4.3.4. Removing highly correlated features
A subsequent round of quality check of the datasets and partitions 

thereof aimed to identify and remove features that are highly correlated 

to each other based on predefined correlation coefficient thresholds for 
every possible data-type association. Not only was the dimensionality of 
each dataset further reduced by this step, but it was also cleaned of 
redundant features that would not necessarily bring additional infor
mation to the models but rather make it more complex and more prone 
for the risk of errors. Three different data-type associations were 
considered, and their correlations computed appropriately: the 
continuous-continuous associations using the Spearman rank coefficient 
(Spearman, 1904), the categorical-categorical associations using the 
Cramér’s V correlation coefficient corrected for binary and discrete 
feature, and the continuous-categorical associations using the point 
bi-serial correlation coefficient (Glass and Hopkins, 1996). For each of 
the three associations, multiple thresholds were tested and the thresh
olds leading to the best performing downstream classifications were 
retained (see Fig. 3d-e, and supplementary figures Fig. S3a-b). For 
continuous-categorical associations, the features removed were always 
selected from the group of continuous features. The number of features 
removed in each category can be reviewed in the supplementary files 
(Tab. S2).

4.4. Machine-learning

The second main part of the pipeline is dedicated to the machine- 
learning-based classification. Due to the imbalance of frailty in BASE- 
II, the datasets were resampled based on two distinct approaches: RUS 
and SMOTE (Chawla et al., 2002). Then, feature scaling and dimen
sionality reduction were applied. We assessed three scaling strategies 
(min-max, standard, and robust scaler) and retained for each dataset the 
strategy that contributed to the best prediction performance of frailty. 
Reducing the dimensionality was performed using the two linear ap
proaches of PCA and LDA, as well as the non-linear kernel PCA for 
continuous features, whereas discrete features were directly selected 
using the k best features correlated to the frailty phenotype target. 
Therefore, we assessed two different correlation statistics, namely 
chi-squared (χ2) and Cramér’s V correlation coefficient corrected for 
binary and discrete data types. As the order of manipulations (resam
pling and feature transformation) can affect the prediction performance 
and no preferred order is given for the scenario of imbalance classifi
cation (Zhang et al., 2017), we assessed both possibilities and observed 
that first resampling followed by feature transformation was always the 
more performant strategy to predict frailty.

The resampled and transformed datasets were then passed to a SVM 
classifier (Boser et al., 1992) using linear and non-linear kernels. The 
best-fitting model parameters in each scenario were identified using the 
exhaustive CV grid search method for large ranges of hyper-parameter 
values (Fig. 3e). Model selection was based on the best CV F-β-2 score 
during training, which emphases recall twice as much as precision (see 
Eq. 2), making it particularly suitable for tasks where minimizing false 
negatives is a high priority in imbalanced datasets. 

Fβ =
(
1+ β2) ∗

precision ∗ recall
(
β2 ∗ precision

)
+ recall

(2) 

Each model was evaluated using multiple metrics during the CV, the 
training process, and within the hold-out validation test set (Fig. 3f). 
These metrics include the ROC, diagnostics odds ratio (DOR), true 
positives (TP), and true negatives (TN). From the best models, feature 
contributions were assessed using feature permutation, which measures 
the difference in model CV training score when single feature values are 
randomly permuted to mimic a perturbation in the machine-learning 
based prediction system (Breiman, 2001). A detailed summary of the 
minimum information for medical artificial intelligence reporting (see 
(Hernandez-Boussard et al., 2020)) can be found in Tab. S3.

4.4.1. Hyper-parameter optimization and stratified k-fold cross-validation
Hyper-parameter optimization and stratified k-fold CV were 
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performed using exhaustive grid search of preselected parameter ranges 
(see Tab. S4) using stratified 10-fold CV while training, and the F-β-2 
scorer (see Eq. 2). For each partition of the data (by sex and by feature 
subgroups), we documented the most suitable models and restricted 
their optimal parameters to a more limited range. This process of 
constraint iteration was repeated up to four times, depending on 
whether it could lead to enhanced performance of the model. For the 
combined subgroups model, the best performance was achieved after 
one single iteration in the case of the mixed-sex and men model, after the 
third one in the women model, and the fourth one in the other subgroup- 
specific models.

4.4.2. Measuring feature importance
For each optimized model, feature importance was assessed using 

systematic feature permutation, in which features were randomized 
individually at least 500 times, and the resulting CV score are compared 
to the original ones. The contribution of each feature is represented by 
the mean and standard deviation of change of the optimized CV score 
after shuffling. Feature robustness was determined via z-score. We 
limited the analysis of the best contributing features to only the top 
thirty features with the largest change in CV score. Importantly, per
mutation scores reflect the relative significance of individual feature in 
the model, not their standalone predictive power.

4.4.3. Subsequent feature extractions that improved sex-specific models
Next, we further investigated the top features for each model. The 

top thirty features were reused as input features, and two to three 
context-specific hallmarks were further added if they were not already 
within these thirty features. This approach improved the prediction 
performance in specific contexts: subgroup-driven men model using PM, 
and all-driven women models using all clinical subgroups combined. In 
the PM subgroup-driven men model, the raw ALM in grams and kilo
grams were added to the thirty most contributing features and showed a 
higher performance using the same information in two different units. 
For the all-driven women model, raw ALM in kilograms, vitamin D 
deficiency and vitamin D levels z-score were added. These models also 
underwent hyper-parameter optimization to constraint the parameters 
and further enhance the performance, which was observed after two 
iterations in both cases.

4.4.4. Multi-variate model evaluation
All hyper-parameterisation exercises used the F-β-2 scorer to eval

uate the stratified 10-fold CV and select the best fitting model. Although 
this scorer prioritizes recall over precision, it does not guarantee that the 
model with the highest F-β-2 score has a better recall than precision. As 
this was observed in early experiments. To address this, we supple
mented the CV evaluation with independent five times 10-fold CV ROC 
and precision-recall (PR) curves to better assess the training perfor
mance. In addition to CV, F-β-2, ROC, and PR were measured for the 
overall training performance and the hold-out validation test set. DOR, 
F-β-1, and accuracy were also measured in the overall training and test 
set. TP and TN were recorded from the hold-out test set as well.

4.4.5. Post-hoc feature contribution analysis
The ten most contributing features for each model were analysed for 

their individual and combined influence on the distinction between non- 
frail and pre-frail/frail participants in the training set. This included 
deficits (vitamin D deficiency, heart insufficiency, and sarcopenia) in the 
mixed-sex model, medication intake (ophthalmology and gastroenter
ology) in the men model, and alcohol intake in the women model. In 
each case, the proportion of pre-frail/frail participants is represented in 
the respective figures. Associations between the individual top contin
uous features and the frailty phenotype were analysed in a combined 
error bar and letter-value plot for the non-frail and pre-frail/frail mixed- 
sex, men, and women. The mean z-score difference between pre-frail/ 
frail and non-frail participants of all available continuous features was 

plotted and significant top ten features were highlighted. For the non- 
continuous features, the Cramér’s V correlation coefficient corrected 
for binary and discrete data types was plotted with a significance 
threshold of 0.10. In both exercises the p-value thresholds were adjusted 
using the Bonferroni method. Feature combinations were then analysed 
using the linear MANOVA method (formula: “feature1 + feature2 + … +

featuren ∼ target”), reporting Wilk’s lambda coefficient as well as the 
best combinations (1 ≤ n ≤ 10). Given the multifactorial nature of 
frailty, this post-hoc analysis allowed us to evaluate the collective 
contribution of selected features, aiming to identify combinations with 
enhanced discriminatory power beyond what univariate analyses could 
capture (Beam et al., 2015). In the examples of the men-PM and wom
en-BF models, the resulting combinations of the best two, five, and all 
ten features were plotted as raw values and in the form of reduced di
mensions using PCA and LDA to showcase how well they separate 
non-frail from pre-frail/frail participants.
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Grudzień, K., 2014. Frailty in heart failure. Curr. Heart Fail Rep. 11 (3), 266–273.

Varrette, S., Cartiaux, H., Peter, S., Kieffer, E., Valette, T., Olloh, A., 2022. Management 
of an academic HPC & research computing facility: the ULHPC experience 2.0. 
Proceedings of the 2022 6th High Performance Computing and Cluster Technologies 
Conference [Internet]. Association for Computing Machinery, New York, NY, USA, 
pp. 14–24. https://doi.org/10.1145/3560442.3560445.

Vaz Fragoso, C.A., Enright, P.L., McAvay, G., Van Ness, P.H., Gill, T.M., FRAILTY, A.N.D., 
2012. Respiratory impairment in older persons. Am. J. Med. 125 (1), 79–86.

Verschoor, C.P., Theou, O., Ma, J., Montgomery, P., Mossey, S., Nangia, P., et al., 2024. 
Age- and sex-specific associations of frailty with mortality and healthcare utilization 
in community-dwelling adults from Ontario, Canada. BMC Geriatr. 24 (1), 223.

Wang, C.W., Lebsack, A., Chau, S., Lai, J.C., 2019. The range and reproducibility of the 
liver frailty index. Liver Transpl. 25 (6), 841–847.

Wang, H. yu, Zhang, M., Sun, X., 2024. Sex-specific association between socioeconomic 
status, lifestyle, and the risk of frailty among the elderly in China. Front. Med. 〈http 
s://www.frontiersin.org/articles/10.3389/fmed.2021.775518〉.

Welch, B.L., 1947. The generalization of ‘student’s’ problem when several different 
population varlances are involved. Biometrika 34 (1–2), 28–35.

Woo, J., Yu, R., Wong, M., Yeung, F., Wong, M., Lum, C., 2015. Frailty screening in the 
community using the FRAIL scale. J. Am. Med Dir. Assoc. 16 (5), 412–419.

Xu, L., Zhang, J., Shen, S., Hong, X., Zeng, X., Yang, Y., et al., 2020. Association between 
body composition and frailty in elder inpatients. Clin. Interv. Aging 15, 313–320.

Xue, Q.L., 2011. The frailty syndrome: definition and natural history. Clin. Geriatr. Med. 
27 (1), 1–15.

Yarnall, A.J., Sayer, A.A., Clegg, A., Rockwood, K., Parker, S., Hindle, J.V., 2017. New 
horizons in multimorbidity in older adults. Age Ageing 46 (6), 882–888.

Zhang, C., Bi, J., Soda, P., 2017. Feature selection and resampling in class imbalance 
learning: which comes first? An empirical study in the biological domain. 
International Conference on Bioinformatics and Biomedicine (BIBM) [Internet]. 
IEEE, pp. 933–938. 〈https://ieeexplore.ieee.org/abstract/document/8217782〉.

Zhou, J., Huang, P., Liu, P., Hao, Q., Chen, S., Dong, B., et al., 2016. Association of 
vitamin d deficiency and frailty: a systematic review and meta-analysis. Maturitas 
94, 70–76.

J. Didier et al.                                                                                                                                                                                                                                   Mechanisms of Ageing and Development 228 (2025) 112114 

18 XIX

http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref59
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref59
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref60
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref60
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref61
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref61
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref61
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref61
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref62
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref62
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref62
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref63
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref63
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref64
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref64
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref64
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref64
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref65
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref65
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref65
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref66
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref66
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref66
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref67
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref67
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref68
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref68
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref68
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref69
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref69
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref70
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref70
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref70
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref70
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref71
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref71
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref71
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref72
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref72
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref72
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref73
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref73
https://doi.org/10.1145/3560442.3560445
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref75
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref75
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref76
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref76
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref76
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref77
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref77
https://www.frontiersin.org/articles/10.3389/fmed.2021.775518
https://www.frontiersin.org/articles/10.3389/fmed.2021.775518
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref79
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref79
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref80
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref80
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref81
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref81
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref82
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref82
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref83
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref83
https://ieeexplore.ieee.org/abstract/document/8217782
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref85
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref85
http://refhub.elsevier.com/S0047-6374(25)00090-9/sbref85


Machine Learning-based Identification of Biomarkers in Clinical Cohort and Cancer Cell Line Data 
 
Appendix of original publications 
 

XX 

Appendix A2: TOD 

 

Article title: Time-of-day effects of cancer drugs revealed by high-throughput deep 

phenotyping 

 

Contributions: Data analysis 

  Discussion and interpretation of results 

  Method section writing (concerning techniques we applied) 

  Figure 6; S6; S7 

 

DOI link: https://doi.org/10.1038/s41467-024-51611-3 

 

Published in: Nature Communications 

https://doi.org/10.1038/s41467-024-51611-3


Article https://doi.org/10.1038/s41467-024-51611-3

Time-of-day effects of cancer drugs revealed
by high-throughput deep phenotyping

Carolin Ector1,2, Christoph Schmal3, Jeff Didier 4, Sébastien De Landtsheer 4,
Anna-Marie Finger 5,9, Francesca Müller-Marquardt1,10,
Johannes H. Schulte 6,11, Thomas Sauter 4, Ulrich Keilholz1,7,
Hanspeter Herzel3,8, Achim Kramer 5 & Adrián E. Granada 1,7

The circadian clock, a fundamental biological regulator, governs essential
cellular processes in health and disease. Circadian-based therapeutic strate-
gies are increasingly gaining recognition as promising avenues. Aligning drug
administration with the circadian rhythm can enhance treatment efficacy and
minimize side effects. Yet, uncovering the optimal treatment timings remains
challenging, limiting their widespread adoption. In this work, we introduce a
high-throughput approach integrating live-imaging and data analysis techni-
ques to deep-phenotype cancer cell models, evaluating their circadian
rhythms, growth, and drug responses. We devise a streamlined process for
profiling drug sensitivities across different times of the day, identifying opti-
mal treatment windows and responsive cell types and drug combinations.
Finally, we implement multiple computational tools to uncover cellular and
genetic factors shaping time-of-day drug sensitivity. Our versatile approach is
adaptable to various biological models, facilitating its broad application and
relevance. Ultimately, this research leverages circadian rhythms to optimize
anti-cancer drug treatments, promising improved outcomes and transforma-
tive treatment strategies.

The circadian clock is a central regulator of multiple physiological and
behavioral processes found in cyanobacteria, plants, fungi, and animals.
In mammals, the hierarchical organization of the circadian system
ensures coordinated biological rhythms from the level of the individual
cell to the whole organism level1. Primate and mouse studies showed
thatprotein-codinggenes are rhythmically expressed in a tissue-specific
by up to 80% and 40%, respectively2,3. These clock-controlled genes
regulate key biological processes such as metabolism4,5, cell
proliferation6, immune response7, DNA repair, and apoptosis8.

Disruptionof the circadian system is classified as a carcinogen and
is associated with multiple cancer subtypes9–12. Cancer hallmarks such
as sustained proliferation and metastasis13,14 have been linked to the
circadian clock15,16 andpatientswithmutations in circadian clockgenes
exhibit lower survival rates17–19. Beyond its role in cancer development,
the circadian clock directly interacts with therapeutic targets that
affect drug responses19–21. Consistent with these observations, recent
works have shown that administration of chemotherapeutic agents
aligned with the circadian rhythm changes their degree of efficacy
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throughout the day20,22–24. Despite the broad recognition of the bene-
fits of circadian-based drug treatments22,25,26, an efficient strategy to
identify optimal treatment times remains elusive, creating abottleneck
in the implementation. In addition, the mechanisms shaping time-of-
day (ToD) sensitivity profiles remain widely unknown.

Here, we introduce a method for the thorough characterization of
time-of-day responses in tumor and healthy tissue cell models (Fig. 1).
Using an array of experimental and data analysismethodswe perform a
deep-phenotyping of the critical cellular factors underlying time-of-day
responses, i.e., the circadian clock strength, growth dynamics and drug
response features.We thendeploy a high-throughput strategy toobtain
ToD profiles in a panel of drugs and cell linemodels. Comparing tumor
versus non-tumor ToDprofiles provides candidate treatment timings to
increase efficacy and reduce toxicity. We subsequently integrate our
dataset with publicly available gene-expression databases to rigorously
address three fundamental questions in the field of circadian pharma-
cology, known as chronopharmacology. These questions are: (A) What
is the optimal time of day for drug treatment? (B) Which cell subtype
benefits the most from circadian-aligned drug treatment? and (C) How
do cellular features shape time-of-day profiles? Finally, we define a
chronotherapeutic index, ranking cellular models and drug agents that
stand to gain the most benefit from circadian-based treatments.

Results
Deep circadian phenotyping in cancer cell models
Despite the increasing recognition of the role of the circadian clock in
cancer progression and treatment response, the extent to which dif-
ferent cancer subtypes maintain circadian rhythmicity remains poorly

understood. To address this andquantitatively characterize the degree
of rhythmicity of cancer cell models, we implement an approach that
integrates recordings of circadian clock activity with comprehensive
time-series analysis techniques, as depicted in Fig. 2a. To robustly
characterize the circadian clockmolecular network, wemonitored the
positive and negative feedback arms of the molecular clock using a
combination of two circadian luciferase reporters for Bmal1 and Per2
(Fig. 2b). In Fig. 2c we show representative raw luciferase signals from
the breast cancer cell line MDAMB468 and the corresponding
detrended and normalized signals27. As expected for a robust func-
tional clock network, Bmal1 and Per2 signals show stable anti-phasic
expression patterns throughout the recording (Fig. 2c and Supple-
mentary Fig. 1a, b).

Circadian clock strength varies in cancer andhealthy cellmodels
Following the acquisition of Bmal1 and Per2 expression dynamics, we
conducted a comprehensive circadian phenotyping of the signals. To
accurately capture different aspects of the circadian clock dynamics,
we implemented a strategy that integrates three complementary time-
series analysis techniques, i.e., autocorrelation (AC), continuous
wavelet transform (CWT), and multiresolution analysis (MRA). The
rationale behind using this complementary analysis is to harness the
strengths of each technique; AC for identifying stable temporal fea-
tures, CWT for revealing time-dependent amplitude and period
changes, and MRA for extracting multi-scale features, ensuring a
comprehensive understanding of the signal dynamics. Using this
approach we screened a broad panel of cell models, including non-
malignant breast epithelial MCF10A, cancer cell models of various

Fig. 1 | Framework for identifying optimal treatment times in cancer and
healthy tissue models. Schematic of the experimental and computational frame-
work to thoroughly characterize time-of-day drug responses in a variety of cell
subtypes, such as cancer and non-malignant cell models. A combination of live
recordings is implemented for the deep phenotyping of circadian strength, growth
dynamics, and drug responses that shape time-of-day profiles. Using a novel
streamlined experimental approach, time-of-day sensitivity profiles are obtained in

tumor and non-malignant cell models, providing best and worst timings for
increasedefficacy and reduced toxicity (toppanel). A tandemcomputational pipeline
integrates the deep phenotypingmetrics as well as gene expression data of circadian
clock genes to quantitatively address three fundamental questions in chron-
opharmacology (bottom panel). Combining multiple signatures, we define a chron-
otherapeutic index, ranking cellularmodels anddrug agents by their size-effect gains
from drug treatments aligned with the circadian clock (bottom right panel).
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entities (breast cancer, neuroblastoma, and sarcoma) as well as two
knockout variants of osteosarcoma U-2 OS cells with a single deletion
in the circadian clock gene Cry1 (U-2 OS sKO) or paired with a deletion
in the Cry2 locus28 (U-2 OS dKO).

Autocorrelation is a robust method for estimating the periodic
quality of a signal, particularly for time series whose properties remain
stable over time, known as stationary signals. Calculating the auto-
correlation function from each recording provides the strength and
period values, obtained from the second peak ordinate and abscissa
(lag), respectively (Fig. 2d). This analysis showed a wide range of cir-
cadian strengths across models with the U-2 OS wild-type ranking
highest with a median autocorrelation value of 0.74, whereas U-2 OS
sKO and U-2 OS dKO variants ranked lowest with median correlation

values of −0.04 (p = 7.7 × 10−12) and 0.09 (p = 1.4 × 10−10), respectively
(Fig. 2e). Heterogeneity between and within cancer types was further
observed for the oscillation period ranging from short periods of ~ 21 h
in HCC1806 and U-2 OS sKO cells (p =0.83) to longer periods of ~ 26h
in MDAMB468 and MCF10A cells. U-2 OS dKO (34.8 h, p = 8.2 × 10−5)
and the neuroblastoma cell line SH-SY5Y (39.2 h) showed periods well
above the circadian range and were excluded from this analysis
(Fig. 2f). Consistent with these results, detrended signal traces of the
different cell models and additional breast cancer cell lines indicate
high variability in circadian clock signals across the models tested
(Supplementary Fig. 1c).

To capture non-stationary features of circadian signals, such as
unstable periods and fluctuating amplitudes, we implemented

Fig. 2 | Determining circadian clock strength in cancer and healthy tissue cell
models. a Schematic of the deep circadian phenotyping approach. b Simplified
circadian feedback loops involving Bmal1 and Per2. c Raw and processed signals
fromMDAMB468-Bmal1/Per2-Luc cells.d Example of autocorrelation (AC) analysis.
The arrow indicates 2nd peak and abscissa (lag). Dashed lines = 95% CI. e Boxplot of
AC values and (f) lags of signals from various cell models. g Wavelet power spec-
trum (bottom) from continuous wavelet transform (CWT) showing time-resolved
periods of detrended-amplitude-normalized signals from MDAMB468-Bmal1-Luc
cells (top). Red line =main oscillatory component (ridge). h Boxplot of CWT ridge
lengths from various cell models. Box bounds in (e, f, h) are defined by the 25th and
75th percentiles. Extending whiskers represent data points within 1.5 times the
interquartile range from lower and upper quartiles. Red lines and crosses denote
the median and outliers, respectively. n = 12 samples, collected from Bmal1-/Per2-
reporters, with 6 samples per reporter (n = 2 biological replicates á technical tri-
plicates or duplicates [HCC1806 Per2-Luc]). n = 6 for U-2 OS KO-lines (Bmal1-Luc-
only) and MCF10A (single experiment). n = 9 for MDAMB468 (Per2-Luc: single

experiment). n = 17 for SH-SY5Y (biological triplicates with technical triplicates or
duplicates). i Multiresolution analysis (MRA) of detrended MDAMB468-Bmal1-Luc
signal. % = fraction to signal. j Scatterplot of normalized MRA noise versus circa-
dianicity components from the indicated cell models. The shaded area covers an
unattainable range. Data represents the mean ± s.d. of multiple samples per
reporter cell line (see above). kBar diagram ranking cell models by global circadian
strength, integratingmin-max scaled parameters fromAC (peak), CWT (ridge), and
MRA (circadianicity) for Bmal1-Luc and, where applicable, Per2-Luc signals. Data
represents mean ± s.d of scaled parameters (n = 6, except U-2 OS knockouts where
n = 3 parameters). Only the positive s.d. is shown. Color coding in (b–I, k) corre-
sponds to Bmal1 (yellow) and Per2 (blue) reporters. Color coding of cell models in
(e, f, h, j,k) corresponds to tissueorigin. One-wayANOVAandTukey’s post-hoc test
compared U-2 OS WT and KO cell lines, where **, ***, and **** indicate p-values of
5.7 × 10−3, 4.8 × 10−4 and ≤0.0001, respectively. n.s. = non-significant. Source data
for (c–k) are provided as a Source Data file.
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continuous wavelet transform, a prevalent technique for analyzing
dynamic temporal signals29. Figure 2g shows a CWT power spectrum
heatmap of the Bmal1 signal from the MDAMB468 example. The
heatmap displays signal components (0–40h period) over the 120-h
recording, color-coded by relative power (see “Methods”). Time-
connected regions of high relative power mark the signal’s main
oscillatory component, referred to as the ridge. Strong signals exhibit
continuous long ridges whereas weaker signals have short and dis-
continuous ridges. As a complementary measure of clock strength, we
quantified the ridge length from all our recordings. Our analysis shows
that U-2 OS cells have a well-maintained clock with a median ridge
lengthof 4.1days, closely followedbyMCF7,MDAMB468, andMCF10A
cells (3.4–3.8 days). U-2 OS sKO and dKO cells showed ridges shorter
than two days (1.9 days [p = 5.7 × 10−3] and 1.5 days [p = 4.8 × 10−4],
respectively) (Fig. 2h).

While both autocorrelation and continuous wavelet transform,
provide insights into the most significant signal component, they do
not quantify how the signal is distributed among non-circadian fre-
quencies. To obtain more comprehensive signal information and an
analogous signal-to-noise metric, we next implemented multi-
resolution analysis. MRA involves decomposing the detrended signal
into four distinct component bands, namely the noise (1–4 h), ultra-
dian (4–16 h), circadian (16–32 h), and infradian (32–48 h) components
(see “Methods”). In Fig. 2i, we present an example of MDAMB468
Bmal1-Luc where 75.9% of the signal is in the circadian range, 4.7% in
the noise and the remaining 19.4% in the ultradian or infradian range.
To obtain an analogous signal-to-noise measure of all recorded cell
models, we plotted the circadian component (“circadianicity”) versus
the noise component and observed a broad range of ratios (Fig. 2j).
Consistent with our previous analysis, U-2 OS cells show strong circa-
dian signal with the lowest noise levels (< 1%) and the highest pro-
portion of circadian components (~ 93%) for both reporters. Knockout
of Cry1 or Cry1/Cry2 reduced the circadian component to 59%
(p = 5.8 × 10−6) and 40% (p = 2.0 × 10−8), respectively, while increasing
the noise component by 5.8-fold in the single knockout and by 209-
fold in the double knockout. This signal-to-noise analysis map indi-
cates that signals from the Per2-reporter were slightly more circadian
and less noisy than those from the Bmal1-reporter (Fig. 2j and Sup-
plementary Fig. 1d).Bmal1 and Per2 exhibit unique oscillatory patterns,
reflecting distinct biological pathways within the circadian clock sys-
tem. Their individual behaviors might offer valuable insights into the
functionality of the circadian rhythm. To streamline our analysis and
facilitate comparison, we averaged the values of Bmal1 and Per2 in
Fig. 2e, f, h, and k. However, for a more detailed examination, separate
analyses for each can be found in Supplementary Fig. 1e, f.

Finally, to obtain a global strength metric, we normalized each
circadian parameter to its respective maximum value across all tested
cell linemodels and computed themean, facilitating a gradual ranking
of cell models from low to high circadian strength (Fig. 2k, see
“Methods”).

In summary, by using a multi-faceted approach to characterize
circadian rhythms in the different models tested, we identified het-
erogeneous circadian clock phenotypes, suggesting a strong clock in
U-2 OS, MCF7, MDAMB468, and MCF10A cells and an impaired but
present clock inGIMEN andHCC1806 cells. These results challenge the
common expectation that most cancer cells have a weak clock and
underscore the significance of defining gradual metrics of circadian
strength in a model-specific manner.

Growth and drug response dynamics in cancer cell models
Together with circadian potency, cell growth dynamics and how cells
respond to drug treatment in time are expected to influence responses
throughout the day. Thus, we next evaluated growth characteristics
and drug sensitivities across a spectrum of drug and cell line models.
To showcase our approach’s ability to detect within-subtype

differences, we examined nine cell lines of the triple-negative breast
cancer (TNBC) subtype alongside the non-malignant MCF10A breast
cell model. The TNBC cell lines were analyzed across severalmolecular
subtypes as classified by Lehmann et al., specifically the basal-like 1
(BL1), basal-like 2 (BL2), and mesenchymal-like (MES) TNBC subtypes.
Growth and drug sensitivity assays in cancer models often rely on
single time point measurements (e.g., ATP-based viability and replat-
ing assays) that provide a time-averaged snapshot. However, cancer
cells respond dynamically to drugs, with temporally evolving effects,
so conclusions drawn from single time point data can potentially mask
the true effects of drugs.Toaccurately capture the dynamicsof growth
and drug response, we implemented a time-resolved live-cell imaging
setup, directly counting cell nuclei in a fluorescence channel, while
simultaneously evaluating confluency in the complementary bright-
field channel (Fig. 3a). Figure 3b shows representative snapshots of
both imaging channels from MDAMB468 cells under untreated con-
ditions. Frame-by-frame quantification provides growth trajectories
for each cell model tested (Supplementary Fig. 2a), with MDAMB468
cells showing a 5.3-fold increase in growth and reaching a ~ 100%
confluency after 4 days (Fig. 3c). Quantification of doubling times
(DTs) calculated from confluency and cell numbers correlated well
across the 10 cell line models tested (R2 = 0.69) (Supplementary
Fig. 2b). Upon examining the normalized cell number trajectories, we
observed substantial variability in growth across the cell line models,
ranging from approximately 2- to 16-fold over the 4-day recordings
(Fig. 3d). To capture growth signatures from the entire recording, we
fitted an exponential function to each time series and obtained the
growth rate k for each trajectory (Fig. 3e). As expected, cell number
growth rates and doubling times exhibit a strong anticorrelation
(R2 = 0.83) (Fig. 3f and Supplementary Fig. 2c).

Next, we studied the response of the cancer cell models upon
treatment with a panel of seven drugs targeting a broad range of
mechanisms and pathways, i.e., the DNA synthesis inhibitors 5-FU and
doxorubicin, mitosis-inhibiting alisertib and paclitaxel, the PI3K/AKT/
mTOR inhibitor torin2, as well as cisplatin and olaparib which target
the DNA damage response (DDR) pathway (Fig. 3g). We then tracked
responses to a broad range of drug concentrations, as exemplified in
Fig. 3h by MDAMB468’s olaparib treatment. Here, doses up to 1.5 µM
resulted in slightly slower growth relative to the control, while 6.3 µM
of olaparib significantly hindered growth, and ≥ 25 µM led to total
inhibition and cell death. Fitting an exponential function to growth
curves yielded positive growth rate values for weak doses while higher
doses resulted in negative growth rates, indicating population decline.
Using this approach, we next quantified the response and stratified all
tested cell lines and drugs.

Multi-parametric evaluation of drug sensitivity reveals hetero-
geneity between and within models
Accurate assessment of drug effects is essential for identifying exploi-
table weaknesses in cancer treatments. Traditional drug sensitivity
metrics, like the IC50 (thedrugconcentration that reduces cell countsby
50% relative to the control), can be greatly influenced by factors such as
the assay duration and the number of cell divisions between drug
administration and the final evaluation of drug sensitivity. These factors
can inadvertently introduce artefactual correlations and lead to mis-
interpretations of drug sensitivity results. To obtain robust drug sensi-
tivity metrics, we employed the normalized growth rate inhibition (GR)
approach as described by Hafner et al.30. Here, growth rates under-
treated and untreated conditions are compared and normalized to a
single cell division. Fitting a dose-response equation toGR-values yields
five drug sensitivity parameters, namely, the concentrations at half-
maximal effect (GEC50) and at which GR =0.5 (GR50), the drug effect at
the infinite concentration (GRinf), the steepness of the sigmoidal fit (Hill
coefficient), and the area over the curve (GRAOC) (Fig. 3i). Moreover, the
GR value directly reflects cellular response phenotypes, indicating
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partial growth inhibition for values between 0 and 1, complete cytos-
tasis for a value of 0, and signifying cell death in the range from0 to − 1.
Interestingly, when the same cell line was treated with different cancer
drugs at their respective concentration evoking a saturating GRinf
response, distinct drug-dependent trajectories emerged (Fig. 3j). This
underscores the importance of a time-resolved approach for

characterizing drug sensitivity across different drugs and, accordingly,
across distinct cell line models.

We next compared a subset of drug-sensitivity metrics and cell
line models for the different drugs tested (Fig. 3k–m). While most
drugs were able to induce death in the subset of cell lines to varying
degrees, we identified three drugs that resulted in partial growth

Fig. 3 | Unravelinggrowthanddrug responsedynamics through long-term live-
cell imaging. a Schematic of the experimental setup. NLS= nuclear localization
sequence. b Snapshots of MDAMB468 growth in brightfield (top) and red-
fluorescent channel (bottom). Ruler = 400 µM. c MDAMB468 confluency (black)
and cell numbers (red) over time. d Normalized growth curves of indicated cell
models. BL1, BL2, and MES refer to TNBC subtypes basal-like-1/-2, and mesenchy-
mal-like, respectively. EP = epithelial. e Exponential fit (solid line) for MDAMB468
growth curves, yielding growth rate (k), and fit accuracy (R2). Dots represent nor-
malized cell numbers averaged across 9 images taken per well. The shaded area
represents the standard deviation. f Bar diagrams of doubling times and growth
rates, sorted in descending order from highest to lowest growth rates. Parameters
calculated from growth curves, averaged across 9 images taken per well (CAL51,
HCC38, HCC1806, HCC1937, MDAMB231, MDAMB468), or across six control wells
from later described time-of-day experiments.g Schematicof pathways targetedby
drugs used in this study. h Cell numbers and growth rates of MDAMB468 cells
treated with varying olaparib doses (color-coded) or solvent (dashed line). Data

represents the mean±s.d. of two plates. i Dose-response curve of GR-values, high-
lighting various drug sensitivity metrics. The underlying data corresponds to the
example shown in (h). Error bars=95%CI. jNormalized cell numbers ofMDAMB468
treated with approximate GRinf doses of the indicated drugs. Data represents the
mean ± s.d. of two plates or mean±s.e.m of 9 images taken on a single plate (cis-
platin). k–m Hierarchical clustering of drug sensitivity parameters across cell-drug
combinations. GEC50-values are shown relative to the approximate GRinf dose.
n Pearson’s correlation coefficients of sensitivity parameters shown in (k–m) and
additional combinations (Supplementary Data 1; n = 50 cell-drug combinations per
parameter, except for EC50-values where n = 49 due to fitting constraints). Denoted
are significant pairwise correlation coefficients (two-sided test with no adjustments
made), where * indicate p-values of 0.03 (Hill coeff. vs. GRAOC) or 0.018 (Hill coeff.
vs. GR50), **p-value of 0.0016, ***p-value of 0.0015, and ****p-values≤0.0001. Data
in (k–n) is based on the mean of two plates, or 9 images taken per well on a single
plate (cisplatin). Source data for (b–f, h–n) are provided as a Source Data file.
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inhibition of HCC1806, namely olaparib, 5-FU and alisertib (Fig. 3k).
Hierarchical clustering of GRinf −values revealed a grouping of the
two TNBC cell lines and while this clustering was maintained for the
GEC50-values (Fig. 3l), the Hill coefficient resulted in a different
clustering of the cell lines (Fig. 3m). To explore the potential rela-
tionships between various sensitivity metrics, we combined data
from multiple drugs and cell models and computed cross-correla-
tions, revealing significant associations among GEC50, GR50,
and EC50-values (p ≤ 0.0001) (Fig. 3n). In addition, significant yet
less pronounced correlations emerged between the Hill coefficient
and different drug sensitivity parameters, whereas the GRinf and
GRAOC-values showed minimal correlation with other metrics.
For complete GR curves and information on additionally tested cell
lines and drugs, see Supplementary Fig. 3 and Supplemen-
tary Data 1.

Variability throughout the day depends on the drug and
cell model
The presence of a robust circadian clock combined with drugs that
efficiently affect growth in a tumor model are promising pre-
requisites for identifying drug variability throughout the day.
However, these prerequisites do not provide a priori insights into
the specific time-of-day response profile. To systematically screen
ToD drug sensitivities, we developed an experimental strategy
designed to significantly reduce the investigator’s workload and
number of consecutive drug perturbations, thereby increasing
throughputness, reproducibility and accuracy (Fig. 4a). In this
approach, cell populations are seeded 24 h prior to the start of
continuous live-cell imaging followed by performing a 3-step cir-
cadian clock resetting protocol in which separate cell populations
receive a dexamethasone pulse at three different times (0, 4, 8 h).
To test cells in later stages of the circadian cycle, drugs are admi-
nistered at their estimated half-effective dose 32 and 48 h after the
first resetting step, creating a range of time differences between
reset and treatment of 0, 4, 8, 16, 20 and 24 h in relative circadian
time (Fig. 4a, right panel). The effects of the different treatment
times on cell growth were monitored by live-cell imaging up to
day 6, enabling the evaluation of drug responses for 4 days in both
treatment groups, as shown for the alisertib-treated TNBC cell line
HCC1937 in Fig. 4b. In typical ToD assays, cells are constantly pro-
liferating during the 24 h of ToD treatments, resulting in varying
cellular densities at the time of the drug treatments. These varying
cell densities have the potential to influence drug responses in vitro,
possibly concealing or introducing bias when determining ToD-
specific drug effects. To account for different cell densities at the
time of treatment, drug responses are determined as the ratio of the
number of cells at the time of each treatment to the number of cells
96 h after each treatment, keeping the time window from treatment
to evaluation identical across conditions (Fig. 4c, left panel). To
highlight relative response differences within a day, results are
presented relative to the circadian time of 0 h. Values > 1 indicate
increased resistance, while values < 1 indicate higher sensitivity
compared to treatment at time 0 h (Fig. 4c, right panel). We quantify
the maximum variability in relative responses as the ToD Maximum
Range (ToDMR).

Our next objective was to explore the variability of ToD profiles
of different drugs within a subset of TNBC cells. To accomplish this,
we screened ten cell line models shown in Fig. 3 treated with eight
different drugs, generating approximately 80 ToD profiles
(Fig. 4d, e and Supplementary Fig. 4a, b). Comparing examples from
individual cell lines, namely HCC1937 and MCF10A, revealed that
HCC1937 exhibited relatively conserved ToD profiles, whereas the
non-malignant cell line showed greater ToD variability for the dif-
ferent drugs (Fig. 4d). Furthermore, ToD sensitivity profiles varied
significantly from drug to drug (Fig. 4e and Supplementary Fig. 4b),

suggesting that ToD profilesmay be highly dependent on the cancer
cell model and drug mechanism of action.

To assess varying time-of-day sensitivities across all tested cell line
models and drugs, we calculated the corresponding ToDMR value for
each drug-cell combination (Fig. 4f). Averaging the ToDMR-values per
drug and cell line revealed a gradual ranking of ToDvariability for each
drug and cellmodel tested (Fig. 4g).Within the drug panel, the highest
and lowest ToD variability was observed for cisplatin and alisertib,
respectively, with a ~ 2-fold difference in the average ToDMR value
(Fig. 4g, top panel). Similarly, the ToD variability of the tested cell lines
varied by ~ 2-fold, with MCF10A showing the highest and HCC38 the
lowest average variability. Considering only cancer cell lines,
SUM149PT ranked highest and showed a similar degree of ToD sensi-
tivity variability as the non-malignant cell line (Fig. 4g, bottom panel).

To assess the impact of circadian clock disruptions on ToD-
dependent drug sensitivity, we evaluated circadian-perturbed U-2 OS
Cry1/2-dKO cells, alongside wild-type cells that demonstrated the
strongest circadian rhythms in our assessments (see Fig. 2). Using our
ToD treatment approach (see Fig. 4a), we tested three drugs which
elicited high ToD response variations in our breast cancer panel (see
Fig. 4g), and which target distinct molecular pathways. Our results
demonstrate substantial ToD-dependent drug sensitivity in WT cells
and markedly reduced responses in Cry1/2-dKO cells (Supplementary
Fig. 4c). Specifically, ToDMR-values decreased by 62% for cisplatin, 58%
for paclitaxel, and 40% for 5-FU in Cry1/2-dKO compared to WT cells
(Supplementary Fig. 4d), highlighting a critical role of the circadian
clock in influencing drug sensitivity throughout the day.

Together, our findings reveal distinct ToD profiles across most
tested drugs and models, highlighting individualized ToD sensitivity
within distinct drugs and cell models despite the common TNBC
categorization and shared drug-target pathways.

Determining treatment times for maximum drug effect
The critical factor in the design of future chronotherapeutic treat-
ments may be not only the sensitivity of cancer cells but rather the
differential time-of-day sensitivity between cancer and non-malignant
tissues26. To illustrate this, we compared the ToD response profiles of
TNBC cancer cell models with the profile of MCF10A, as shown for
HCC1937 and alisertib in Fig. 4h. In this case, the cancer and non-
malignant cell models show an antiphasic ToD response profile, with
an almost inverted profile. By calculating the greatest response dif-
ferences between the two cell models, we determined the treatment
times of maximum and minimum benefit (Fig. 4h–j). Analyzing the
entire panel of tested drugs per cell line model and plotting polar
density histogramsof the times ofmaximumandminimumbenefit, we
found that the highest overall benefit is achieved at 10–12 h and
18–20h in the treatment of HCC1937, while earlier treatment times of
the day yield minimum benefit. In contrast, SUM149PT and
MDAMB231 show a single prominent timewindow throughout the day
that provides maximum treatment benefit (Fig. 4i). In addition to cell
model-to-model variability in the benefit times, we explored the drug-
to-drug variability by calculating the polar density histogram for the
individual drugs tested across all cell linemodels (Fig. 4j). 5-FU showed
a clear preference for administration between 8 and 10 h, while torin2
and paclitaxel showed more variability in maximum and minimum
benefit times, indicating different response relationships to the non-
malignant cell model across the cancer cell lines tested.

Finally, we quantified the extent of maximum and minimum
treatment benefit by calculating the corresponding fold changes in
ToD responses between the cancer and non-malignant cell model
(Fig. 4k). By averaging these fold changes across cell lines and drugs,
we established a ranking referred to here as the “chronotherapeutic
index”. While the average ToD variability highlights the benefits of a
single model (Fig. 4g), the chronotherapeutic index reveals distinc-
tions between the cancer models and the non-malignant MCF10A cell
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Fig. 4 | Time-of-day drug sensitivity is drug and tissue model dependent.
a Schematic of the experimental setup to screen for time-of-day (ToD) responses.
Three clock-resetting steps are performed in 4-h intervals. Drugs are administered
32or 48 hours post initial reset, resulting in six circadian times (0, 4, 8, 16, 20, 24 h).
Growth is monitored by long-term live-cell imaging. Timelines on the right depict
experimental (top) and relative circadian times (bottom), color-coded by each ToD
tested.bCell counts of HCC1937 treated with alisertib at different times of the day.
Normalization to the respective time of treatment. c Cell numbers 4 days post-
treatment versus treatment times, corresponding to (b) (left). ToD response curve
(ToD-RC) depicting relative responses to ToD 0h. Blue arrows mark the maximum
ToD response range (ToDMR) (right). d ToD-RCs for HCC1937 (left) or MCF10A
(right) cells treatedwithdifferent drugs (color-coded). eToD-RCs for 10 cellmodels
treated with paclitaxel (left) or doxorubicin (right). Color coding of cell models
according to tissue origin. fHierarchical clusteringofToDMR-values across drug-cell

combinations. Values above 0.2 are shown. Data clustering with the UPGMA
method and Euclidian distance. g Bar diagrams ranking ToDMR-values per drug
(top) and cell model (bottom). h ToD-RCs for alisertib-treated HCC1937 tumor and
MCF10A non-tumor cells overlaid, yielding maximum and minimum benefit times.
Data shown in (b–h) represents the mean ( ± s.d.) of two plates. i Polar histograms
for benefit times across cell models (n = 7–9 drugs, as indicated in the figure) and
j, drugs (n = 9 cell models). k Butterfly charts depicting fold changes relative to
MCF10A at benefit times, averaged per cancer cell model (left,) and drug (right).
Color-coding of maximum and minimum benefit times is shown in (h–k) in green
and red, respectively. Data are shown in (g and k represents mean ± s.d. of tested
cell models per drug (n = 9 cell models; alpelisib and cisplatin: n = 8) and vice versa
(n = 8 drugs; HCC1806 and SUM149PT: n = 7). For clarity, one-sided error bars are
shown. Source data for (b–k are provided as a Source Data file.
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model, therebyoffering valuable insights into the potential advantages
of adopting a chronotherapeutic-based schedule. It’sworthnoting that
the rankings based solely on average ToD variability within a single
model or drug didn’t align completely with the ranking of the chron-
otherapeutic index. This emphasizes the importance of evaluating
effects in relation to healthy tissues when considering chronotherapy
applications (Fig. 4g, k).

To sum up, our findings emphasize distinct chronotherapeutic
response dynamics in vitro between cancer and healthy cell models,
underscoring two key objectives of chronotherapy: pinpointing opti-
mal treatment times to maximize cancer toxicity while minimizing
impacts on healthy tissues.

The relationship between time-of-day profiles and clock,
growth, and drug sensitivity metrics
The time-of-day sensitivity in cancer models results from complex
interactions involving the circadian clock, cancer cell growth, and drug
responses. However, the specific mechanisms governing these inter-
actions remain largely unknown. To address this, we employ statistical
tools, including linear regression, dominance analysis, and determi-
nant ranking, to uncover themain parameters influencing a key aspect
of ToD sensitivity curves, namely the maximum range in responses
(ToDMR) (Fig. 5a). To explore how individual metrics relate to ToDMR-
values, we first performed pairwise linear regression analysis
(Fig. 5b–f). We considered each circadian channel individually or
combined and found the strongest and most significant correlations
for clock metrics from the Bmal1 channel (Fig. 5d and Supplementary
Fig. 5a, see Supplementary Data 2 for a complete set of circadian
metrics across the cell models tested). ToDMR-values of 5-FU were
significantly correlated with amplitudes (r =0.8, R2 = 0.6) and the
prominence of the circadian component (circadianicity) of the Bmal1
signal (r = 0.7, R2 = 0.43), whereas other circadian clock metrics were
poorly associated (Fig. 5b, d). On the other hand, we observed no
significant and rather low associations for ToDMR-values and growth
metrics aswell as forToDMR-values anddrug sensitivitymetrics (Fig. 5c,
e, f). To identify the best associated individual metric and drug, we
integrated all correlations and generated a ranking as shown in Fig. 5g.
For the different metrics, we observed the highest correlation for the
amplitude (r =0.43 ± 0.02,mean± s.e.m.). Among the individual drugs,
adavosertib ranked highest in overall correlation (r =0.39 ± 0.03,
mean± s.e.m.) between ToDMR-values and the different metrics. Rela-
tive average associations between all metrics and ToDMR-values were
predominantly positive, with only five metrics demonstrating inverse
relationships (Supplementary Fig. 5b). Notably, only one drug, pacli-
taxel, displayed average negative associations across all metrics. To
further test the associations between individual cellular parameters
and ToDMR-values, we applied a linear regressionmodel and compared
calculated versus actualToDMR-values of up tofive newcell linemodels
in Bland-Altman plots (Supplementary Fig. 5c, see Supplementary
Data 3 for the complete new dataset). This revealed mean biases of
−0.04, −0.05, and 0.06 between calculated and actual ToDMR-values
for the clock, growth, anddrug sensitivitymetrics, respectively. As also
shown in Supplementary Fig. 5c, mean biases are near zero and most
predicted data points lie within the limits of agreement, which indi-
catesminimal overall bias and good agreement between the predicted
and observed data points.

While linear regression approaches are robust for examining
individual metrics, they do not provide relative information about
which metrics have the most significant impact on ToDMR-values. To
address this, we used dominance analysis and systematically tested all
possible combinations of metrics. By measuring how much each
metric improved the accuracy of the model when added or removed,
we identified the highest contributing ones to the ToDMR-values of the
different drugs. For alpelisib, our analysis identified the amplitude of
Bmal1 signals as the most important factor, accounting for 42% of the

observed ToD sensitivity variability (Fig. 5h). In contrast, paclitaxel and
adavosertib showed the most homogeneous distribution of individual
contributions, with no single metric appearing especially important.
Considering the shares of each determinant combined for all drugs led
to a ranking of determinants as shown in Fig. 5i. Here, we observed the
largest contributions for the Bmal1 amplitude (mean= 21.9%) and
smallest for the Hill coefficient of drug response curves (mean = 9.9%).

In summary, we were able to identify systematic dependencies of
the maximal time-of-day drug sensitivities and different circadian
clock, growth, and drug sensitivity parameters.We have further shown
that the relative importance of the different determinants varies sub-
stantially depending on the specific drug, highlighting the importance
of considering multiple factors in understanding the time-of-day
dependent variability of drug response in a cell model.

Differential impact of core clock genes in shaping time-of-day
sensitivity of cancer models
Beyond a cancer model’s circadian clock, growth, and drug features,
the expression levels of core circadian clock genes are likely to con-
tribute to the time-of-day sensitivity profiles. Thus, we explored the
connection between the expression patterns of 16 essential clock
genes and the maximum range in ToD sensitivity profiles (ToDMR). We
defined core clock genes as those that directly control the
transcriptional-translational feedback loops of the molecular clock
network and whose dysregulation or mutations result in disrupted
circadian rhythms31,32. The selected gene panel displayed distinct
expression patterns across the TNBC cell lines tested (Supplementary
Fig. 6a). To examine potential relationships between core clock genes
and ToDMR-values, we used three different methods, namely linear
correlation analysis, dimensionality reduction by linear discriminant
analysis (LDA) and principal component analysis (PCA) (Fig. 6a).

Linear correlation analysis revealed significant correlations
between ToDMR-values of five tested compounds from our drug panel
and selected core clock genes (Fig. 6b). Focusing on the mitosis inhi-
bitor paclitaxel, we identified particularly strong anticorrelations with
the expression levels of Per3 (r = −0.88, R2 = 0.78) and Dbp (r = −0.72,
R2 = 0.51) (Fig. 6b, c). Yet, the overall correlation between circadian
clock genes and ToDMR-values was relatively weak, which was also
apparent when accumulating absolute correlations per drug or per
metric (Supplementary Fig. 6b). Here, the highest overall correlationof
ToDMR-values were found for cisplatin (r = 0.40 ± 0.21, mean± s.d.),
whilePer2wasmost associatedwithToDMR-values among the circadian
clockgenepanel (r = 0.48 ±0.20,mean± s.d.) (Supplementary Fig. 6b).

To assess the cumulative impact of circadian gene expression on
the strength of time-of-day effects as indicated by the ToDMR-values,
aiming to uncover more complex patterns that might not be explain-
able through linear correlations alone,weproceeded to apply LDAona
drug-by-drug basis. To do so, we first categorized cell models into two
groups based on the median ToDMR-value for each drug. Figure 6d
provides an example using paclitaxel, effectively separating the data
into groups of high and low ToDMR-values. Implementing LDA to
examine the individual linear discriminant components of each circa-
dian clock gene revealed a clear ranking of genes in terms of their
importance in discriminating the cell lines into the two ToDMR groups.
For paclitaxel, the core clock genes Cry2, Dbp, and Per3 were the most
important contributors to the specific discrimination, collectively
accounting for approximately 46% of the discriminative information
(Fig. 6d, right panel). Importantly, the contribution of each gene in
discriminating between ToDMR-response groups varied for the tested
drugs, suggesting that either the drug or the drug targets may interact
differently with the molecular components of the circadian clock
(Supplementary Fig. 6c–i). To explore the circadian clock’s impact on
ToD sensitivity across various drug treatments, we assessed the overall
contribution of each gene by cumulating their effects across all drugs.
This revealed modest overall contributions, with the highest ranking
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Rorβ accounting for 10.5% ± 9.6% (mean± s.d.) of the discriminative
information (Fig. 6e).

While LDA is a powerful method to determine the discriminatory
contribution of the individual core clock genes, PCA allows for iden-
tifying underlying patterns and relationships among the different
genes. For paclitaxel, PCA distributed the cell models well along the
first twoprincipal componentswhich combined explained 73.7%of the

variability among the different ToD sensitivity profiles (Supplementary
Fig. 6j, left panel). Ranking of the PC loadings showed that the degree
of contribution of each circadian clock gene in shaping the PCA out-
come was highly individual. For paclitaxel, Csnk1d was the major
contributor to the ToD sensitivity variability within the first principal
component, while along the second principal component, Clock
ranked as the main contributor (Supplementary Fig. 6j, right panels).

Fig. 5 | Clock and drug sensitivity metrics shape ToD curves. a Computational
approach to investigate how circadian rhythms, cell growth dynamics, and drug
sensitivity factors influence the time-of-day (ToD) drug efficacy.b and c Example of
linear correlations between ToDMR and circadian (b) or drug sensitivity parameters
(c), for 5-FU (n = 10 cellmodels) and cisplatin (n = 5 cell models), respectively. Color
coding of cell models according to tissue origin. The central black line represents
the regression line. Gray-shaded area = 95% CI of the linear regression fit. Model
accuracy is indicated by R2-values. d–f Hierarchical clustering of Pearson correla-
tion coefficients (r) between ToDMR-values of different drugs (rows) and the
respective metric (columns) for clock strength (d, n = 10 cell models), growth
(e, n = 10 cell models) or drug sensitivity (f, n = 5 cell models). r-values ≥0.5 and ≤ -
0.5 are shown. Black rectangles indicate examples shown in (b and c). Significant
pairwise correlations (two-sided test with no adjustments made) are indicated by
stars, where *, and **, denote p-values ≤0.05 and 0.01, respectively. Exact p-values:
Alisertib-AC-Lag = 0.011; Alisertib-Period-2d = 0.004; Doxorubicin-Ridgelength =

0.030; Doxorubicin-AC-Lag = 0.014; Doxorubicin-Period-2d = 0.012; Alpelisib-
Amplitude= 0.002; 5-FU-Circadianicity = 0.044; 5-FU-Amplitude =0.007. Note:
sample size in (d–f) for alpelisib = n-1; and for cisplatin =9. g Bar diagrams ranking
the absolute correlation between ToDMR-values, and eachmetric depicted in (d–f),
ranked by metric (n = 8 drugs) or by drug (n = 14 metrics). Data represents the
mean ± s.e.m. For clarity, one-sided error bars are shown. h Hierarchical clustering
of the dominance analysis matrix showing the individual contribution of the cir-
cadian clock, growth, anddrug sensitivity parameters (columns) inpredicting drug-
dependent ToDMR-values (rows). Colors indicate the percentage contribution, as
detailed in the color bar. See key for d–f for sample sizes (n). iBoxplot of the overall
contribution of cellularmetrics to predict ToDMR-values, corresponding to (h). Box
bounds are defined by the 25th and 75th percentiles. Extending whiskers represent
data points within 1.5 times the interquartile range from lower and upper quartiles.
Red lines denote the data’s median, and white circles themean. Source data for b–i
are provided as a Source Data file.
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Collectively, our findings suggest limited associations between
individual expression levels of core clock genes and the observed
ToD maximum ranges within the examined cell lines. However, we
found interesting relationships when considering the circadian
clock gene panel as a collective, indicating potential connections
between the molecular circadian clock and drug-dependent time-
of-day sensitivity.

Discussion
While the fundamental role of the circadian clock in influencing dis-
ease progression and treatment response is widely recognized22,33,34,
our understanding of the underlying biological mechanisms remains
fragmented. Approaches that enable the precise study of drug per-
turbations and treatment responses within controlled circadian-timed
environments play apivotal role in advancingour understandingof the
effects regulated by the circadian clock. To date, there has been a
notable absence of standardized methodologies for the comprehen-
sive exploration of the chronotherapeutic potential of drugs and
cancermodels. In thiswork,wepresent an integrative approach for the
high-throughput quantification of time-of-day response profiles and
the elucidation of circadian, growth, and drug sensitivity factors that
shape these profiles (Fig. 1). This innovative method holds significant
promise for advancing biological discovery, offering a robust platform

to explore the intricate interplay between circadian rhythms, cellular
growth, and drug timing efficacy.

Despite the general expectation that the circadian clock is likely
dysregulated in highly transformed cancers19,33, our approach reveals
robust rhythms in numerous cancer cell models (Fig. 2). Furthermore,
our assessment of circadian rhythms in non-malignant epithelial cells,
luminal breast cancer cells, and osteosarcoma cells aligns with prior
research28,35–37, underscoring the versatility of our approach in eluci-
dating circadian clock properties across various cancer and tis-
sue types.

Among these, we focused on triple-negative breast cancer, a
highly aggressive and heterogeneous subtype, representing about 15%
of diagnosed breast tumors. Current therapies are ineffective, with
cytotoxic chemotherapy still being an integral part of treatment
despite limited efficacy and severe side effects38. Our investigation into
the growthdynamics anddrug responses ofmultipleTNBCcellmodels
has generated a diverse array of metrics. Notably, our results indicate
that our set of drug sensitivitymetrics, namely theGR50,GEC50,GRAOC,
GRinf, and theHill coefficient, exhibitmilder correlations to each other,
which is in agreement with recent studies39. This challenges the con-
ventional binary classification of sensitive versus resistant models and
suggests that drug sensitivity rankings are rather drug-dependent and
sensitivity metric-specific (Fig. 3).

Fig. 6 | Gene expression analysis unveils diverse roles of circadian genes in
determining time-of-day patterns. a Approach to identify the role of core clock
genes in determining the strength of time-of-day (ToD) drug sensitivity.
b Hierarchical clustering of Spearman rank correlation coefficients between drug-
dependent ToDMR-values (rows) and core clock genes (columns). Black boxes indi-
cate examples shown in (c). Statistical significance of the correlations are indicated
as stars, where * and **, denote p-values ≤0.05 and0.01, respectively. Exactp-values:
Paclitaxel-Per3=0.002; Paclitaxel -Dbp =0.030; Cisplatin-Dbp =0.021; Torin2-Dbp =
0.036; 5-FU-Per2=0.050; Alpelisib-Bmal1 =0.021; Alpelisib-Per2=0.047. Cisplatin
and alpelisib: n= 8 cell lines, else n= 9 cell lines. c Example of linear correlation
analysis between paclitaxel ToDMR-values and Per3 or Dbp expression levels mea-
sured as log2(TPM). Color-coded data points indicate different cancer cell models.
The gray continuous line indicates the normal distribution fit of the samples. Gray-

shaded area = 95% CI of the linear regression fit. Model accuracy is indicated by R2-
values. Top and lateral histograms indicate the count of samples along the range of
gene expression, and ToDMR-values, respectively. n= 9 cell lines. d Linear dis-
criminant analysis (LDA)onmedian-basedbinarizedToDMR-values for paclitaxel. Cell
models with ToDMR-values below or above the median (M) are colored in blue and
red, respectively (middle and left panel). The contribution to the obtained dis-
criminative information is shown in percentage for each of the circadian clock genes
(right panel). e Boxplot showing the mean-based ranking of overall discriminative
contributions of each circadian clock gene across all tested drugs. n= 8 drugs. Box
bounds are defined by the 25th and 75th percentiles. Extending whiskers represent
data points within 1.5 times the interquartile range from lower and upper quartiles.
Red lines denote the data’s median, and white circles the mean. Source data for b–e
are provided as a Source Data file.
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By implementing our screening approach for the profiling of drug
sensitivities across different times of the day, we generated approxi-
mately 80 distinct time-of-day sensitivity profiles, unveiling a wide
range of sensitivity variations across drugs and cell line models (Fig. 4
and Supplementary Fig. 4). We then ranked models by their time-of-
day sensitivity and observed up to 30% response differences
throughout the day for the top scoring models. We further detected
substantial variation in time-of-day sensitivity among the panel of
drugs tested, revealing time-of-day dependent drug effects. Consistent
with previous findings, we show time-of-day dependent variability in
responses to the DNA synthesis inhibitors 5-FU22,23,40 and
doxorubicin22,41 as well as to the DNA intercalator cisplatin22,41. Fur-
thermore, we have introduced a chronotherapeutic index, which
gauges the relative advantages of adopting a circadian-based drug
schedule. Various non-malignant cell models may be employed for
calculating this index, tailored to the particular disease model under
investigation. For example, fibroblast models, whose strong circadian
rhythms have been described in several works42–44, are expected to
show unique relationships with cancer models in terms of sensitivity
patterns at different times of the day.

Delving into the molecular mechanisms that potentially govern
time-of-day sensitivity, our method has unraveled key relationships
between circadian clock dynamics, growth patterns, and drug sensi-
tivities, all of which significantly impact time-of-day drug responses. It
is noteworthy that the specific contribution of these parameters varies
depending on the drug under consideration, underscoring the multi-
factorial nature of time-of-day dependent variability in drug reactions
(Fig. 5). Aiming to simplify the circadian analysis and to provide an
overarching view of circadian clock dynamics, we initially combined
Bmal1- and Per2-signals in Fig. 2. However, separate evaluations of the
circadian genes, as presented in Supplementary Fig. 1e and f, proved
crucial to elucidate the significant impact of oscillatory Bmal1
dynamics on ToDMR-values.

In an exploratory approach, we identified limited associations
between expression levels of core circadian clock genes and ToD
sensitivities (Fig. 6). This may hint at a more complex role of the
molecular circadian clock network in this context, where distinct
associations might be masked by high redundancy and interconnec-
tion between core clock genes. In addition, our results could indicate a
discrete role of the cell cycle in shaping our observed ToD sensitivity
profiles45–47, which also invites for further research in that context.

Assessing the cumulative impact of circadian gene expression on
ToDMR-values, we found differential contributions of each circadian
gene in discriminating between high and low ToD-dependent sensi-
tivity based on the drug tested. To investigate whether this observa-
tion underlies variations in the expression levels of the drug targets,
follow-up explorations involving e.g., mRNA or protein quantification
techniques performed at different times of the day could be con-
ducted in future studies focusing on themolecularmechanismsofToD
sensitivity.

Given their recognized influence on pharmacodynamics22,33,34, our
study primarily focused on circadian rhythms. Nevertheless, our mul-
tiresolution analysis of Bmal1 and Per2 oscillatory signals uncovered
distinct alternate rhythms of shorter and longer periods, as illustrated
in Fig. 2i, j. The significant impact of independent 12-h ultradian
rhythms on stress responses has been previously documented for
mammalian cells48 and constitutes an interesting field for future
research in the scope of our time-of-day drug sensitivity profiles.

Despite employing a robust method to introduce luciferase
reporters and validating several circadian results, as well as using
population-based recordings of non-clonal cell lines, our approach
does not rule out the potential impact of random reporter insertions
on circadian clock estimation. Moreover, while our findings are pri-
marily based on in vitro models and are not directly applicable to
treatment recommendations, our framework can be directly applied to

model organisms of higher complexity, such as 3D patient-derived
organoids and animalmodelswhere the circadian clock canbe tracked.

Altogether, we provide a comprehensive method to determine
optimal drug treatment times for complex diseases and to identify the
cell subtypes that will most benefit from a time-of-day based treat-
ment. Leveraging innovative experimental and computational techni-
ques our approach further elucidates the specific biological features
that shape time-of-day response profiles, thereby advancing our
understanding of the cellular mechanisms that drive time-of-day sen-
sitivity. As a result, our method provides tools to uncover the cellular
mechanisms that govern time-of-day sensitivity, paving the way for
new biological discoveries.

Methods
Experimental methods
Cell culture. HCC1143, HCC1806, HCC1937, HCC38, and MDAMB468
cells were obtained from the American Type Culture Collection.
BT549, CAL51, MDAMB231, MDAMB436, and SUM149PT cells were
kindly provided by the Sorger lab (Harvard Medical School, Ludwig
Cancer Center, Boston, USA). MCF10A and MCF7 cells were kindly
gifted by the Brugge lab (Harvard Medical School, Ludwig Cancer
Center, Boston, USA). GIMEN and SH-SY5Y cells were provided by the
Schulte lab (Universitätsklinikum Tübingen, Clinic for Pediatrics and
Adolescent Medicine, Thübingen, Germany) and the U-2 OS reporter
cell lines by theKramer lab (Charité, Institute forMedical Immunology,
Berlin, Germany). MCF10A cells were maintained according to the
Brugge lab’s media recipe based on DMEM/F12 media (Gibco,
11320033) supplemented with 5% horse serum (Gibco, 26050088),
20 ng/ml EGF (Peprotech, AF-100-15), 0.5mg/ml Hydrocortisone
(Sigma, 50-23-7), 100 ng/ml Cholera Toxin (Sigma, 9012-63-9), 10 µg/
ml Insulin (Sigma, I1882) and 1% penicillin-streptomycin (Pen-Strep,
Gibco, 15140122). All other cell lines were maintained in RPMI 1640
(Gibco, 11875-093) supplemented with 10% fetal bovine serum (FBS)
(Gibco, A5256701) and 1% Pen-Strep. For bioluminescence recordings
and long-term imaging, cells were cultured in FluoroBrite DMEM
medium (Gibco, A1896701) supplemented with 10% FBS, 300mg
L-Glutamine (Gibco, 25030024) and 1% Pen-Strep. Cells were kept at
37 °C in a humidified 5% CO2 environment and regularly tested for
mycoplasma.

Generation of reporter cell lines. To produce lentivirus carrying
constitutive red-fluorescent nuclear reporters, HEK293T cells at 80%
confluence were transfected with a mix of 1.8μg gag/pol packaging
plasmid (Addgene #14887), 0.7μg pRev packaging plasmid (Addgene
#12253), 0.3μg VSV-G envelope plasmid (Addgene #14888) and 3.2μg
of a plasmid with a EF1α-mKate2-NLS sequence. Lentivirus expressing
eitherBmal1- or Per2-promoter driven luciferase reporterwas produced
by transfecting HEK293T cells with 6 µg psPAX2 (Addgene #12260),
3.6 µg pMD2G (Addgene #12259) and 8.4 µg lentiviral expression plas-
mid (pAB-mBmal1:Luc-Puro or plenti6-mPer2:Luc-Blast, respectively).
Transfections were conducted using Lipofectamine 3000 (Invitrogen,
L3000015) according to themanufacturer’s instructions, andmediawas
replaced by RMPI 1640 medium supplemented with 10mM HEPES
(Gibco, 15630080) before adding the transfection mixture. Lentiviral
supernatant was collected after 48 h and 72 h and passed through a
0.45μm filter (Millipore, HAWP04700). For lentiviral transduction,
receiver cells at 70% confluence were incubated with a mix of 1ml
lentivirus-containing supernatant, 8μg/ml protamine sulfate (Sigma,
P4020), and 10μMHEPES for 6 h. Ensuing, cells were washed with PBS
(Gibco, 10010-015) and cultured in their regular culture medium for
2 days before starting antibiotic selection of transduced cells. To select
for transduced cells, cells were grown in a medium containing 5μg/ml
blasticidin (Adooq, A21608) or 2μg/ml puromycin (Gibco, A1113803)
according to the resistance cassette on the lentiviral expressionplasmid
until non-transduced control cells died. Details about the generation of
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the U-2 OS Cry1-sKO, U-2 OS Cry2-sKO, and U-2 OS Cry1/Cry2-dKO cell
lines can be found in the original publication by Börding et al.28.

Bioluminescence recordings. Cells expressing Bmal1- or Per2-pro-
moter driven luciferase reporters were seeded in 35-mmdishes (Nunc)
to reach approximate confluence on the following day. To account for
potentially different phases of single-cell circadian clocks in cell
populations, we collectively reset the circadian clocks by administer-
ing a standard dose of 1 µM dexamethasone49,50 (Sigma, D4902, dis-
solved in EtOH). After 30min incubation, cells were washed once with
PBS, and an imaging medium supplemented with 250μM D-Luciferin
(Abmole, M9053) was added. To avoid evaporation of the media
throughout the bioluminescence recordings, the dishes were sealed
with parafilm as described in Finger et al.49. Luminescence intensity
was monitored at 10-min intervals for 5 days in an incubator-
embedded luminometer (LumiCycle, Actimetrics). Bioluminescence
recordings were conducted using two biological replicates. For each
individual experiment, three, in some cases only two, technical repli-
cates were assessed. MCF10A cells have been tested on a single day
using three technical replicates.

Long-term live-cell imaging. All live-cell imaging experiments were
performed with cells expressing the fluorescent mKate2-NLS nuclear
reporter, seeded in 48-well plates (Falcon) at a density that saturates at
unperturbed growth conditions towards the end of each experiment.
Long-term live-cell imaging was conducted using an incubator-
embedded Incucyte live-cell widefield microscope (Essen
BioScience). Cells were imaged in the brightfield and for nuclei seg-
mentation and cell counting in the red channel (excitation:
567–607 nm, emission: 622–704 nm). Images were analyzed by frame-
by-frame nuclei counting with the in-built Incucyte software and
results were further processed in MATLAB. For experiments that
involved drug treatments, cells were seeded 1 day before starting the
live recordings, and imageswere taken using a 4xmagnification lens in
2 fields-of-views per well every 1–2 h for a total duration of 4–6 days.
Two independent plates per condition were assayed in a single
experiment. For drug response experiments with cisplatin, a single
plate per condition was assayed in a single experiment, imaged in 9
fields-of-views perwell using a 10xmagnification lens. For experiments
capturing unperturbed growth dynamics, 300–1000 cells, corre-
sponding to ~ 10% confluency, were seeded 2 days before starting the
live recordings. Using a 10xmagnification lens, 9 images per well were
acquired in 1–2 h intervals for a total duration of 4 days.

Dose-response curves. Drug stock solutions (100–10mM) were pre-
pared in DMSO and preserved at − 20 °C. Cisplatin (Sigma, 232120)
stock solution of 3.33mM was prepared in 0.9% NaCl and stored at
room temperature. For dose-response assays, a serial 5–6 point log4
dilution of each drug was freshly prepared in its solvent prior to
treatment. Following concentration ranges were tested: 100–0.1 µM
for 5-fluorouracil (5-FU, Sigma, 03738-100MG), alpelisib (Biozol, TGM-
T1921-10MG) and olaparib (Adooq, A10111); 10–0.01 µM for torin2
(Sigma, SML1224-5MG) and alisertib (Hölzel, S1133-5); 10–0.04 µM for
adavosertib (Biocat, T2077-5mg-TM); 1–0.004 µM for doxorubicin
(Hölzel, A14403-100); and 0.4–0.0004 µM for paclitaxel (Hölzel,
M1970-50mg). Cisplatin was tested in a serial 10-point log2 dilution
with doses ranging from 70–0.14 µM. Compounds were added to the
cells one day after cell seeding in a drug-media mixture of 9% of the
total well volume. Solvent-only treated control cells were assayed
along the treated conditions. Each tested condition contained equal
amounts of the solvent. Cell growthwasmonitoredby live-cell imaging
for at least 4 days as described above.

Time-of-day treatments. Cells were seeded and allowed to attach
overnight. The next day, live recordings commenced as described

earlier. We performed independent resetting steps every 4 h over an
8-h period, creating distinct cell populations at 0, 4, or 8 h of circadian
time. Subsequently, we administered the same drug concentration,
which corresponded to the estimated half-maximal effective con-
centration, at either 32 or 48hours after the initial resetting step. This
allowed us to simultaneously test six different circadian stages (0, 4, 8,
16, 20, and 24 h). Drug concentrations were determined separately for
each cell line and drug combination. For cisplatin, the treatments we
performedwere slightly different, using 4 independent resetting steps
every 3 h over a 9-h period followedby drug treatments 32 or 48h post
initial resetting. In all cases, cell growth was continuously monitored
through long-term live-cell imaging for a total of 6 days.

Computational methods
Time-series analysis of circadian signals
Detrending. Raw time-series data were detrended by applying a sinc
filter with a 48-h cut-off period using the open-source software pack-
age pyBOAT27 (v0.9.1) within the Anaconda Navigator (v1.10.0).

Amplitude envelope and normalization. Continuous amplitude
envelope calculation was obtained using continuous wavelet trans-
form implemented in pyBOAT with a time window of 48 h. The
amplitude normalization was done by taking the inverse of the
envelope of the detrended signal as described in Mönke G, et al.27.

Autocorrelation analysis. Periodicity data was assessed by calculating
its autocorrelation and abscissa at the secondpeak using the ‘autocorr’
and ‘findpeaks’ MATLAB functions51 from the detrended time series.

Continuous wavelet transform. The main oscillatory component,
known as the ridge component, was obtained using a wavelet-based
spectral analysis from amplitude-normalized and detrended signals.
For the ridge detection, we used both an adaptable threshold and a
fixed threshold. The adaptable threshold was based on each signal’s
half-maximal spectral power and was implemented for the “period”
and “phase difference” metrics shown in Fig. 2 and Fig. S1. The
instantaneous phase difference between the Bmal1 and Per2 signals
was calculated using the MATLAB ‘atan2’ function (Supplementary
Fig. 1a) and for the polar histogram representation, we deployed the
‘polarhistogram’ function and the ‘Circular Statistics Toolbox’
(v1.21.9.0. by Philipp Behrens) fromMATLAB (Supplementary Fig. 1b).
For the analysis of “amplitudes” and “ridge lengths” shown in Fig. 2 and
thedeterminants for time-of-day sensitivity shown in Fig. 5, themetrics
of the main oscillatory component were derived using a fixed-ridge
threshold of 40. This ridge threshold value was chosen as it offered a
well-balanced threshold suitable for comparing signals of varying
strengths.

Multiresolution analysis. Detrended time-series data were decom-
posed into a set of different wavelet details Dj representing distinct
disjoint frequency bands and a final smooth using a discrete wavelet
transform-based multiresolution analysis52. The algorithm has been
implemented using the ‘PyWavelets’ python package53, with a db20
wavelet of the Daubechies wavelet family as previously described in
Myung, Schmal and Hong et al.54. Since each wavelet detail Dj repre-
sents a period range between 2jΔt and 2j+1Δt (for j = 1, 2, 3,…) we down-
sampled the time series from a Δt = 10min to a Δt = 30min sampling
frequency to obtain a circadian period band between 16–32 h for fur-
ther analysis. Since the MRA decomposes the variance of the detren-
ded signal with respect to the different disjoint period bands, it can be
used to determine the rhythmicity of the signal in the circadian period
range55.

Global circadian strength. To calculate the global circadian
strength (GCS) of a cell line model i, the autocorrelation peak value
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(peak), the wavelet-based continuous ridge length (ridge), and the
discrete circadianicity component (circadianicity) were normalized
to the respective maximum (max) value measured among all
tested cell line models and averaged according to the following
equation:

GCSi =mean
peaki

peakmax
,

ridgei
ridgemax

,
circadianicityi

circadianicitymax

� �
ð1Þ

Statistical analysis. Linear regression model fitting of Bmal1 and Per2
circadianicity components obtained by MRA was done with the ‘fitlm’

MATLAB function. Significant variances in circadian parameters
betweenwild-typeU-2OS cells and bothCry1-sKO andCry1/2-dKO cells
were calculatedwith aone-wayANOVAandTukey’s post-hoc test using
the ‘anova1’ and ‘multcompare’ MATLAB functions.

Multi-parametric analysis of growth dynamics
Growth data obtained from long-term live-cell imaging was smoothed
using a robust local regression approach of weighted linear least
squares and a 2nd degree polynomial model (‘rloess’ MATLAB func-
tion). Doubling times of smoothed cell numbers or confluency were
calculated according to the following equation:

Doubling time tð Þ= t � log 2ð Þ
log y0=yt

� � ð2Þ

where t refers to the timeof assessment, in our case 96 h, and y0 refers
to the cell number at timepoint 0. To calculate the exponential growth
rate k per unit of time t, we normalized cell numbers to the initial
timepoint 0 (y0) and fitted an exponential function to the growth
curves:

Growth tð Þ= y0 � eðk�tÞ ð3Þ

Exponential function fitting was done with the MATLAB ‘fit’
function51. Linear regressionmodel fitting to different combinations of
growth parameters was done with the ‘fitlm’ MATLAB function.

Estimation of drug sensitivity parameters
Drug response data obtained from long-term live-cell imaging was
smoothed using a robust local regression approach of weighted linear
least squares and a 2nd degree polynomial model (‘rloess’ MATLAB
function). Following the method established by Hafner et al.30, we
computed the growth rate inhibition (GR) at time t and for each dose c
as follows:

GR c, tð Þ= 2kðc,tÞ=kð0Þ � 1 ð4Þ

where k c, tð Þ is the growth rate under drug treatment and k 0ð Þ is the
growth rate of untreated cells. Drug response parameters were
retrieved by fitting the dose-dependent GR-values to a sigmoid curve
using the following equation:

GR cð Þ= GRinf +
1� GRinf

1 + ðc=GEC50ÞhGR
ð5Þ

where the fitted parameters are as described in Hafner et al.30. Stan-
dard EC50-values were calculated by fitting final nucleus counts, nor-
malized to the respective count of the control, to the following
sigmoidal function:

f cð Þ = Emin +
1� Emin

1 + ðc=EC50Þh
ð6Þ

where Emin corresponds to theminimum response, restricted to values
between 0 and 1, and h is the hill slope of the response curve, con-
strained to 0.5–10. Sigmoidal function fitting steps were done with the
MATLAB functions ‘fit’ (GR metrics) or ‘lsqnonlin’ (EC50 value)51. Hier-
archical clustering analysis was implemented with the MATLAB ‘clus-
tergram’ function using an Euclidian distance and average linkage
method51. To account for the different tested dose ranges across drugs
for clustering, GEC50-values were normalized to the dose at GRinf.
Pearson’s linear correlation coefficients across drug sensitivity metrics
were computed using theMATLAB ‘corr’ function. For the comparison
of cellular growth dynamics to drug doses evoking the maximum
tested effect, we chose growth curves corresponding to the doses
closest to the determined GRinf-values.

Time-of-day sensitivity evaluation
Drug response data of time-of-day treatment experiments was
smoothed using a moving average (‘smoothdata’ MATLAB function).
Final nucleus counts were normalized to the nucleus count at the
respective time of treatment. ToD response data from U-2 OS WT and
Cry1/2-dKO cell lines were obtained from confluency readouts in the
brightfield channel. Time-of-day response curves were generated from
the relative final responses of each treatment timepoint to the final
response at timepoint 0 and interpolated using the ‘smoothing spline’
function in MATLAB. The smoothing parameter was set to 0.7. The
maximum range across smoothed time-of-day responses (ToDMR) was
calculated by subtraction of the minimum from themaximum relative
response. To assess whether the smoothing of response data intro-
duces artifacts into ToDMR estimates, we performed linear regression
analysis between ToDMR-values from raw and spline smoothed data
using the ‘fitlm’ MATLAB function and confirmed a high positive cor-
relation (Supplementary Fig. 7a). ToDMR-values were clustered as
described for the drug sensitivity parameters, withmissing data points
substituted by values from the closest relevant column, adhering to
the ‘nearest-neighbor’ principle. Polar histograms of the treatment
times with maximum and minimum benefit were generated using the
‘polarhistogram’ MATLAB function with ‘probability’ normalization to
depict each bar’s height as the fraction of observations within its bin
relative to the total observations.

Correlation and shapley value regression analysis
Linear regressions of cell-intrinsic features and drug-dependent ToD
sensitivity have been obtained using the ‘stats’ and ‘optimize’modules
of the ‘SciPy’ and the ‘uncertainties’ package of the Python program-
ming language. Predictions of ToDMR-values from new data was based
on fitting a linear regression model to the original data that was
associated with Pearson correlation coefficients ≥0.5, utilizing the
‘fitlm’MATLAB function. Bland-Altman plots comparing predicted and
actual ToDMR-values were generated using the ‘Bland-Altman and
Correlation Plot’ package (v1.12.0.0) from MATLAB Central File
Exchange (2017, Ran Klein). Live-imaging data yielding growth, drug
sensitivity, and ToD sensitivity metrics from the new cell lines utilized
for the predictions were based on the confluency readout due to the
unviability of nuclear reporter cell lines formostmodels.Only the drug
sensitivitymetrics forMCF7werebasedonnuclear counts. The relative
importance of the different parameters in a multiple linear regression
model is obtained by Shapley value regression via the Python ‘dom-
inance-analysis’ package.

Circadian clock gene expression analysis
Gene expression data of circadian clock genes were obtained from the
Cancer Cell Line Encyclopedia Dependency Map (CCLE DepMap,
https://sites.broadinstitute.org/ccle/datasets, Q4 of 2022)56. Circadian
clock genes of the individual breast cancer cell lines were clustered
using the ‘clustermap’ plotting function of ‘seaborn’with the euclidian
distance metric and complete linkage method. Spearman rank
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correlation coefficients of circadian clock genes and drug-specific ToD
sensitivity values were computed using the Spearman rank correlation
algorithm of the ‘SciPy stats’ Python language module and hier-
archically clustered with the correlation distance metric and single
linkage method. Regression plots were obtained using the ‘jointplot’
plotting function from ‘seaborn’, showing drug-specific correlation
between the ToD sensitivities and gene expression of each cell line,
including their distribution, squared spearman rank correlation coef-
ficient, p-value, and a confidence interval of 95%.

Supervised and unsupervised dimensionality reduction
Supervised dimensionality reduction by linear discriminant analysis
was performed with the ‘LinearDiscriminantAnalysis’ function of the
‘sklearn discriminant_analysis’ Python language module. The default
parameters were retained, using the exact full singular value decom-
position solver and 1 component. Median-based binarization of the
drug-dependent ToD sensitivity values was used as a target, and the
resulting linear discriminant vector was plotted using random y-axis
units to avoid overlapping of the data points. The robustness of the
discriminative information from the LDA was tested using a leave-one-
out cross-validation (LOOCV) strategy (Supplementary Fig. 7b).
LOOCV was conducted using the ‘model_selection’ module from
‘sklearn’ in Python (v3.9.7) and implemented via the PyCharm Com-
munity Edition IDE (v2021.2.2). The contribution to the obtained dis-
criminative information is shown in percentage for each of the
circadian clock genes. Unsupervised dimensionality reduction by
principal component analysis (PCA) was performed with the ‘PCA’
function of the ‘sklearndecomposition’Python languagemodule using
the exact full singular value decomposition solver and number of
components equivalent to the sample size of the corresponding drug.
Further analysis of themost informative PCA componentswas done by
drawing the biplots of the first two principal components and showing
the loadings of each circadian clock gene for both components.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The experimental rawdata anddata tables generated in this study have
been deposited in the Figshare database under the identifier https://
figshare.com/projects/Time-of-Day-Drug-Response/180916. Source
data are provided in this paper.

Code availability
All code used for thedata analysis in thiswork (inMATLABandPython)
is publicly available through the dataset repository Zenodo under the
identifier https://zenodo.org/doi/10.5281/zenodo.11656060.
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Circadian clock features define novel subtypes
among breast cancer cells and shape drug sensitivity
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Abstract

The circadian clock regulates key physiological processes, includ-
ing cellular responses to DNA damage. Circadian-based ther-
apeutic strategies optimize treatment timing to enhance drug
efficacy and minimize side effects, offering potential for precision
cancer treatment. However, applying these strategies in cancer
remains limited due to a lack of understanding of the clock’s
function across cancer types and incomplete insights into how the
circadian clock affects drug responses. To address this, we con-
ducted deep circadian phenotyping across a panel of breast cancer
cell lines. Observing diverse circadian dynamics, we characterized
metrics to assess circadian rhythm strength and stability in vitro.
This led to the identification of four distinct circadian-based phe-
notypes among 14 breast cancer cell models: functional, weak,
unstable, and dysfunctional clocks. Furthermore, we demonstrate
that the circadian clock plays a critical role in shaping pharmaco-
logical responses to various anti-cancer drugs and we identify
circadian features descriptive of drug sensitivity. Collectively, our
findings establish a foundation for implementing circadian-based
treatment strategies in breast cancer, leveraging clock phenotypes
and drug sensitivity patterns to optimize therapeutic outcomes.

Keywords Circadian Clock; Circadian Medicine; Systems Biology; Breast

Cancer

Subject Category Cancer

https://doi.org/10.1038/s44320-025-00092-7

Received 16 August 2024; Revised 11 February 2025;

Accepted 12 February 2025

Published online: 24 February 2025

Introduction

In alignment with the solar 24-h day–night cycle, the circadian
clock regulates essential physiological and behavioral processes in
almost all organisms. In mammals, a hierarchical structure
coordinates rhythmic activities across both whole-organism and
cellular levels (Chaix et al, 2016; Golombek et al, 2014), with the
master clock residing in the suprachiasmatic nucleus (SCN) and

individual peripheral clocks oscillating across tissue types (Chaix
et al, 2016). Remarkably, about 40% of all genes are rhythmically
expressed in a tissue-specific manner (Zhang et al, 2014),
influencing various biological functions such as metabolism
(Neufeld-Cohen et al, 2016), cell growth (Chakrabarti and
Michor, 2020), immune responses (Scheiermann et al, 2013), and
DNA repair (Sancar et al, 2010), thereby maintaining cellular
balance.

At its core, the circadian mechanism is composed of
transcriptional-translational feedback loops (TTFLs) (Takahashi,
2017). These TFFLs consist of the CLOCK and BMAL1 transcription
factors, which induce the transcription of Per1/2/3 and Cry1/2 genes
through the binding to the respective promoter regions. In turn, PER
and CRY proteins inhibit the binding of CLOCK/BMAL1, and
consequently their own transcription. In a complementary second
feedback loop the transcription of Bmal1 is rhythmically regulated by
REV-ERBα/β repressor and RORα/β/γ activator proteins, whose
transcription is likewise dependent on the CLOCK/BMAL1 transacti-
vation complex (Chaix et al, 2016; Takahashi, 2017).

Environmental factors are crucial in maintaining the synchro-
nization of circadian rhythms in our body. Misalignments of this
synchronization, for example through prolonged exposure to shift
work, are associated with various diseases, including cancer (Sulli
et al, 2019)—the second-leading cause of death worldwide (https://
www.who.int/health-topics/cancer, 2022). In-depth studies have
further shown how the disturbance of the circadian clock, through
either genetic mutations or the suppression of core clock genes is
directly linked to the progression of cancer and poorer survival
rates (Ye et al, 2018). The clock’s influence extends to cancer
therapy, affecting the efficacy and toxicity of treatments in a time-
of-day-dependent manner (Lee et al, 2021; Ye et al, 2018). Despite
its high medical importance, the distinct role of the circadian clock
in cancer remains poorly understood, highlighting the need for
further research to optimize treatment strategies by circadian
rhythms.

To illuminate the circadian clock’s role in cancer, our study
focuses on breast cancer, the most prevalent cancer among women
and the second most common overall (Bray et al, 2024). Breast
cancer is categorized into four main subtypes, distinguished by the
cell phenotype (basal or luminal) and specific biomarkers,
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including progesterone and estrogen receptors, as well as HER2-
receptor overexpression (Sotiriou et al, 2003) (Fig. 1A). Within the
highly heterogeneous and aggressive triple-negative breast cancer
(TNBC) subtype lacking all three biomarkers, Lehmann et al,
identified four molecular TNBC subtypes: basal-like 1 (BL1) and 2
(BL2), mesenchymal-like (MES) and immunomodulatory (IM) and
luminal androgen receptor positive (LAR) (Lehmann et al, 2011;
Lehmann et al 2016). While the presence of circadian rhythms have
been shown for selected breast cancer models (Lellupitiyage Don
et al, 2019; Li et al, 2024), the general assumption is that more
aggressive breast cancer subtypes including TNBC exhibit

disrupted circadian rhythms (Lellupitiyage Don et al, 2019; Li
et al, 2024; Rida et al, 2019). In this study, we aim to define novel
circadian clock-based phenotypes within breast cancer and to
uncover how circadian properties relate to drug sensitivity and
tumor growth (Fig. 1B). For this, we employ a comprehensive set of
data analysis methods to deep-phenotype the circadian clock
(Fig. 1C–E), and to collect information on cellular growth dynamics
(Fig. 1F), drug responses (Fig. 1G), and genomic properties of
circadian clock genes (Fig. 1H). Subsequently, we integrate our
acquired cellular parameters to identify cell clusters and establish
novel circadian-based subtypes within breast cancer (Fig. 1I).

Figure 1. Definition of circadian-based breast cancer subtypes by deep phenotyping.

(A) Classification of breast cancer based on cancer cell phenotype and biomarker expression status. Approximate frequency among all breast cancer cases indicated in
percentage. −, negative; +, positive; ER, estrogen receptor; PR, progesterone receptor; HER, human epidermal growth factor receptor 2; LumA/B, Luminal A/B; TNBC,
triple-negative breast cancer, BL1/2, basal-like 1/2; MES, mesenchymal-like; LAR, luminal androgen receptor. (B) Aim of our study to identify circadian-based phenotypes
in breast cancer cell models and investigate the role of circadian clock features for tumor growth and drug sensitivity. (C) Cellular circadian rhythms are measured by long-
term luciferase (Luc) recordings of clock gene reporter cell lines. (D) Circadian signals are quantified by stationary and non-stationary analysis approaches. (E) Circadian
parameters are related to each other by correlation analysis to define a set of representative circadian metrics. (F) Long-term live imaging is employed to capture growth
dynamics across various cell line models. (G) Characterization of drug sensitivities across various cell line models, followed by the parametrization of growth rate
inhibition metrics. (H) Characterization of genomic circadian profiles of the cell models tested, utilizing publicly available datasets. (I) Definition of circadian-based cellular
subtypes through the integration of multiple cellular parameters.

Molecular Systems Biology Carolin Ector et al

316 Molecular Systems Biology Volume 21 | Issue 4 | April 2025 | 315 – 340 © The Author(s)

D
ow

nloaded from
 https://w

w
w

.em
bopress.org on A

ugust 12, 2025 from
 IP 2001:7e8:ca41:3900:d034:a1f4:8b1c:1ee9.

XXXIX



Finally, we investigate how drug responses depend on the circadian
clock, identifying several drugs that could be further explored for
their potential in chronotherapeutic approaches. Altogether, our
approach sets the stage for a deeper understanding of distinct
tumor-specific circadian clocks and how they shape cancer therapy
outcomes.

Results

Deep circadian phenotyping reveals variability in clock
strength across breast cancer models

The role of the circadian clock in cancer progression and treatment
is gaining increasing interest, yet the degree of circadian
rhythmicity and intrinsic timing profiles for various cancer
subtypes remains largely unclear. To address this, we utilized
high-resolution circadian clock recordings alongside a range of
time-series analysis techniques to effectively measure and char-
acterize circadian rhythms in cancer models. Building on our
previously described deep-circadian phenotyping approach (Ector
et al, 2024), which is comprehensively detailed in Box 1, we
expanded our dataset by incorporating additional cell line models
and novel analysis methods.

To obtain an initial estimate of the periodic quality of the time-
series, we commenced our deep circadian phenotyping approach with
autocorrelation (AC) analysis. Screening of 19 different cancer and
non-cancer cell lines with the majority classifying as the highly
heterogeneous and aggressive TNBC, we identified a broad spectrum
of rhythmicity indices and period lengths, mostly centered around the
24-h human circadian cycle. Interestingly, rhythmicity indices below
0.3, indicative for weaker rhythms, often deviated from 24 h, whereas
higher indices aligned with the circadian cycle (Fig. 2A). These results
indicate a considerable variability of circadian phenotypes within the
cell lines tested, highlighting the need to further dissect the circadian
characteristics.

To quantify the proportion of distinct frequency components,
present in each signal, we employed multiresolution analysis (MRA).
This process segmented the detrended signal into four frequency
bands: noise (1–4 h), ultradian (4–16 h), circadian (16–32 h), and
infradian (32–256 h) (see Methods). Relating the circadian to the noise
component revealed a spectrum of signal-to-noise ratios across cell
lines, where higher circadian signals corresponded to lower noise,
indicating circadian signal robustness, and vice versa. Alongside the
osteosarcoma cell line U-2 OS, which is well-studied for its functional
circadian clock (Baggs et al, 2009), high signal-to-noise ratios were
found for the epithelial MCF10A, the LumA-MCF7 and the TNBC-
MDAMB468 cell line (Fig. 2B). Interestingly, a knockout of Cry2 in the
U-2 OS cell line alone did not essentially alter the signal-to-noise ratio.
In contrast, the knockout of Cry1 or both, Cry1 and Cry2, decreased
the circadian component substantially by 34.9% (p = 5.3 × 10−6) and
59.8% (p = 8.9 × 10−8), while significantly enhancing the noise
component by 3.3-fold (p = 9.0 × 10−5) and 120.1-fold
(p = 1.2 × 10−5), respectively.

Clock dynamics vary within subtypes of breast cancer

After evaluating the strength and composition of rhythmic
structures within our signals, we analyzed their dynamic nature

through continuous wavelet transform (CWT). This approach
visualizes the signal in a CWT power spectrum heatmap,
showcasing the range and relative power of signal components
over time within a specified period range. By tracking the main
oscillatory component (“ridge”), CWT effectively reveals non-
stationary and time-dependent features, such as dynamic periods
and amplitudes (see Appendix Fig. S1A and Methods).

Aggregating the distribution of weighted mean periods and
amplitudes per subtype, we noted variability of these parameters
over time, particularly for the three TNBC subtypes (Fig. 2C; see
Appendix Fig. S1B and Methods for weighting approach).
Furthermore, we revealed varying prevailing periods and ampli-
tudes for each subtype where only the osteosarcoma subtype
showed a distinct period peak at approximately 24 h, combined
with the highest amplitudes, while the prevailing periods for the
other subtypes were mainly prolonged (Fig. 2C). Focusing on the
breast cancer subtypes, a clear differentiation in circadian proper-
ties was visible, where the more aggressive TNBC subtypes
exhibited longer periods and lower amplitudes than the LumA
subtype (Fig. 2C). Though, when considering median CWT periods
and amplitudes of each cell model, we found considerable within-
subtype diversity, indicating that individual cancer tissue types
exhibit a spectrum of circadian clock phenotypes (Appendix
Fig. S1C). This within-subtype diversity extends to the ridge
lengths, a measure of circadian clock strength, where longer and
continuous ridges denote robust signals and shorter, discontinuous
ridges indicate weaker ones (Fig. 2D). Here, only TNBC-M cell
models ranked alongside of each other, whereas cell models of the
LumA and basal-like TNBC subtypes displayed considerable
variability in ridge lengths.

Building on the identified temporal circadian dynamics within
and across cancer subtypes, we next assessed Bmal1-Per2 phase
differences over time. Consistent with the previously discussed
circadian parameters, we observed a spectrum of phase differences
across and within tissue types (Fig. 2E,F). Despite this variability, a
notable pattern emerged in which non-cancerous and osteosarcoma
tissues consistently showed phase differences around 2π/3, an 8-h
lag in a 24-h cycle, in contrast to breast cancer subtypes, which
tended to have no phase difference (2π) (Fig. 2F).

Circadian clocks in breast cancer cell lines may exhibit either
self-sustained or damped oscillatory behaviors, a distinction that
depends on the degree of intercellular coupling. Aiming to infer
intercellular circadian coupling strength, we next analyzed signal
amplitudes and corresponding exponential decay rates. Inspired by
previous studies (Del Olmo et al, 2024; Finger et al, 2021;
Guenthner et al, 2014), we used a network of identical Poincaré
oscillators to model individual cells within a tissue, featuring a
constant coupling strength (κ) and periods averaging a 24-h cycle.
By varying the coupling strength, we observed distinct signal
patterns, with strong coupling leading to amplified and self-
sustained oscillations, while weak coupling results in a damped
oscillation pattern (Fig. EV1).

We then fitted our experimental data to an exponentially
decaying sinusoidal function (Fig. 2G and Methods) to determine
initial amplitudes (A0) and amplitude decay rates (γ). A
comparative analysis unveiled an L-shaped trend in both, the
simulated and experimental datasets, facilitating the approximation
of coupling strengths in experimental data (Fig. 2H). Here, stronger
intercellular coupling was identified for signals with high
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amplitudes and slow decay rates and vice versa. These findings
align with previous studies, which demonstrated that a reduction in
coupling strength results in increased variance, disrupting both the
summed amplitude and period (Del Olmo et al, 2024; Guenthner
et al, 2014). Furthermore, focusing on U-2 OS cells, we observed a

significant decrease in coupling strength in the circadian knockout
cell lines compared to the wild-type (Fig. 2H), which is consistent
with predictions from earlier research (Del Olmo et al, 2024).

These insights into the dynamics of circadian clock features,
together with the broad range of circadian rhythm strengths

Box 1 Methods and techniques for deep circadian phenotyping

(A) Schematic of the experimental and computational approach to deep
phenotype circadian rhythms. Stable circadian reporter cell lines expres-
sing Luciferase reporters for either Bmal1 or Per2, two core clock genes of
the circadian clock network, were generated by lentiviral transduction. The
circadian clocks of individual cells in a cell population were reset, and
signals from the reporters were monitored in real-time by biolumines-
cence recordings spanning multiple days.

(B) Raw signal (left plot) and pre-processed signal traces (middle and
right plots) of the TNBC cell line HCC1143 Bmal1- and Per2-Luc. Pre-
processing of raw signals involved detrending (middle plot) and, for parts
of the analysis, amplitude-normalization (left plot).

(C) Autocorrelation analysis of detrended HCC1143 Bmal1- and Per2-
Luc signals. The arrow indicates the rhythmicity index and corresponding
period of the time-series (lag). Dashed lines= 95.4% Cl.

(D) Multiresolution analysis of detrended HCC1143 Per2-signal to
decompose the signal into four frequency components, %= fraction of
each component to the total signal.

(E) Continuous wavelet transform analysis on detrended and
amplitude-normalized HCC1143 Per2-signal (top left plot), showing time-
resolved signal periods in a wavelet spectrum (bottom left plot). The red
line marks the main oscillatory component (ridge). The right panel shows
the corresponding ridge readout for the period (top), amplitude (middle),
and phase difference (difference to HCC1143 Bmal1-signal (bottom).

(F) Approach to calculate the coupling strength (κ) of circadian
oscillators within a population of cells from the signal’s amplitude (Ao) and
exponential decay rate (γ).
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previously described, underscore the heterogeneity of circadian
regulation within cancer tissues. Such within subtype-diversity
motivated us to establish a novel circadian-based classification that
could potentially inform chronotherapeutic strategies.

Establishing a novel circadian-based subtyping
in breast cancer

After extracting various circadian clock parameters from the
different cell lines, we next investigated whether circadian clock-
based clusters are present among these lines and how this clustering
relates to their classical subtypes. Considering the established
molecular connections between the circadian clock and cell cycle
(Feillet et al, 2015; Gonze, 2024; Gutu et al, 2024), we integrated
cellular growth rates into our analysis, which we determined by
exponential curve fitting of long-term growth data (Appendix
Fig. S2). To streamline our extensive dataset, we initially assessed
the relationships between the parameters by calculating pairwise
Pearson correlation coefficients, aggregating data from all replicates
per cell line and from both circadian reporters. In line with our
expectations, we discovered several strong correlations as well as
redundancies across the dataset (Fig. EV2), allowing us to narrow
down the circadian dataset to key parameters shown in Fig. 3A. We
observed significant positive correlations between the different
clock strength metrics, highlighting consistency across the different
signal analysis approaches. In contrast, clock-strength parameters
were mostly negatively, yet weaker, correlated with the growth
rate, demonstrating accelerated growth in cell models with
weaker circadian rhythms, whereas parameters representative of
clock instability such as period and phase difference variations
over time were positively correlated with growth (Fig. 3A and
Fig. EV2A).

Upon refinement of our dataset, we employed principal
component analysis (PCA) to investigate the presence of
circadian-based clusters within the breast cancer and epithelial cell
line panel. PCA showed the formation of three distinct circadian-
based clusters where the respective cell models share characteristics
of circadian clock or growth dynamics (Fig. 3B). Notably, most of
the variability in the dataset was captured by the first two principal
components alone, which accounted for 54.7% and 21.1% of the

variance, respectively. Ranking of parameters by their correspond-
ing PC loading, revealed that the highest influence on the observed
clustering for the first principal component comes from the
infradian and circadian components, underlining their potential as
key markers in the circadian characterization of the cell models
(Fig. EV2B). Interestingly, the circadian-based grouping deviated
from the classical subtyping, providing a novel perspective on the
subtyping of these cell models.

Since the identified PCA clusters do not directly translate into
circadian phenotypes, we selected one key circadian parameter of
each of the identified PCA clusters and performed k-means cluster
analysis (Fig. 3C). In detail, we focused on the oscillation period,
the Bmal1-Per2 phase difference variability over time for clock
stability, and the circadian component as a measure of clock
strength. K-means clustering classified the cell models into four
circadian phenotypes based on their circadian clock functionality:
functional, unstable, weak, or dysfunctional (Fig. 3C). The
functional phenotype, marked by a high circadian component
and stable phase difference, suggests a strong and consistent
circadian rhythm, and is composed of the epithelial MCF10A, two
LumA, and two TNBC-BL1 cell line models. In contrast, the
dysfunctional phenotype, comprising of two cell models only, is
characterized by instable phase differences over time, long periods
and low circadian bands. The intermediate phenotypes, weak and
unstable, display decreased rhythm strength and stability, respec-
tively (Fig. 3C). The decision to use four clusters was guided by the
elbow method, analyzing the relationship between the within-
cluster sum of squares (WCSS) and the number of clusters (k). The
point of diminishing returns was observed at k = 4, suggesting it as
the optimal number of clusters, which was further reflected by the
greatest silhouette score of 0.445 (Appendix Fig. S3). Consistent
with k-means clustering, cell models sharing similar circadian clock
phenotypes were mapped in proximity using Uniform Manifold
Approximation and Projection (UMAP) with varying dimensions
(n = 2, 3, and 4) (Fig. EV2C).

In summary, we introduced a new phenotypic framework that
categorizes breast cancer cell lines according to their circadian
phenotypes. This approach provides a complement to traditional
subtyping methods, potentially enhancing the evaluation of cancer
models for circadian-based therapeutic strategies.

Figure 2. Deep phenotyping of circadian rhythms in breast cancer cell line models.

(A) Relationship between rhythmicity indices and periods for various cell line models, distinguished by markers and colored by subtype (n= 141 samples represented as
individual measurements). Dashed line at period= 24 h. Gamma distribution of periods and rhythmicity indices shown in histograms in the top and left panel, respectively.
(B) Relationship between normalized noise and circadian components across cell line models, determined by multiresolution analysis. Cell models are color-coded by
subtype and distinguished by markers. Shaded area covers unattainable range. Data represents the mean ± s.d. of 6 samples per reporter (n= 2 biological replicates á
technical triplicates or duplicates [HCC1806 Per2-Luc, n= 5]). n= 3 for MCF10A and MDAMB468-Per2-Luc (single experiment). (C) Normal distribution of subtype-
averaged and time-resolved periods (top panel) and amplitudes (bottom panel) (n= 1–4 cell lines models per subtype, see legends of (A) and (B) for exact numbers).
Before calculating subtype averages, all available replicates per cell model were averaged (n= 3–6, see (B) for exact numbers) and used as input. (D) Boxplot of CWT
ridge lengths from Bmal1- and Per2-signals of specified cell models, with the bottom and top edges of the boxes representing the 25th and 75th percentiles, respectively.
Extending whiskers represent data points within 1.5 times the interquartile range from lower and upper quartile. Median values are marked by red horizontal lines, and
outliers by red crosses. n= 4–12 samples per cell line (see (B) for exact numbers). (E) Subtype-specific polar histograms of Bmal1-Per2 phase differences over time,
averaged across multiple replicates and color-coded by cell line. The number n of Bmal1-Per2-combinations per cell line is indicated next to the cell line name. Polar
histograms were normalized by probability. (F) Polar histogram of Bmal1-Per2 phase differences over time, averaged and colored by subtype (n= 1–4 cell line models, see
(E) for exact numbers). In the polar histograms in (E) and (F) 2π corresponds to one full circadian cycle. (G) Example of fitting signals to an exponentially decaying
sinusoidal model with constant periods to deduce initial amplitudes (A0) and amplitude decay rates (γ). Dark red amplitude decay trace is sketched for illustration
purposes. (H) Relationship between initial signal amplitudes and amplitude decay rates across samples of different cell line models (n= 117 samples). Cell models are
color-coded by subtype and distinguished by markers. Error bars represent the standard deviation of the fitted parameters, reflecting their uncertainty as determined by
the fitting process. The L-shaped line represents the simulated coupling strength (κ). Source data are available online for this figure.
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Genetic profiles of circadian-based phenotypes

To evaluate the role of circadian genetic profiles in the newly
identified circadian-based phenotypes, we extracted the mutation

and gene expression profiles of 16 core clock genes and 44 circadian
clock-related genes from the cancer cell line encyclopedia
(Barretina et al, 2012) (Dataset EV1). We specified core clock
genes as those essential for regulating the circadian TTFLs and for
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which any dysregulation or mutation can lead to disrupted
circadian rhythms (Ko and Takahashi, 2006; Takahashi, 2017).

We noted varying mutation profiles of the circadian genes across the
14 tested breast cancer cell lines, with the majority of cell models
exhibiting at least one mutation, whereas five cell lines showed no
mutations in their circadian clock network (Fig. 3D). We then categorized
mutations based on their impact on the protein sequence, assigning scores
from 1 for silent mutations to 3 for highly damaging mutations like
nonsense and frameshift mutations. Thereby we could compare the clock
phenotypes by their circadian mutation burden, revealing that the
unstable clock phenotype exhibits the highest mutation score while the
functional phenotype had the lowest one (Fig. 3E). Notably, damaging
mutations appeared exclusively in the unstable and weak clock
phenotypes, suggesting a dysregulation of the circadian clock mechanism.
Contrary to our expectations, the dysfunctional clock phenotype shared a
similar low mutation burden with the functional phenotype, indicating
that the number and severity of mutations alone may not fully explain
clock functionality, and that additional factors might play a role for
defining the underlying clock phenotypes (Fig. 3E). When analyzing the
mutation scores across classical cancer subtypes, we found that the TNBC-
mesenchymal subtype had the highest mutation burden, while TNBC
basal-like 2 had the lowest one (Fig. 3F). We also identified a tendency for
less damaging mutations in basal-like subtypes, whereas Luminal A and
TNBC-mesenchymal subtypes exhibitedmore damagingmutations in the
circadian gene panel.

We next sought to identify whether expression patterns of core
circadian clock genes align with the identified clock phenotypes. To do
so, we clustered the cell models based on their circadian gene
expression dynamics and exposed three overarching clusters
(Fig. EV2D). However, these clusters did not reflect the clock
phenotypes but rather showed a distinction between the LumA and
the TNBC subtypes. This distinction also emerged when mapping the
cell models in a dimensionality-reduced UMAP-space (Fig. EV2E),
indicating that the difference in circadian gene expression dynamics is
associated with underlying breast cancer subtypes rather than the
intrinsic circadian phenotype. It is important to note that overall
transcriptional activities vary significantly between breast cancer
subtypes (Perou et al, 2000; Rida et al, 2019). These differences in
general transcriptional activity may influence the expression levels of

core clock genes independently of their circadian functionality,
reinforcing our observed gene expression variations reflecting
subtype-specific transcriptional programs rather circadian phenotypes.

Circadian features drive sensitivity profiles
to numerous drugs

Due to several interactions between circadian clock genes and
therapeutic drug targets, circadian clock-aligned treatments have
proved to increase drug effects based on the optimal time-of-day at
their administration (Dallmann et al, 2014; Lee et al, 2021; Ye et al,
2018). To unravel the crucial link between circadian features and
drug sensitivity, we employed linear regression and Pearson
correlation analysis on a set of sensitivity parameters to various
drugs and circadian oscillation features. To account for cell division
events during drug perturbation assays and to obtain robust
sensitivity metrics, we assessed drug sensitivity using the normal-
ized growth rate inhibition (GR) approach (Hafner et al, 2016). For
this, we expanded the analysis of our drug-response dataset
published in Ector et al, (Ector et al, 2024). We analyzed a broad
spectrum of drugs including DNA synthesis inhibitors (5-FU,
doxorubicin), mitosis inhibitors (alisertib, paclitaxel), inhibitors for
PI3K (alpelisib), or mTOR (torin2), and DNA damage response
(DDR) targeting agents (adavosertib, cisplatin, olaparib). Through
pairwise linear correlation analysis, we discovered a significant
anti-correlation between the maximal effect of the DDR-inducer
cisplatin and the autocorrelation rhythmicity index (r =−0.64,
R2 = 0.41) (Fig. 4A). Here, higher rhythmicity was associated with
more cytotoxic responses to cisplatin, whereas lower rhythmicity
was linked to cytostatic or less toxic responses. This anti-
correlation extended to other circadian strength-related parameters
such as the amplitude, ridge length and circadian component
(Fig. EV3A). Aligning with these observations, weaker responses to
cisplatin were positively correlated with clock instability para-
meters, such as the variability in periods and phase differences.
Across all drugs tested, we identified additional significant
relationships between circadian metrics and GRinf values. Notably,
GRinf values from alpelisib showed the strongest correlation with
circadian parameters (median r = 0.82), hinting to a role of the

Figure 3. Circadian clock features define circadian-based subtypes in breast cancer cell line models.

(A) Pearson correlation coefficients between selected Bmal1-Per2-averaged circadian features and growth rates across all breast cancer cell line models and the epithelial
MCF10A cell line (n= 15 cell lines). Parameters are categorized by their approach of calculation: AC, autocorrelation; CWT, continuous wavelet transform; MRA,
multiresolution analysis; G= growth. Displayed are statistically significant correlation values, where *, **, ***, and **** indicate p-values < 0.05, 0.01, 0.001, and 0.0001,
respectively. Exact p-values: Rhythm. idx.-Lag and Amplitude-Period= 3.2 × 10⁻²; Period-Lag= 1.4 × 10⁻²; Amplitude-Rhythm. idx. and Phase diff. var.-Rhythm.
idx.= 2.1 × 10⁻²; Amplitude var.-Lag= 6 × 10⁻³; Circadian band-Lag and Circadian band-Amplitude var.= 2 × 10⁻³; Circadian band-Rhythm. idx. And Infradian band-Rhythm.
idx.= 1.1 × 10⁻⁵; Circadian band-Period= 2.9 × 10⁻²; Circadian band-Amplitude= 4.6 × 10⁻²; Circadian band-Phase diff. var. and Infradian band-Amplitude var.= 6 × 10⁻³;
Infradian band-Lag= 1 × 10⁻⁴; Infradian band-Period= 2 × 10⁻²; Infradian band-Phase diff. var. and Growth rate-Phase diff. var.= 1.2 × 10⁻²; Infradian band-Circadian
band= 1 × 10−⁶. (B) Principal component analysis (PCA) biplot of the indicated circadian and growth parameters, displaying the distribution of 15 cell line models across
the first two principal component scores. Cell models are depicted by different markers and colors indicating their classical subtype. Color-coded clusters are outlined
around closely positioned cell models, based on visual inspection. The variance (PC loadings) explained by each component is expressed in percentage. CV= coefficient of
variation. (C) Three-dimensional k-means clustering (k= 4) of the indicated cell line models. Discretization was based on three min–max-scaled circadian parameters
from each PCA-cluster defined in subplot (B). Novel clock phenotypes (distinct clusters) are color-coded. Classical subtypes are denoted with different markers (refer to
subplot (B) for key). Within cluster sum of squares= 0.79, cluster silhouette score= 0.445. CV, coefficient of variation. (D) Cell line-specific mutation map, color-coded
by type, of core circadian clock (green) and circadian clock associated genes (black). Color-coded rectangles above the cell line names indicate the classical subtype and
clock phenotype (refer to subplot (B) and (C) for color-coding). See Dataset EV1 for full list of investigated circadian genes. (E) Ranking of mutation scores, normalized by
cell line model per clock phenotype. (F) Ranking of mutation scores, normalized by cell line model per classical subtype. In (E) and (F), stacked bars show the proportion of
each mutation type contributing to the final score, n= 2–4 cell models per category; for exact numbers of cell line models per group refer to (C). Source data are available
online for this figure.
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circadian clock in driving response phenotypes to the PI3K
inhibitor (Fig. EV3B). Vice versa, we found the highest overall
correlation for the circadian amplitude parameter (median
r = 0.74), suggesting a predictive role for maximal drug responses
(Fig. EV3C). This was supported by significant correlations
between circadian parameters and other drug sensitivity metrics,
like the drug concentration at half-maximal effect (GR50)
(Fig. EV3D–F), and the slope of the dose-response curve (Hill
coefficient) (Fig. EV3G–I).

Despite identifying selected significant correlations between
individual clock or growth parameters and drug responses, overall
correlations were modest. Given the multilayered nature of the
circadian clock, drug sensitivity is likely influenced not by a single
circadian factor, but by the collective impact of various circadian
features. To investigate this, we utilized linear discriminant analysis
(LDA) on both our own and publicly available drug sensitivity
datasets, enabling the screening of various drug classes (Fig. 4B;
information about drugs listed in Dataset EV2). LDA not only
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assesses the individual contributions of the parameters to the
classification into drug sensitivity groups but also facilitates the
identification of drugs whose effects are likely driven by circadian
rhythms (see Methods).

In our dataset, LDA successfully differentiated cell models based
on their cytostatic or cytotoxic responses to cisplatin (Fig. 4C). The
circadian parameters contributed to varying degrees to this
discrimination, with the rhythmicity index and ridge length
collectively explaining ~25% of the separation between the classes,
emerging as the most influential discriminative features (Fig. 4D).
To deepen our understanding of the molecular mechanisms by
which the circadian clock modulates cellular responses to drug
perturbations, we next investigated the influence of circadian clock
gene expression on drug responses. In line with our findings for the
circadian parameters obtained from our deep circadian phenotyp-
ing approach, the circadian gene set was able to broadly categorize
cell models by their responses to cisplatin (Fig. EV4A, left panel).
Examining the individual linear discriminant components of each
circadian clock gene revealed a clear ranking of genes in terms of
their discriminative importance, with the core clock genes Rorα and
Cry2 being the most important contributors, collectively account-
ing for approximately 34% of the discriminative information
(Fig. EV4A, right panel). The potential of circadian parameters,
growth rates and circadian genes to reliably group cell models
according to their sensitivity to cisplatin was further identified for
GR50 values and Hill coefficients of the response curves
(Fig. EV4B–E).

Given the sample size constraints in our study, we primarily
used LDA for sensitivity classification. To explore alternative
methods for assessing the cumulative impact of circadian features
on drug sensitivity, we also evaluated ridge and lasso regression
models, preserving continuous drug sensitivity values, and logistic
regression as an additional classification method. Accuracy of each
method was measured as relative between true and predicted values
for ridge and lasso regression, and by leave-one-out cross-
validation for the classification methods, using multiple sensitivity
metrics, including GRAOC and GEC50 (Hafner et al, 2016). This
revealed moderate to low mean accuracies for all methods, likely
reflecting limited sample size and varying dependencies on cell line
models and sensitivity metrics (Appendix Fig. S4). Classification-
based approaches (LDA and logistic regression) achieved mean
accuracies of 0.42–0.51, outperforming regression methods, which
showed up to two-fold lower accuracies (Appendix Fig. S4A–D).

This validation analysis reinforces confidence in our LDA-based
approach while highlighting significant variability across cell lines
and drug sensitivity parameters in their predictability.

To broaden the scope of our analysis, we incorporated publicly
available drug sensitivity data from a subset of our circadian-
phenotyped cell models. Our analysis revealed that sensitivity to the
HSP90 inhibitor 17-AAG was particularly well discerned by
circadian parameters (Fig. 4E). Among these, factors related to
clock stability contributed most to the classification of cell models
into high and low sensitivity groups, based on their respective IC50

values (Fig. 4F). To quantitatively evaluate LDA performances and
the discriminative power of circadian features on drug responses,
we calculated the ratio of between-cluster-distances (BCD) to
within-cluster-distances (WCD), a standard metric for assessing
clustering separation (Tibshirani et al, 2002). We termed this ratio
the “chronosensitivity index” of a drug (Fig. 4G), to highlight the
context of our analysis and make the ratio more interpretable.
Strikingly, the circadian parameters provided a well separation of
cell models into sensitivity groups for almost all 19 drugs analyzed
(Fig. 4H), as indicated by chronosensitivity indices greater than 2,
which we defined as a threshold for effective separation (see
Fig. EV4F for a direct comparison of LDA profiles with different
chronosensitivity indices). Consistent with its high chronosensitiv-
ity index, 17-AAG demonstrated the highest accuracy in LOOCV
analysis, correctly classifying 71% of cell lines, while the lowest-
ranking drug, topotecan, showed the poorest performance with
only 14% accuracy (Appendix Fig. S5A). Although the LDA
accuracy for other top-ranked drugs, including erlotinib, nilotinib,
and AZD0530, was lower, complementary LOOCV using logistic
regression revealed an accuracy of 71% for these drugs, which
supports their elevated chronosensitivity rankings (Appendix
Fig. S5A,B).

Expanding on these findings, circadian clock gene expression
also demonstrated a strong association with sensitivity patterns for
several drugs based on their chronosensitivity index (Fig. 4I).
However, for approximately half of the drugs, the chronosensitivity
index fell below the threshold, indicating poor separation into
sensitivity groups. Notably, while circadian parameters alone did
not effectively classify cell models by their sensitivity to the
topoisomerase inhibitor topotecan, its chronosensitivity index and
classification performance were substantially improved when using
the circadian gene expression panel (Fig. 4I; Appendix Fig. S5C).
Interestingly, the top three scoring drugs in the chronosensitivity

Figure 4. Investigating the role of circadian features in driving drug sensitivity.

(A) Linear regression analysis between cisplatin GRinf values (absolute drug effect; annotated on the right side of the plot) and the rhythmicity indices assessed by
autocorrelation analysis (averaged Bmal1-Per2 data, see Fig. 2B for exact samples size). Cell models are color-coded and illustrated with their circadian phenotype by
distinct markers. Gray-shaded area= 95% Cl. Model accuracy indicated by R2-values. r, Pearson correlation coefficient, p, Pearson correlation p-value. (B) LDA-based
approach and analyzed datasets to study the role of circadian features in shaping drug sensitivity profiles. Sketch on the right illustrates a dose–response curve and
corresponding drug sensitivity parameters that were analyzed. (C) LDA on median-binarized GRinf values to cisplatin, using Bmal1-Per2 circadian and growth parameters as
predictors (n= 15 parameters). Cell models exhibiting drug sensitivity values below or above the cell panel’s median are colored in blue-green and orange, respectively.
The x-axis represents the first linear discriminant (LD1), capturing the maximum variance between groups. (D) Bar plot ranking circadian and growth parameters by their
respective contribution to the obtained discriminative information shown in (C). (E) LDA on median-binarized IC50 values to 17-AAG. (F) Bar plot ranking the contribution
of each parameter to the obtained discriminative information shown in (E). (G) Approach to identify circadian dependencies of drugs (termed as “chronosensitivity
index”), calculated from the between-cluster-distance (BCD) to within-cluster-distance (WCD) ratio. The higher the chronosensitivity index, the more accurate the
distinction into drug sensitivity groups, hence the higher the dependency on the circadian clock. (H) Ranking of chronosensitivity indices of multiple drugs, based on their
dependency on circadian oscillation parameters. (I) Ranking of chronosensitivity indices of multiple drugs, based on their dependency on circadian gene expression values.
The dashed line (y= 2) denotes the cut-off for good and poor discrimination within the LDA space. Source data are available online for this figure.
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index derived from circadian gene expression data, namely
topotecan, lapatinib, and paclitaxel, were with 71% to 86% accuracy
in LOOCV for LDA also the most robustly classified drugs (Fig. 4I;
Appendix Fig. S5C), although such accuracy was not observed in
logistic regression analysis (Appendix Fig. S5D,D).

In summary, our analysis underscores the circadian clock’s
critical role in determining drug sensitivity across a wide range of
drugs. We demonstrate that a combination of circadian features,
rather than a single factor, discriminates between high and low
drug responses. Through the “chronosensitivity index”, we
introduce a metric for quantifying the circadian clock’s impact on
differentiating between high and low drug sensitivity groups,
thereby identifying potential drugs that act in a circadian-
dependent manner.

Discussion

Despite the wide acknowledgement of the fundamental role that the
circadian clock has in the progression of diseases and in the
modulation of treatment responses (Lévi et al, 2010; Mormont and
Levi, 2003; Sulli et al, 2019), our understanding of the underlying
molecular mechanisms remains fragmented. Using a high-
resolution circadian phenotyping approach to thoroughly char-
acterize circadian rhythms in cancer models, we discovered strong
circadian rhythms in numerous breast cancer cell models. Among
these, models of the most aggressive TNBC subtype showed distinct
circadian rhythms, challenging the general expectations that the
circadian clock is rather dysregulated in highly transformed cancer
(Mormont and Levi, 2003; Ye et al, 2018) (Fig. 2). Our
measurements of the circadian clock in the non-malignant
epithelial cell line MCF10A, luminal A (LumA) breast cancer cell
line MCF7, and the osteosarcoma U-2 OS cells aligns with prior
research (Baggs et al, 2009; Börding et al, 2019; Lellupitiyage Don
et al, 2019; Lin et al, 2019), proving the applicability and flexibility
of our approach for deep circadian phenotyping across tissue and
cancer types.

In our study, we identified a range of Bmal1-Per2 phase
differences across and within various tissue types, where non-
cancerous and osteosarcoma tissues exhibited consistent phase
differences around 2π/3 (an 8-h lag in a 24-h cycle), whereas breast
cancer subtypes generally showed minimal phase differences (2π),
though with considerable variability (Fig. 2E,F). These observations
contrast with the findings of other studies, which identified
conserved circadian phase relationships in vivo across different
tissues in baboon, mice, and human samples (Mure et al, 2018;
Talamanca et al, 2023; Zhang et al, 2014). Those studies utilized
intact biological systems, allowing for the influence of systemic cues
and the coordination of circadian rhythms across the organism. In
contrast, our analysis was conducted on isolated cell lines in vitro,
which lack these systemic signals. This methodological difference,
along with our examination of various disease subtype models,
likely contributes to the broader spectrum of phase differences we
observed, particularly among breast cancer subtypes.

Recent work revealed subtype-dependent clock functionality in
breast cancer and that breast cancer clocks are critically regulated
by estrogen responsiveness (Li et al, 2024). Our analysis of multiple
cell models per breast cancer subtype and our broad set of circadian
parameters confirms variations in clock strength across breast

cancer subtypes, however, we also revealed substantial variability
within the individual subtypes of breast cancer. This variety of
distinct clock features motivated us to define circadian clock-based
subtypes within the panel of cell lines tested. In detail, we
systematically categorized cell models into groups with functional,
weak, unstable, or dysfunctional clocks, based on representative
parameters indicative of circadian strength, stability, and periodi-
city (Fig. 3C). This classification diverged from traditional
subtyping, exposing functional clocks in only two of the three
tested estrogen-positive LumA cell models, alongside three out of
four estrogen-negative TNBC models. Together, the defined clock
subtypes offer a complementary viewpoint on the subtyping of
breast cancer which could refine the assessment of cancer models
for circadian-aligned therapeutic strategies and improve the
prediction of their outcomes. The previously mentioned study on
assessing global rhythm strength in breast cancer patient samples
following an informatic approach emphasizes the importance of
tumor subtype-specific analysis of circadian rhythms (Li et al,
2024). Our findings further support this need and highlight the
importance of assessments that consider the distinct characteristics
of each tumor individually.

On the molecular level, circadian clocks ensure coordinated
rhythmicity from the individual cell to whole organism level by
organized TFFLs, regulated through the interaction of multiple
circadian clock genes (Chaix et al, 2016; Takahashi, 2017). The
functionality of the circadian clock is highly dependent on genomic
integrity, as proved by animal studies revealing distinct phenotypic
effects for mutations of mammalian clock genes (Ko and Takahashi,
2006). When exploring the potential to infer our established circadian-
based subtypes from publicly available genetic profiles of the cell
models, we found high mutation burdens in circadian genes and
compromised clock functionality within the unstable and weak
circadian subtypes, which suggests a genetic basis for circadian
disruption in these groups. However, for dysfunctional clocks, the
mutation burden was not significantly higher compared to functional
clocks, indicating that factors beyond mutation burden may influence
clock dysfunction (Fig. 3E). Here, clock dysfunction may be driven by
non-genetic factors, including epigenetic modifications or post-
translational modifications of clock proteins, which do not necessarily
correlate with increased mutation burdens (Liu et al, 2024).

Illuminating the link between the circadian clock and drug
sensitivity, we found strong correlations between selected circadian
features and drug sensitivity metrics (Fig. EV3). Analyzing absolute
correlation values for each circadian metric, we identified circadian
amplitude as the most correlated metric with both maximal drug
responses (GRinf) and the concentration at half-maximal drug growth
inhibition (GR50) across nine distinct drugs. However, despite these
significant correlations, overall pairwise correlation strength was fairly
moderate. This suggests that drug sensitivity is not shaped by a single
circadian factor, but rather by the collective influence of multiple
circadian features which we confirmed by linear discriminant analysis.
Furthermore, we found that the most distinctive circadian features
vary depending on the specific drug or sensitivity parameter in
question. For example, while strength-related circadian parameters
such as the rhythmicity index and circadian amplitude were strong
predictors for the drug sensitivity to the DDR-inducer cisplatin
(Fig. 4D), parameters indicative for clock stability were mostly
contributing to the discrimination into sensitivity groups to the HSP90
inhibitor 17-AAG (Fig. 4F). These results suggest a complex
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relationship between circadian rhythms and drug responses that needs
to be evaluated on a drug-by-drug basis.

With the “chronosensitivity index” we systematically quantified
the dependency of drug responses on the circadian clock, based on
the ability of circadian parameters or circadian gene expression
levels to effectively classify cell models into distinct sensitivity
groups. By that we identified circadian clock-sensitivity relation-
ships for most drugs studied, highlighting a global influence of the
circadian system on pharmacodynamics (Fig. 4H,I). Importantly,
17-AAG ranked highest in the chronosensitivity index and
predictive accuracy for separating the cell line panel into high-
and low-response groups based on circadian clock parameters.
High-throughput screenings of time-of-day effects on anticancer
drug activity by Lee et al, revealed high time-of-day-specific action
for the HSP90 inhibitor 17-AAG, mediated by the circadian
regulation of the cell cycle (Lee et al, 2021). Our time-of-day-
independent drug sensitivity results complement these findings,
underscoring a critical impact of circadian rhythms on drug
efficacy and highlighting the necessity of incorporating circadian
biology into pharmacological research and treatment strategies.
Though, while circadian parameters and gene expression profiles
proved to offer insights into drug responses, differences in their
predictive power for certain drugs, such as topotecan, suggest areas
for future research.

It is important to note that variations in growth rate among cell
lines could potentially influence bioluminescence reporter readings,
independently affecting perceived circadian rhythms. To ensure
that observed effects are specifically attributable to circadian
regulation rather than confounding factors like cell cycle dynamics
(Bieler et al, 2014; Gutu et al, 2024), future studies could employ
single-cell imaging techniques where both the circadian clock and
the proliferation behavior of individual cells is measured. This
approach would enable more precise measurements of circadian
rhythms, reducing potential interference from high proliferation
rates during bioluminescence recordings. Moreover, the drugs
identified in this study to likely depend on circadian clock
properties could be tested in single-cell time-of-day treatment
settings, which could also help identify potential bidirectional drug
effects on the circadian clock (Manella et al, 2021).

While our study provides valuable insights into circadian rhythm
variations in breast cancer cell models, it is crucial to acknowledge the
limitations in transferring these findings directly to a clinical setting.
Recent work by the Anafi/Meng groups utilizing patient-derived
models suggests alternative approaches that may bridge this gap by
more closely mimicking the in vivo environment (Anafi et al, 2017).
Therefore, while our results contribute to a deeper understanding of
circadian dynamics in breast cancer cell lines, extrapolation to patient
tumors requires cautious interpretation and further validation using
patient-derived models.

In summary, the proposed methodological refinements and
follow-up studies offer promising opportunities to deepen our
understanding of circadian rhythms in breast cancer. By illuminating
the role of the circadian clock across various breast cancer cell models,
our research establishes a foundational framework for exploring
chronotherapeutic strategies. These insights potentially pave the way
for more personalized and circadian-based therapeutic interventions,
which could transform our approach to breast cancer treatment.

Methods

Reagents and tools table

Reagent/Resource Reference or Source
Identifier or Catalog
Number

Experimental models

HCC1143 ATCC CRL-2321

HCC1806 ATCC CRL-2335

HCC1937 ATCC CRL-2336

HCC38 ATCC CRL-2314

HCC70 ATCC CRL-2315

MDAMB468 ATCC HTB-132

BT549 Gift of Prof. Peter Sorger
(Harvard)

CAL51 Gift of Prof. Peter Sorger
(Harvard)

HCC1428 Gift of Prof. Peter Sorger
(Harvard)

MDAMB231 Gift of Prof. Peter Sorger
(Harvard)

MDAMB436 Gift of Prof. Peter Sorger
(Harvard)

SUM149PT Gift of Prof. Peter Sorger
(Harvard)

MCF10A Gift of Prof. Joan Brugge
(Harvard)

MCF7 Gift of Prof. Joan Brugge
(Harvard)

T47D Gift of Prof. Joan Brugge
(Harvard)

U-2 OS Gift of Prof. Achim Kramer
(Charité)

U-2 OS Cry1-sKO Börding et al, 2019

U-2 OS Cry2-sKO Börding et al, 2019

U-2 OS Cry1/2-dKO Börding et al, 2019

HEK293T Gift of Prof. Galit Lahav
(Harvard)

Recombinant DNA

pAB-mBmal1:Luc-
Puro

Gift of Prof. Achim Kramer
(Charité)

plenti6-mPer2:Luc-
Blas

Gift of Prof. Achim Kramer
(Charité)

psPAX2 Addgene Cat #12260

pMD2G Addgene Cat #12259

gag/pol packaging
plasmid

Addgene Cat #14887

pRev packaging
plasmid

Addgene Cat #12253

VSV-G envelope
plasmid

Addgene Cat #14888

EF1α-mKate2-NLS
plasmid

Gift of Prof. Galit Lahav
(Harvard)
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Reagent/Resource Reference or Source
Identifier or Catalog
Number

Antibodies

Not applicable

Oligonucleotides and other sequence-based reagents

Not applicable

Chemicals, Enzymes and other reagents

DMEM/F12 Gibco Cat #11320033

RPMI-1640 Gibco Cat #21875091

FluoroBrite DMEM Gibco Cat #A1896701

Horse serum Gibco Cat #26050088

Fetal bovine serum Gibco Cat #10270106

EGF Peprotech Gibco Cat #AF-100-15-
500UG

Hydrocortisone Sigma Cat #H-0888-1g

Cholera Toxin Sigma Cat #C-8052-2mg

Insulin Sigma Cat #I-1882

Penicillin-
Streptomycin

Gibco Cat #15140122

L-Glutamine Gibco Cat #25030-024

HEPES Gibco Cat #15630056

Lipofectamine 3000 Invitrogen Cat #L3000001

Protamine sulfate Sigma Cat #P3369

PBS Gibco Cat #10010056

Blasticidin Adooq Cat #A14212

Puromycin Gibco Cat #A1113803

Dexamethasone Sigma Cat #D4902

D-Luciferin Abmole Cat #M9053

5-Fluorouracil Sigma Cat #03738-100MG

Torin2 Sigma Cat #SML1224-5MG

Alpelisib Biozol Cat #TGM-T1921-
10MG

Adavosertib Biocat Cat #T2077-5mg-TM

Doxorubicin Hölzel Cat #A14403-100

Paclitaxel Hölzel Cat #M1970-50mg

Alisertib Hölzel Cat #S1133-5

Olaparib Adooq Cat #A10111

Cisplatin Sigma Cat #232120

Software

MATLAB v2021b https://mathworks.com

Python Spyder
v5.4.5

https://github.com/spyder-
ide/

pyBOAT v0.9.12 Mönke et al, 2020

Anaconda Navigator
v2.5.0

https://docs.anaconda.com/
navigator/

Other

LumiCycle Actimetrics

Incucyte Essen BioScience

Experimental methods

Cell lines and cell culture
MCF10A cells were cultured following the Brugge lab’s media recipe
including a DMEM/F12 medium base (Gibco) supplemented with 5%
horse serum (Gibco), 20 ng/ml EGF (Peprotech), 0.5 mg/ml Hydro-
cortisone (Sigma), 100 ng/ml Cholera Toxin (Sigma), 10 µg/ml Insulin
(Sigma) and 1% penicillin-streptomycin (Pen-Strep, Gibco). All other
cell lines were maintained in RPMI-1640 medium (Gibco) supple-
mented with 10% fetal bovine serum (FBS) (Gibco) and 1% Pen-Strep.
Bioluminescence recordings and live imaging required phenol red-free
FluoroBrite DMEM medium, supplemented with 10% FBS, 300 mg
L-Glutamine (Gibco) and 1% Pen-Strep. Cells were cultured in a
controlled 37 °C and 5% CO2 environment.

Cell line quality control
All cell lines were monitored for morphology, growth character-
istics and health, mostly by long-term live-cell imaging, confirming
that cell line-specific features did not vary throughout the study. No
commonly misidentified cell line, according to the ICLAC register,
was used in this study. Cells were routinely tested for mycoplasma
for quality assurance.

Generation of luciferase and fluorescence reporter cell lines
HEK293T cells at 80% confluency were retained in RMPI-1640
medium supplemented with 10mM HEPES and transfected with a
mix of 8.4 µg lentiviral expression plasmid (pAB-mBmal1:Luc-Puro or
plenti6-mPer2:Luc-Blas), 6 µg psPAX2 (Addgene #12260) and 3.6 µg
pMD2G (Addgene #12259) to produce lentivirus carrying circadian
luciferase reporters. Similarly, lentivirus for the red-fluorescent nuclear
reporters were produced using a mix of 1.8 μg gag/pol packaging
plasmid (Addgene #14887), 0.7 μg pRev packaging plasmid (Addgene
#12253), 0.3 μg VSV-G envelope plasmid (Addgene #14888) and
3.2 μg of EF1α-mKate2-NLS plasmid. The transfections were
performed using Lipofectamine 3000 (Invitrogen) according to the
manufacturer’s instructions. Virus was harvested and filtered through
a 0.45 μm filters (Millipore) 48 h and 72 h post-transfection. For
transduction, target cells at 70% confluence underwent a 6-h
incubation with a mix of 1 ml lentivirus-containing supernatant,
8 μg/ml protamine sulfate (Sigma) and 10 μM HEPES (Gibco). Post-
incubation, cells were washed with PBS (Gibco) and maintained in
standard culture medium. After 2 days, antibiotic selection of
transduced cells was initiated using either 5 μg/ml of blasticidin
(Adooq) or 2 μg/ml of puromycin (Gibco), depending on the
resistance marker present in the lentiviral expression vector. Details
on how the different U-2 OS knockout cell lines were developed are
described in the original publication (Börding et al, 2019).

Circadian bioluminescence recordings
Cells expressing luciferase reporters under the control of the Bmal1
or Per2 promoters were plated in 35-mm dishes (Nunc) to reach
approximate confluence by the next day. To synchronize single-cell
circadian clocks in cell populations, a standard dose of 1 µM
dexamethasone (Balsalobre et al, 2000; Finger et al, 2021) (Sigma,
dissolved in EtOH) was applied. Following a 30-min incubation
period, cells were rinsed once with PBS before adding imaging
medium containing 250 μM D-Luciferin (Abmole). To prevent the
imaging medium from evaporating during the duration of the
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bioluminescence measurements, the dishes were sealed with
parafilm (Finger et al, 2021). Bioluminescence was then recorded
every 10 min for a span of 5.7 days, utilizing an incubator-
embedded luminometer (LumiCycle, Actimetrics).

Live-cell imaging
Continuous live-cell monitoring was performed utilizing an
incubator-embedded live-cell widefield microscope (Incucyte,
Essen BioScience). Cells expressing the fluorescent nuclear marker
EF1α-mKate2-NLS were plated in 48-well plates (Falcon) at a
seeding density where cell growth saturated under normal growth
conditions by the conclusion of each experiment. Growth was
measured in both brightfield and red-fluorescent channels with an
excitation between 567 and 607 nm and emission between 622 and
704 nm. The acquired images were subjected to per-frame analysis
for nuclei counting using the integrated software of the Incucyte
system, followed by data processing in MATLAB. In experiments
involving pharmacological treatments, cell seeding was done 1 day
prior to the initiation of imaging. We employed a 4× objective to
take images across two fields of view for each well, at intervals of
1–2 h, over a period of 4 days. These experiments were replicated
across two separate plates for each condition. In the case of
cisplatin treatment studies, we conducted the experiment in a single
plate per condition, capturing images across nine fields of view with
a 10× objective. For the assessment of unperturbed growth
dynamics, we seeded cells at approximately 10% confluency, two
days before initiating the live imaging. Using a 10× lens, we
obtained nine snapshots per well at 1 to 2-h intervals, for 4 days.

Drug perturbations
Stock solutions for drugs were prepared in DMSO and stored at
−20 °C, except for cisplatin (Sigma) that was prepared in 0.9% NaCl
and kept at room temperature. For dose-response experiments, drugs
were freshly diluted in a logarithmic series (5–6 points, log4) using
their respective solvents just before application. The following
concentration ranges were evaluated: 5-fluorouracil (5-FU, Sigma),
alpelisib (Biozol), and olaparib (Adooq) were tested from 100 to
0.1 µM; torin2 (Sigma) and alisertib (Hölzel) from 10 to 0.01 µM;
adavosertib (Biocat) from 10 to 0.04 µM; doxorubicin (Hölzel) from 1
to 0.004 µM; and paclitaxel (Hölzel) from 0.4 to 0.0004 µM. Cisplatin
underwent a 10-point log2 dilution series, spanning 70 to 0.14 µM. The
compounds were mixed media to achieve a final volume of 9% of the
well and administered to the cells 24 h post-seeding. Cisplatin doses
were given 48 h post-seeding. Control groups received the respective
solvent to account for potential solvent-based effects on growth.
Growth of the cells was tracked by long-term live-cell imaging over a
minimum period of 4 days, as previously detailed.

Experimental study design and statistics
The sample size for this study was based on standard field practices.
We conducted two independent bioluminescence experiments,
each with two to three technical replicates. While MCF10A Bmal1-
and Per2-Luc and MDAMB468-Per2-Luc studies lacked biological
replication, the technical replicates demonstrated high consistency.
Given the extensive data generated, live-imaging experiments were
performed once, with nine images analyzed per cell line for growth
and cisplatin sensitivity analysis, and four images per condition
from two separate plates for sensitivity analysis involving other
drugs. Due to the study design not involving large treatment and

control cohorts, we did not employ randomization procedures for
sample allocation, nor did we implement blinding during experi-
ments or data analysis. Data points were included in the analysis
unless identified as outliers using box plot methods, with pre-
established exclusion criteria of 1.5 times the interquartile range
above the 75th or below the 25th percentile. Statistical analyses
were tailored to the nature of the data in each figure. For cluster
analysis, we used k-means clustering and determined optimal
cluster numbers through elbow plots, validating our approach with
Within-Cluster Sum of Squares (WCSS) and silhouette scores. We
assessed statistical parameter relationships using Pearson correla-
tion coefficients and their corresponding p-values. The LDA
model’s performance was evaluated using the BCD to WCD ratio
and cross-validated through LOOCV. Throughout the analysis,
group variability was estimated and reported as standard deviation.

Computational methods

Time-series analysis of circadian signals

Signal pre-processing
An initial dexamethasone-related signal peak within the first 5 h
was uniformly removed from all raw time-series. To standardize
the duration of recordings, time-series exceeding 137.7 h (~5.7 days)
were shortened accordingly. In the case of the MDAMB468 Per2-
Luc reporter cell line, one replicate required a further adjustment
by shortening the dataset by 8 h (129.7 h). This was due to an
anomalous, intense, and brief peak during the last recording hours
that skewed the analysis of circadian parameters, and that was not
present in other replicates. The signals were detrended with a 48-h
cut-off period using a sinc filter. Signal normalization was achieved
by inverting the continuous amplitude envelope of the detrended
signal (Mönke et al, 2020). The amplitude envelope was calculated
by continuous wavelet transform with a time window of 48 h. The
signal pre-processing steps were performed in the open-source
software package pyBOAT (Mönke et al, 2020) (version 0.9.12),
accessed via the Anaconda Navigator (version 2.5.0).

Autocorrelation analysis
Autocorrelation of detrended signals was calculated using the
‘autocorr’ MATLAB function. Rhythmicity strength was deter-
mined from autocorrelation values at the second peak in the
correlogram using the ‘findpeaks’ MATLAB function, with the
corresponding abscissa (lag) reflecting the main period. To
facilitate peak detection and to filter out non-periodic samples
from further analysis, autocorrelation values were smoothed using a
Gaussian filter and peaks outside the 95.5% confidence intervals or
below 0 were not considered for further analysis.

Multiresolution analysis
Decomposition of detrended signals into the underlying frequency
bands, referred to as wavelet details Dj, was done by a discrete
wavelet transform-based multiresolution analysis (Leise and
Harrington, 2011), ensued by a final smooth. The analysis was
carried out in accordance with the method outlined by Myung,
Schmal and Hong et al (Myung et al, 2018), employing the
‘PyWavelets’ Python library and utilizing a db20 wavelet from the
Daubechies family for the transformation. For each wavelet detail
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Dj, which encapsulates a frequency span from 2jΔt and 2j+1Δt
(where j = 1, 2, 3, …), the time series was resampled by reducing the
sampling interval from Δt = 10 min to Δt = 30 to capture a circadian
frequency range between 16 and 32 h (Leise, 2013).

Continuous wavelet transform
Continuous wavelet transform (CWT) was employed for the
identification of a time-series signal’s main oscillatory feature, referred
to as ridge, across the entire recording time. The application of this
wavelet-based spectral analysis varied with the specific readout
parameter being examined. To increase the detectability of oscillatory
patterns associated with the “period” and “phase” readout parameters,
the CWT was applied to detrended amplitude-normalized signals.
Furthermore, an adaptive ridge detection threshold was set according
to the quarter-maximal spectral power of each signal (Appendix
Fig. S1A, right panel). Conversely, for the readout parameters
“amplitude” and “ridge length”, indicative of circadian strength and
robustness, the analysis was conducted on detrended, unnormalized
signals with a global ridge detection threshold that results in a broad
distribution of ridge lengths across all samples tested and which we set
to a quarter of the median half-maximal wavelet power from the
aggregate of samples (Appendix Fig. S1A, left panel). Except for the
“ridge length” parameter, we focused on analyzing ridges detectable for
a minimum duration of 48 h, thereby ensuring the tracking of at least
two full circadian cycles for our subsequent analysis. The CWT was
performed with pyBOAT using the Python programming language in
the Spyder environment (version 5.4.5). The instantaneous phase
differences between Bmal1 and Per2 was determined using the ‘atan2’
function, and for visual representation in polar histograms, the
‘polarhistogram’ function from MATLAB.

Weighting of CWT parameters
To account for variations in ridge lengths from which CWT period,
amplitude, and phase parameters were derived, we weighted the
importance of each sample through a sigmoidal fitting method
applied to the lengths of the respective ridges (Appendix Fig. S1B),
based on the formula:

Relative weight ¼ 1

1þ eð�0:1 ridge length�x0ð ÞÞ (1)

Here, the steepness of the curve was uniformly set to −0.1, while the
reflection point of the curve, x0, lied between the highest and lowest
ridge length. This method ensured that parameters from longer ridge
lengths had a higher relative weight for median and mean
calculations, as opposed to lower-weighted parameters from shorter
ridge lengths.

Amplitude envelope decay rate calculation
Decay rates of amplitude envelopes used for later correlation
analyses were derived by applying an exponential decay model to
detrended signal amplitudes:

f tð Þ ¼ A0e
�γt (2)

where A0 denotes the initial amplitude, t the time, and γ the decay
rate. Only decay rates from fits where R2 ≥ 0.6 were considered for
further analysis. For the analysis of circadian coupling strengths, the

model was extended to fit signals to an exponentially decaying
sinusoidal oscillation.

f tð Þ ¼ A0e
�γt sin

2π
Ts

t þ ϕ

� �
(3)

where Ts is the oscillation period, and ϕ adjusts for phase shifts.
Again, values obtained from fits where R2 ≥ 0.6 were used for further
analysis.

Simulating circadian population signals
The intercellular coupling was modeled assuming cells as mean-
field coupled Poincaré oscillators. These dynamics were described
in Cartesian coordinates X and Y as:

Xi;nþ1 ¼Xi;n þ λ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X2

i;n þ Y2
i;n

q
� R0

� �
Xi;n

� 2π
Ti

Yi;n þ κ

2N

XN
i¼0

Xi;n

(4)

Yi;nþ1 ¼Yi;n þ λ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X2

i;n þ Y2
i;n

q
� R0

� �
Yi;n

þ 2π
Ti

Xi;n þ κ

2N

XN
i¼0

Yi;n

(5)

Here, N represents the number of identical oscillators, κ the circadian
coupling strength, Ti the inherent period, R0 the natural limit-cycle
radius, λ the correction strength toward the oscillator’s natural radius,
n the time step, and i the individual oscillator. To simulate the model,
we used the Euler’s method with a time step of Δt = 0.1. For simplicity
we set R0 ¼ λ ¼ 1, as these parameters had no significant impact on
the outcome of the experiment. To reenact the in vivo resetting, all
oscillators were given similar initial phases by Uniform(0, π/5), and
periods with a normal distribution Norm(24, 3). Further, we set N to
300 to simulate enough oscillators and to avoid edge case results while
keeping the simulation relatively small. Identical oscillators and
uniform coupling in the simulations were justified by our assumption
of absent spatial correlations in the experiment. The cumulative cell
signal was modeled by summing individual oscillator outputs
ð κ
2N

PN
i¼0Yi;nÞ, varying κ 2 [0.00001: 0.1], with amplitudes scaled by

0.5 for compatibility, while keeping a constant seed to ensure similar
distribution of periods for all simulations.

Statistical analysis
Significance in variations in circadian parameters between knock-
out and wild-type U-2 OS cells were assessed using a two-sample t-
test through the M ATLAB ‘ttest2’ function, assuming normal
distributions and equal variances between groups. Variations were
considered significant with corresponding p-values ≤ 0.05.

Analysis of growth dynamics

Growth data acquired by long-term live-cell imaging was smoothed
by robust local regression of weighted linear least squares combined
with a 2nd-degree polynomial model, as implemented by the
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‘rloess’ function MATLAB. The exponential growth rate, denoted
as k, for each time unit t was determined by normalizing the cell
counts to their initial values at timepoint zero (y0) and applying an
exponential model to the 4-day growth trajectories:

Growth tð Þ ¼ y0e
ðk�tÞ (6)

For the BT549 and MDAMB436 cell lines fluorescent reporter
lines were not available, which is why growth was quantified based
on confluency levels. For all other cell models, nuclear counting was
employed to calculate growth rates. Fitting of the exponential
model was employed by the ‘fit’ function in MATLAB.

Circadian parameter-based phenotype analysis

The relationships between different circadian parameters and growth
rates were analyzed by first averaging the circadian parameter values
from both Luc-reporters, Bmal1 and Per2, across breast cancer cell
lines. Pearson correlation coefficients and corresponding p-values were
then calculated between these averaged circadian and growth
parameters to reduce redundancy within the dataset. From the
reduced set of eight circadian parameters and the growth rate,
unsupervised dimensionality reduction by principal component
analysis (PCA) was executed using the ‘PCA’ function of the ‘sklearn
decomposition’ Python language module with the exact full singular
value decomposition solver and two output components. Min–max
scaling of the circadian parameters was applied prior to processing to
preserve the distribution of the data while ensuring that all features are
bound between 0 and 1, regardless of their different units and ranges.
The reduced 2-dimensional space of Bmal1-Per2 circadian features of
each cell line was plotted in a biplot together with each feature’s
loading by annotated arrows, revealing three distinct clusters. The
resulting component loadings were plotted separately in bars to
facilitate the interpretation of each circadian feature’s contribution.
Based on the feature contributions, one representative parameter was
selected from each of the three PCA clusters (period, phase difference
variability, circadian component) and their min–max scaled values
were plotted in a three-dimensional space. Elbow plots were generated
to determine the optimal number of clusters for subsequent k-means
clustering, based on the trade-off between cluster coherence andmodel
complexity. We used the KneeLocator python library to locate the
most adequate number of clusters (k = 4) with the sensitivity
parameter set to 1. The analysis evaluated the average intra-cluster
distances across a range of number of clusters (2 ≤ n ≤ 7).

Circadian gene expression and mutation analysis

Gene expression data and somatic mutation information of
circadian clock genes were sourced from the Cancer Cell Line
Encyclopedia Dependency Map (CCLE DepMap, available at
https://sites.broadinstitute.org/ccle/datasets, gene expression:
2022-Q2, mutation profiles: 2023-Q2) (Barretina et al, 2012). Cell
models were grouped together based on their expression values of
core circadian clock genes using the ‘seaborn’ library’s ‘clustermap’
function, utilizing Euclidean distance for measurement and the
complete linkage approach for clustering. We extended our
mutation analysis from the set of 16 core clock genes to additional
44 circadian clock associated genes (see Dataset EV1 for gene lists).
Cell lines were hierarchically clustered by their mutational burden
ranging from zero to greater or equal two, using the hamming

distance metric and single linkage method. Depending on the
severity of the mutation, each mutation was assigned a value
between 1 to 3 (with 3 reflecting damaging mutations), and final
mutation scores per clock phenotype or classical subtype were
calculated from averaging individual mutation scores across cell
line models.

Circadian feature and gene expression mapping

Min–max scaled gene expression values of sixteen core clock genes
across TNBC cell line models were clustered using the ‘clustermap’
function of the ‘seaborn’ Python language module with the
Euclidean distance metric and complete linkage method. The
Uniform Manifold Approximation and Projection (UMAP) algo-
rithm of the same Python language module was applied on both,
the circadian parameters, and circadian gene expression values, to
project TNBC cancer cell lines in a two-dimensional space. The
number of nearest neighbors selected to construct the initial high-
dimensional graph was set to three.

Estimation of growth rate inhibition values

Drug-response data acquired by long-term live-cell imaging was
smoothed using the same approach as described for the growth
analysis. Following the method outlined by Hafner et al (2016), the
growth rate inhibition (GR) at a given time t and for each
concentration c was calculated using:

GR c; tð Þ ¼ 2kðc;tÞ=kð0Þ � 1 (7)

where k c; tð Þ represents the growth rate with drug treatment, and
k 0ð Þ signifies the growth rate of untreated control cells. To obtain
final drug sensitivity values, dose-dependent GR values were
modeled against a sigmoidal curve, expressed as:

GR cð Þ ¼ GRinf þ 1� GRinf

1þ ðc=GEC50ÞhGR
(8)

with the parameters defined as described in the original
publication (Hafner et al, 2016). Fitting of the sigmoidal curve
was executed with the MATLAB ‘fit’ function.

Pairwise correlation and linear regression analysis

Pearson’s linear correlation coefficients between drug sensitivity
metrics and circadian parameters were calculated and clustered
using the ‘corr’ and ‘clustergram’ functions in MATLAB,
respectively. For clustering, the ‘correlation’ distance metric was
applied. Corresponding linear regression analysis was employed by
the MATLAB ‘fitlm’ function.

Predicting drug sensitivity from circadian clock features

Drug sensitivity prediction analysis was performed using the
supervised linear discriminant analysis algorithm by the ‘sklearn
discriminant_analysis’ Python language module. The default
parameters were retained, using the exact full singular value
decomposition solver and a single component (LD1). We applied a
median-based binary approach to categorize cell models into high
and low drug sensitivity groups for cisplatin (own dataset) and 24
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additional drugs that we obtained from the CCLE pharmacological
profiling dataset archive (2015-Q1) (Barretina et al, 2012). These
sensitivity groups served as target variable for the discrimination
analysis using either the circadian parameter set (combined Bmal1-
Per2 data), or the CCLE core clock gene expression values. The
resulting linear discriminant vector was jittered along the y-axis to
avoid overlapping of the data points in the 1-dimensional space.
Individual contributions to the obtained discriminative information
of the parameters were plotted alongside each linear discriminant
plot, and combined sum up to 100%. The discrimination
performance (“chronosensitivity index”) was calculated from the
BCD-WCD ratio, where the between-cluster-distance (BCD) is the
Euclidean distance between the mean LD1 values of each class, and
the within-cluster-distance (WCD) is the average Euclidean
distance of class members to their respective class mean. The
minimum BCD-WCD ratio to deem effective discrimination in a
single dimension is equal to two, with BCD = 2*WCD. This ensures
that the centers of both clusters are at least twice as far away as the
distance of each member to its respective class mean.

Multi-dimensional lasso and ridge regressions

Regression analysis was conducted to identify circadian features
associated with drug sensitivity in breast cancer cells. L1 (Lasso)
and L2 (Ridge) regularization were applied to reduce overfitting
and improve model interpretability by shrinking the coefficients of
less significant features to zero (Tibshirani, 1996) (Hoerl and
Kennard, 1970). The regularization strengths were set to 0.1 for L1
and 1.0 for L2. All analyses were performed using the scikit-learn
library, with default parameters unless otherwise specified.

Leave-one-out cross-validation

Leave-one-out cross-validation (LOOCV) was employed to evaluate
model performance, leveraging the entire dataset by iteratively using
one observation as the test set while the remainder constituted the
training set. This method provides an unbiased estimate of model
performance, particularly for smaller datasets. LOOCV was executed
using custom functions with the different types of estimators.

Data availability

The raw experimental data and generated data tables from this
study are available in the Figshare database under the identifier
https://figshare.com/projects/Circadian-Subtypes-Breast-Cancer-
Cells/234353. The computer code produced in this study is
available through the dataset repository Zenodo under the identifier
https://doi.org/10.5281/zenodo.14657750.

The source data of this paper are collected in the following
database record: biostudies:S-SCDT-10_1038-S44320-025-00092-7.

Expanded view data, supplementary information, appendices are
available for this paper at https://doi.org/10.1038/s44320-025-00092-7.
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Expanded View Figures

Figure EV1. Expanded view for Fig. 2.

Simulated oscillators of varying coupling strengths κ. Individual traces of each oscillator are shown in black, collective signals are shown as thick lines with gradients of red,
based on their coupling strength, where dark red denotes high coupling strength, and pink refers to low coupling. The right panel is a composite of all collective signals.
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Figure EV2. Expanded view for Fig. 3.

(A) Pearson correlation coefficients between the complete set of Bmal1-Per2-averaged circadian features and growth rates across all breast cancer cell models and the
epithelial MCF10A cell line (n= 15 cell lines). Parameters are categorized by their approach of calculation (refer to Fig. 3A legend). Displayed are statistically significant
correlation values, where *, **, and **** indicate p-values < 0.05, 0.01, and 0.0001, respectively. Exact p-values: RIDGE-LAG= 4.2 × 10⁻²; RIDGE-RHYTHM= 2.8 × 10⁻7;
PHDIFF_RIDGE= 2 × 10⁻³; PHDIFF_CV-PER_CV= 3 × 10⁻³; DECAY-RIDGE= 4.3 × 10⁻²; DECAY-PHDIFF= 3.3 × 10⁻²; ULTR-RHYTHM= 3 × 10⁻³; ULTR-RIDGE= 4 × 10⁻³;
ULTR-PER= 3 × 10⁻³; ULTR-AMPL= 3.8 × 10⁻²; ULTR-PHDIFF_CV= 4.1 × 10⁻²; ULTR-INFR= 5.5 × 10⁻³; CIRC-RIDGE= 8 × 10⁻⁵; CIRC-ULTR= 8.8 × 10⁻⁵; INFR-RIDGE= 1.8
× 10⁻⁵; INFR-ULTR= 5.5 × 10⁻³; INFR-CIRC= 1 × 10⁻⁶; GROWTH-PER_CV= 3.7 × 10⁻². Refer to Fig. 3A for all other significant p-values. (B) Ranking of absolute PC loadings
for each circadian and growth parameter, corresponding to the PCA biplot shown in Fig. 3B. Parameters are sorted in descending order based on their absolute contribution
in the first principal component. Negative values are shaded. (C) Uniform Manifold Approximation and Projection (UMAP) of cell models complementary to the k-means
clustering analysis in Fig. 3C. The classical subtype and clock phenotype of each model is illustrated by different markers and colors, respectively. Nearest neighbors= 2–4.
(D) Cluster map of core clock gene expression values across breast cancer cell models, using the Euclidian distance method. Color-coded rectangles above the cell line
names indicate the classical subtype and clock phenotype. Refer to (C) for color-coding. (E) UMAP of cell models based on core circadian gene expression values shown in
(D). The classical subtype and clock phenotype of each model is illustrated by different markers and colors, respectively. Nearest neighbors= 3.
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Figure EV3. Expanded view for Fig. 4.

(A) Hierarchical clustering of Pearson correlation coefficients between GRinf values for 9 drugs (rows) and 15 circadian clock and growth parameters (columns, averaged
Bmal1-Per2 data). Shown are statistically significant correlation values, where *, and **, indicate p-values 0.05, and 0.01, respectively. exact p-values: 5-FU-
Amplitude= 2.2 × 10⁻²; Alisertib-Lag= 4.1 × 10⁻²; Alisertib-Amplitude= 1.5 × 10⁻²; Alpelisib-Ridge= 1 × 10⁻²; Alpelisib-Rhythmicity= 6.6 × 10⁻³; Alpelisib-Circadian= 1 ×
10⁻²; Alpelisib-Infradian= 1.9 × 10⁻²; Alpelisib-Phase diff. var= 2.7 × 10⁻³; Alpelisib-Ultradian= 4.6 × 10⁻²; Olaparib-Growth= 2.7 × 10⁻²; Cisplatin-Rhythmicity= 1 × 10⁻²;
Cisplatin-Circadian= 3.2 × 10⁻²; Cisplatin-Infradian= 4.4 × 10⁻²; Cisplatin-Period var.= 3.1 × 10⁻². n= 5 cell lines per drug, except for cisplatin, where n= 15 cell lines. (B)
Ranking of absolute correlation values between cellular GRinf values and circadian clock/growth parameters, accumulated by individual drugs (n= 15 parameters). Bottom
and top edges of the boxes represent the 25th and 75th percentiles, respectively. Extending whiskers represent data points within 1.5 times the interquartile range from
lower and upper quartile. Red horizontal lines denote median values, red crosses mark outliers. (C) Ranking of absolute correlation values between cellular GRinf values and
circadian clock/growth parameters, accumulated by individual parameter (n= 9 drugs). See (B) for definition of boxes. (D) See (A), but shown for GR50 values. p-values:
Alpelisib-Amplitude var.= 3.6 × 10⁻²; Cisplatin-Phase diff= 4.8 × 10⁻²; Adavosertib-Period var.= 3.2 × 10⁻²; Paclitaxel-Amplitude= 1.8 × 10⁻²; Doxorubicin-Amplitude=
4.4 × 10⁻²; 5-FU-Lag= 2.5 × 10⁻²; 5-FU=Phase diff. var.= 3.3 × 10⁻². (E) See (B), but shown for GR50 values. (F) See (C), but shown for GR50 values. (G) See (A), but shown
for Hill coefficient values. p-values: Cisplatin-Lag= 2.7 × 10⁻²; Cisplatin-Infradian= 2.5 × 10⁻²; Paclitaxel-Lag= 3 × 10⁻²; Paclitaxel-Phase diff. var.= 3.7 × 10⁻²; Doxorubicin-
Amplitude var.= 4.5 × 10⁻²; Doxorubicin-Amplitude decay= 1.2 × 10⁻²; 5-FU-Period= 1.3 × 10⁻²; Torin2-Period= 2.4 × 10⁻²; Adavosertib-Period var.= 3.4 × 10⁻²; (H) See
(B), but shown for Hill coefficient values. (I) See (C), but shown for Hill coefficient values.
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Figure EV4. Expanded view for Fig. 4.

(A) Linear discriminant analysis (LDA) on median-binarized cisplatin GRinf values using circadian gene expression data as input. Cell models shown in with GRinf values
below or above the median are colored in blue-green and orange, respectively. The right bar plots rank the individual contribution of each input parameter to the obtained
discriminative information. (B) See (A), but shown for GR50 values and Bmal1-Per2 oscillation and growth parameters as input. (C) See (A), but shown for GR50 values. (D)
See (B), but shown for Hill coefficient values and Bmal1-Per2 oscillation and growth parameters as input. (E) See (A), but shown for Hill coefficient values. (F) LDA profiles
of different drugs, exemplifying cell model distributions along LD1 for varying chronosensitivity indices, sorted from highest index (left panel) to lowest (right panel).
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SUMMARY

Circadian clocks regulate essential cellular functions and influence cancer development and treatment

outcomes. Aligning therapy with circadian rhythms can improve efficacy and reduce toxicity, yet whether

neuroblastoma, a heterogeneous pediatric tumor, maintains circadian function remains unclear. Here, we

systematically profiled circadian dynamics across 12 neuroblastoma cell models using long-term biolumi-

nescence assays and computational analysis. Our findings reveal heterogeneous circadian patterns ranging

from robust to arrhythmic, which we linked to distinct neuroblastoma genetic features. By integrating drug

sensitivity data, we identified candidate compounds whose effectiveness correlates with circadian expres-

sion profiles. Moreover, time-of-day treatment assays with the ALK inhibitor lorlatinib and frontline chemo-

therapeutics revealed distinct temporal drug responses that were more pronounced in circadian-competent

than weakly rhythmic cell lines. Together, these findings establish circadian heterogeneity as a previously

unrecognized dimension of neuroblastoma biology and highlight the therapeutic potential of chronotherapy

approaches for improved treatment efficacy.

INTRODUCTION

Circadian clocks are inheritable timekeepers that have evolved

among diverse life forms in response to daily fluctuations in light

and temperature.1,2 In mammals, a master pacemaker located in

the suprachiasmatic nucleus (SCN) of the hypothalamus coordi-

nates the overall rhythm of the organism, while peripheral tissue

clocks maintain their own intrinsic oscillations.3,4 Hence, circa-

dian rhythms can be detected from the level of the entire organ-

ism down to individual cells, underscoring their fundamental

biological importance.3

At the cellular level, the generation of intracellular rhythms re-

lies on interconnected transcriptional-translational feedback

loops (TTFLs).5 Central to this process are heterodimers formed

by BMAL1 and CLOCK, which bind to E-box elements in the pro-

moters of Period (Per) and Cryptochrome (Cry) genes, thereby

promoting their transcription. In turn, PER and CRY proteins

inhibit the activity of the BMAL1-CLOCK heterodimers, effec-

tively closing the negative feedback loop. Complementary feed-

back loops, involving genes such as Reverb, Ror, and Dbp,

further adjust the period, amplitude, and phase of circadian os-

cillations, contributing to the system’s flexibility and resilience.6

Circadian rhythms regulate approximately 40% of protein-

coding genes,7 orchestrating crucial physiological processes

such as cell cycle progression,8 metabolism,9 and DNA repair.10

This widespread influence underscores the clock’s integral role

in maintaining cellular homeostasis and its impact on various

pathophysiological conditions.11 While the disruption of circa-

dian rhythms has been implicated with diverse cancer types,12

a growing body of research shows that rhythmicity can persist

in cancer cells to varying degrees.13–17 In cancer therapy, circa-

dian rhythms can be effectively leveraged to time treatments

with the patient’s natural biological cycles, potentially enhancing

drug efficacy and reducing side effects, a treatment concept

referred to as chronotherapy.18 Despite these promising in-

sights, the circadian clock status remains poorly understood in

Cell Reports 45, 116975, February 24, 2026 © 2026 The Authors. Published by Elsevier Inc. 1
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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many cancers, including neuroblastoma (NB), the most preva-

lent cancer in infancy, accounting for over 10% of childhood

cancer-related deaths.19 This pediatric tumor arises from fetal

neural crest cells and is marked by considerable biological and

clinical heterogeneity. Approximately 50% of patients are classi-

fied as high risk, with 5-year survival rates falling below 40%.20

The aggressiveness of the disease is closely linked to a range

of genetic alterations, including the amplification of the proto-

oncogene MYCN, rearrangements at the TERT locus, inactivat-

ing mutations in ATRX and the activation of ALK.21

To investigate circadian properties in neuroblastoma, we con-

ducted deep circadian phenotyping13,22 across 12 distinct NB

cell models. We combined long-term high-resolution biolumi-

nescence assays of core clock genes with an in-depth computa-

tional characterization of the circadian signals, which revealed

widespread but heterogeneous circadian oscillations. Inte-

grating gene expression data, we identified circadian and NB-

specific signatures distinguishing strongly rhythmic from weakly

rhythmic models. Analysis of public drug sensitivity datasets un-

covered compounds whose efficacy correlated with circadian

gene activity, and complementary time-of-day assays with lorla-

tinib, cisplatin, and doxorubicin revealed distinct time-of-day

sensitivity that was more pronounced in circadian-competent

lines. Together, this systematic profiling establishes a resource

linking circadian heterogeneity to genetic background and

drug response, providing a foundation for circadian-aligned ther-

apies in neuroblastoma.

RESULTS

Circadian phenotypes in neuroblastoma cell models

To record circadian signals in a wide range of neuroblastoma cell

lines, we engineered them to stably express luciferase (Luc) re-

porters of two key circadian clock genes, Bmal1 and Per2. We

then generated high-resolution 5-day bioluminescence recordings

of the reporter cell lines (Figure 1A), revealing considerable vari-

ability among them (Figure 1B and S1A, B; see Table S1 for clinical

features of the cell models). For instance, while SKNSH showed

robust oscillations for 5 days, GIMEN exhibited clear but rapidly

damping rhythms, SH-SY5Y oscillated with extended periods,

while CHP212 did not display detectable rhythmicity (Figure 1B).

Interestingly, theBmal1and Per2signals in GIMENcells were nearly

anti-phasic, indicative of a functional circadian clock network,

whereas in SKNSH cells they displayed a pronounced phase shift.

To better characterize circadian rhythmicity, we applied

discrete wavelet-based multiresolution analysis (MRA; see STAR

Methods), decomposing detrended signals into noise (1–4 h), ul-

tradian (4–16 h), circadian (16–32 h), and infradian (32–256 h) com-

ponents. This revealed that 76.8% of the GIMEN-Bmal1 signal lies

within the circadian range, with minimal contribution of noise

(0.3%; Figure 1C). However, an appreciable 18.8% of the signal

resided in the infradian band, suggesting the presence of addi-

tional oscillatory dynamics. Extracting the circadian component

across various NB models enabled us to rank them by rhythmic

strength. Instead of a binary division into rhythmic or arrhythmic,

the analysis revealed a continuum of rhythmicity (Figure 1D),

consistent with our earlier findings in breast cancer models.13

Given the diverse clinical backgrounds of the patients from

whom each NB cell line was derived (Table S1), we performed

an exploratory analysis to investigate whether circadian compo-

nents retained any association with basic clinical features such

as patient age, biological sex, or ALK mutation status. Stratifica-

tion by clinical features suggested an association whereby cell

lines from patients older than two years tended to exhibit stron-

ger circadian components (Figure S2A). Furthermore, female-

derived and ALK-mutated samples tended toward higher rhyth-

micity compared to male-derived and ALK wild-type samples,

respectively (Figures S2B and S2C). These trends are consistent

with reported age- and sex-dependent variation in circadian

regulation in humans.23,24 However, given the limited sample

size and the multiple biological differences of established cell

lines from primary tumors, these associations should be inter-

preted with caution. We therefore focused subsequent analyses

on mechanistic links within the cell lines themselves.

Next, we explored the presence of circadian phenotypes in

neuroblastoma by conducting a principal component analysis

(PCA) on the four coarse-grained MRA frequency components:

noise, ultradian, circadian, and infradian. PCA revealed four

distinct clusters, consistent across combined Bmal1/Per2 data

(Figure 1E) and reporter-separate analyses (Figures S3A and

S3B), which supports the presence of intrinsic circadian sub-

types. Loadings indicated that all but the ultradian component

contributed substantially to variance (Figures S3C and S3D).

To refine this classification, we therefore applied k-means clus-

tering (k = 4) on noise, circadian, and infradian components.

This analysis assigned each sample to a cluster defined by pre-

dominant variance in either of these patterns or a mixed pattern

that fell between the circadian and infradian ranges (Figures 1F,

1G, S3E, and S3F; see Table S2 for detailed results).

In summary, our integrative framework revealed that samples

from three specific models (SKNSH, NGP, and GIMEN) consis-

tently fell within the circadian cluster, affirming the existence of

stable circadian phenotypes. In contrast, most of the cell lines

exhibited patterns that were either mixed circadian or infradian,

with two models only (SH-SY5Y and CHP212) showing a com-

plete absence of circadian rhythmicity. This highlights the

diverse and complex nature of the circadian clock within neuro-

blastoma cell lines.

Circadian signal stability and variability in

neuroblastoma

Building on the observed circadian phenotypes, we next

characterized signal parameters using two complementary ap-

proaches: harmonic regression, fitting a stochastic damped

oscillator to each detrended trace to capture time-averaged

properties, and continuous wavelet transform (CWT) to reveal

time-dependent changes in non-stationary signals.25 Impor-

tantly, we focused our analyses on recordings that classified

as circadian or mixed circadian (Figure 1G).

Harmonic regression of detrended signal traces (Figure 2A)

revealed predominantly prolonged signal periods of up to 36 h

(Figure 2B). Only NGP-, SKNAS-, and GIMEN-Bmal1 cells ex-

hibited periods close to a 24-h cycle (Figure 2B). All cell lines

showed damped oscillations (Figure S1), though the degree var-

ied: LAN5 and SKNAS decayed within one cycle, whereas most
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retained half their amplitude beyond the first oscillation

(Figure 2C). Interestingly, period length and damping were corre-

lated, with slower decay linked to longer periods (R2 = 0.48,

Spearman r = − 0.77, p = 0.021). These coupled signatures of

amplitude loss and period prolongation suggest rapid desynch-

ronization and weak extracellular coupling, processes that may

promote tumor growth.26,27

To assess how circadian features change over time, we next

applied CWT, which generates a time-period power spectrum,

thereby illustrating the range and relative power of oscillatory

components within a specific period range (Figure 2E). Tracking

the main oscillatory component (‘‘ridge’’) revealed time-depen-

dent variation in period and amplitude. In GIMEN-Bmal1 cells,

rhythms remained stable for ∼3.5 days before decaying and

lengthening to ∼30 h (Figure 2F), indicative of a loss of popula-

tion synchrony. By quantifying the ridge length as a proxy for

circadian clock strength, with longer, continuous ridges indi-

cating robust signals, we observed a gradual ranking across

models, where SKNSH displayed the longest ridge (Figure 2G).

This finding aligns with its high ranking in the circadian compo-

nent analysis and its clustering outcomes (see Figures 1D–1G).

We next aggregated continuous periods across replicates to

assess potential variability (Figure 2H). Consistent with the sta-

tionary analysis (Figure 2B), periods ranged from short to

extended, with circadian-clustered models closest to 24 h.

LAN5, despite short periods in harmonic regression, averaged

A
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Figure 1. Real-time profiling of circadian rhythms in neuroblastoma cell lines

(A) Schematic of the experimental strategy to monitor circadian rhythms in neuroblastoma (NB) cell lines. NB cell lines stably expressing luciferase (Luc) reporters

for Bmal1 and Per2 were generated via lentiviral transduction, enabling real-time expression monitoring. Following a circadian clock reset, Luc signal from cell

populations was recorded over multiple days.

(B) Overlay of detrended Bmal1 and Per2 signal traces (color-coded) of four NB cell lines.

(C) Multiresolution analysis (MRA) of detrended GIMEN-Bmal1 signal, breaking it down into four frequency components, with each component’s percentage

representing its share of the total signal.

(D) Bar plot ranking cell lines by their MRA circadian component, grouped and color-coded for Bmal1- and Per2 signals. Data represent the mean ± SD across

individual samples (see exact numbers below).

(E) Principal component analysis (PCA) biplot showing the distribution of all Bmal1- and Per2-Luc samples (n = 106) along the first two PCs, calculated from the

four MRA frequency components. Cell models are distinguished by markers. PCA clusters are outlined and color-coded for clarity.

(F) 3D scatterplot depicting the distribution of all Bmal1- and Per2-Luc samples (n = 106) along the MRA circadian, infradian, and noise axes. Clusters, determined

by the dominant signal components, are color-coded for clarity.

(G) Heatmap showing the number of samples for each cell line (row) per circadian cluster (columns), corresponding to (F).

Data shown in (D)–(G) are derived from two biological replicates and technical triplicates (n = 6 samples per Luc reporter). NGP-Bmal1 and SH-SY5Y-Per2 were

assayed in technical duplicates in one experiment (n = 5). CHP212-Bmal1 was assayed in three biological replicates and technical triplicates (n = 9). SKNSH-Per2

was assayed in a single sample in one experiment (n = 4). SKNAS-Per2 was assayed in a single experiment in technical duplicates (n = 2). SKNBE(1) and SKNBE(2)

samples were assayed in a single experiment in technical triplicates (n = 3).
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Figure 2. Deep circadian phenotyping across neuroblastoma cell line models

(A) Non-linear least squares fitting (dashed gray curve) to GIMEN-Bmal1-Luc signal (pink curve).

(B) Bar plot of NB cell lines ranked by mean signal periods, determined via non-linear least squares fitting and color-coded for Bmal1- or Per2 signals. Data

represent the mean ± SD across individual samples. Dashed line = 24 h. Note that one NGP-Per2 sample (period = 41.1 h) is cut from the axis but contributed to

the mean ± SD.

(C) See (B) but shown for mean amplitude decline half-life (t1/2). The order follows the same scheme as in (B).

(D) Relationship between amplitude decay rates and circadian periods across NB cell lines (n = 7, distinguished by markers), as determined by nonlinear least

squares fitting. The gray area denotes the 95% confidence interval, with model accuracy shown by R2 values. Spearman’s correlation coefficient (r) and its p value

are noted in the legend. Data represents the mean ± SD across individual samples across Luc-reporters. Sample sizes in (B)–(D) per available reporter are LAN5,

NGP-Bmal1, and IMR5 (n = 5); SKNAS and SKNBE(2) (n = 2); GIMEN and SKNSH-Bmal1 (n = 6); NGP-Per2, SKNSH-Per2, and CLBGA (n = 4); and KELLY (n = 3).

(E) Continuous wavelet transform (CWT) on detrended and normalized GIMEN-Bmal1 signal (top). The corresponding wavelet spectrum (bottom) displays time-

resolved periods, with the primary oscillatory component (ridge) highlighted in red.

(F) Ridge readout of continuous periods (top) and amplitudes (bottom), corresponding to the CWT analysis in (E).

(G) Boxplot displaying CWT ridge lengths from Bmal1-/Per2 signals across cell lines. The box edges indicate the 25th and 75th percentiles, with whiskers ex-

tending to values within 1.5 times the interquartile range. The median is shown as a dark blue horizontal line.

(legend continued on next page)
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∼34 h here, likely due to excluding traces with ridges too short to

track, underscoring the value of time-resolved analysis. Building

on the insights into temporal dynamics of both period and signal

stability, we further assessed the Bmal1-Per2 phase differences

over time for the three most circadian NB cell models: SKNSH,

GIMEN, and NGP. Despite their overall circadian behavior, their

phase relationships diverged: SKNSH showed a ∼4 h lag (π/3),

GIMEN ∼8–9 h, and NGP ∼14 h (Figure 2I). Notably, the ∼8 h

lag resembles that reported for U2OS and MCF10A cells,13

two highly circadian cell models,14,15 suggesting that similar

circadian clock timings may extend across different cell types.

To explore how circadian parameters relate to functional out-

puts, we further characterized the growth dynamics of the neu-

roblastoma cell line panel by long-term live-cell imaging (see

STAR Methods). We first parametrized the normalized conflu-

ence data with a logistic function to obtain cell line-specific

growth rates (Figure S4A). Next, we examined these growth rates

in relation to circadian parameters derived from our deep pheno-

typing analysis (Figure S4B).

This revealed two significant associations: a negative correlation

with the circadian component (R2 = 0.57, r = − 0.75, p = 0.012;

Figure S4C) and a positive correlation with the circadian period

(R2 = 0.27, r = 0.52, p = 0.152; Figure S4D). These findings suggest

that faster proliferating models display disrupted circadian rhythms,

characterized by either weaker rhythms or prolonged periods.

In summary, our analysis reveals heterogeneous circadian

properties in neuroblastoma cell models, with most cell lines ex-

hibiting prolonged periods, variable damping and distinct

Bmal1-Per2 phase relationships. Time-resolved analyses re-

vealed differences in signal stability that enabled ranking of

circadian robustness. Importantly, weaker or lengthened

rhythms link with faster cellular proliferation, suggesting that

circadian impairment is functionally connected to tumor growth.

Linking circadian phenotypes to gene expression

Building upon the circadian phenotyping results, we next sought

to understand how the rhythmic patterns of the NB cell lines

relate to gene expression profiles by analyzing their molecular

profiles from the Cancer Cell Line Encyclopedia (CCLE) DepMap

2022-Q2 (https://sites.broadinstitute.org/ccle/datasets).28 Us-

ing both circadian and NB-specific genes, we classified cell

models by their circadian component defined from deep circa-

dian phenotyping. We first tested all circadian or NB-specific

genes, then iteratively examined gene combinations to identify

optimal predictive sets (Figure 3A). Core clock genes were

defined as those essential for TTFL regulation whose disruption

impairs rhythmicity,5,29 while NB-specific genes were those

commonly mutated or dysregulated in neuroblastoma.30,31

Cluster analysis of raw expression values for the circadian

genes classified eight NB cell models, whose gene expression

data were available, into two overarching clusters (Figure S5A).

However, each cluster contained cell models with both high

and low circadian oscillation components. Linear discriminant

analysis (LDA) confirmed the poor predictive power of the full

gene set, achieving only 25% accuracy by leave-one-out

cross-validation (LOOCV) (Figures 3B and S5B). We therefore

hypothesized that the circadian phenotype of each cell model

might be more accurately predicted by a specific combination

of genes. To test this, we systematically screened all possible

gene combinations, from single genes up to sets of 15, and eval-

uated their classification performance. Both separation metrics,

the ratio of between-class distance (BCD) to within-class dis-

tance (WCD; see Figure 3A), and LOOCV accuracy revealed a

similar trend: the predictive power increased with the number

of genes up to about 5–6, after which performance declined

(Figures 3C and S5C). Notably, only combinations of 3–5 circa-

dian genes consistently achieved high accuracy and well sepa-

ration in the LDA space, indicating that small but specific subsets

of circadian genes are sufficient to capture the circadian pheno-

type (Figures 3D, S5B, and S5D). Here, Bmal1, Clock, and Rev-

erbα consistently appeared among the top-ranking genes.

Parallel analysis of NB-specific genes showed that while the

full 11-gene panel separated models better than circadian genes

(Figure 3E), it achieved 0% prediction accuracy (Figure S5E).

Testing all 2,047 subsets revealed peak performance with 3–5

genes, after which accuracy declined (Figure 3F). These small

subsets consistently reached 100% accuracy (Figures S5E and

S5F), with Phox2b and Ntrk2 emerging as most informative

genes, frequently accompanied by Atrx (Figures 3G and S5G).

Thus, as with circadian genes, a smaller number of NB-specific

genes proved sufficient to classify circadian phenotypes.

These findings reveal that both circadian and NB-specific

genes can be used to classify circadian phenotypes in the panel

of neuroblastoma cell models, suggesting a potential interaction

between oncogenic neuroblastoma pathways and circadian

regulation.

Circadian gene expression and treatment timing shape

drug responses in neuroblastoma cell models

Having linked circadian phenotypes to gene expression, we next

examined how circadian regulators relate to drug sensitivity.

Here, circadian regulators may influence cellular processes un-

derlying drug response, potentially serving as biomarkers for

therapeutic efficacy.

Using CCLE data from NB models with matched availability on

expression and drug sensitivity data, linear regression and

Spearman analysis revealed multiple correlations between circa-

dian genes and drug activity (ActArea; Figure 4A; refer to

Table S3 for the drugs’ clinical relevance in NB). Negative regu-

lators such as Cry2 and Per2 tended to anticorrelate with drug

sensitivity, while positive regulators such as Clock and Npas2

showed positive correlations (Figures 4A and 4B), suggesting

that core network relationships are preserved. After Bonferroni

correction, four associations remained significant: Per2-topote-

can, Rev-erbα-paclitaxel, Clock-PF2341066, and Rorγ-PLX4720

(Figures 4A and 4C). Analyses of IC50 and EC50 data identified

(H) Probability-normalized, cell line-specific polar histograms of continuous signal periods for each Luc reporter (color-coded). Sample sizes in (G) and (H) are as

described for (B)–(D), except for IMR5 (n = 6).

(I) Probability-normalized polar histograms of Bmal1-Per2 phase differences for the specified cell lines, averaged over multiple combinations: SKNSH (n = 25),

GIMEN (n = 36), and NGP (n = 26).
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additional links, including Dbp-topotecan, Per1-TAE684, and

Clock-panobinostat (Figures S6A and S6B). Together, these re-

sults highlight topotecan and ALK inhibitors as consistently

associated with circadian gene expression, though effect direc-

tion varied by sensitivity metric. This shows that, despite the

small sample sizes, topotecan consistently shows significant

correlations with specific clock genes, while the direction of

these associations (positive or negative) depends on the drug

sensitivity metric employed.

We next sought to directly test whether neuroblastoma cell

models exhibit time-of-day (ToD)-dependent drug responses.

To do so, we performed ToD sensitivity assays using our estab-

lished in vitro pipeline,22 selecting five neuroblastoma cell lines

from different ranges of the circadian rhythmicity spectrum:

GIMEN and SKNSH (strong rhythmicity), SKNBE(2) (intermedi-

ate), and SH-SY5Y and CHP212 (weak rhythmicity). Following

an established resetting-treatment protocol,22 cells were treated

at six circadian timepoints with three clinically relevant drugs:

lorlatinib (ALK inhibitor), cisplatin (DNA crosslinker), and doxoru-

bicin (DNA synthesis inhibitor; Figure 4D). GIMEN cells showed

pronounced and consistent ToD-dependent responses across

all tested drugs (Figure 4E, left), with lorlatinib eliciting the highest

A

D

E F G

CB

Figure 3. Linking gene expression levels to circadian phenotypes in neuroblastoma

(A) Overview of the linear discriminant analysis (LDA)-based approach used to investigate how circadian or neuroblastoma (NB)-specific genes influence

circadian phenotypes across NB cell models. Each gene list was tested in various combinations to identify the subset of genes that most accurately predict

circadian phenotypes. NB cell models were initially classified based on their characterized circadian component, determined through deep circadian pheno-

typing.

(B) Left panel: LDA on median-binarized circadian components (determined via MRA), using all 16 circadian genes as predictors. Cell models with circadian

component values below or above the median are shown in yellow and green, respectively. The x axis represents the first linear discriminant (LD1), reflecting the

greatest variance between these two groups. Right panel: bar plot ranking the 16 circadian genes by their individual contribution to the discriminative power of the

LDA model.

(C) All possible combinations of circadian genes plotted against their corresponding log10 ratio of between-cluster distance (BCD) to within-cluster distance

(WCD), an LDA-based metric of separation quality. The best-performing combinations up to five genes are marked with an X.

(D) See (B), here shown for LDA using the top 4 performing circadian genes as predictors.

(E) See (B), here shown for LDA using all 11 NB-specific genes.

(F) See (C), here shown for NB-specific genes.

(G) See (B), here shown for LDA using the top 4 performing NB-specific genes as predictors.
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Figure 4. Correlation analysis of drug sensitivity and circadian gene expression in neuroblastoma cell lines

(A) Cluster map of Spearman correlation coefficients between ActArea values for multiple drugs and circadian gene expression across 6 NB cell lines, based on

CCLE data. Significant correlations (two-sided t test with no adjustments made) are indicated by stars (* p = 0.037, *** p = 1.4 × 10− 24). Correlations remaining

significant after Bonferroni correction (Bfadj_p = 1.6 × 10− 4) are outlined in black.

(B) Bar diagrams of average Spearman correlations between ActArea values (n = 20 drugs) and circadian gene expression, ranked by circadian genes in

ascending order. Bars represent the mean ± SD, with individual ActArea-gene correlations overlaid as white circles. Only one-sided error bars are shown for

clarity. Bar colors match the heatmap in (A). Gene colors: green = positive regulators; red = negative regulators; gray = stabilizing/modulating/output genes of the

circadian clock network.

(C) Linear regression of Bonferroni-significant ActArea-gene pairs, with the shaded area representing the 95% confidence interval. R2 values indicate model fit

(n = 6 cell models).

(D) Schematic of time-of-day (ToD) drug treatments and resulting variability in responses across the day. Arrows indicate the maximum ToD response range

(ToDMR).

(legend continued on next page)
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range in ToD responses between the most and least sensitive

timepoints (ToDMR) (2.3-fold differences). By contrast, weakly

rhythmic SH-SY5Y cells exhibited only minimal and inconsistent

ToD variation across all three drugs (Figure 4E, right).

When we examined ToD responses across all cell models, each

drug generated distinct temporal dynamics (Figures 4F and S6C).

While sensitivity generally increased at later circadian times, the

magnitude and pattern of modulation varied considerably be-

tween drugs and cell lines. This heterogeneity became further

apparent when ranking models by their average ToDMR value,

which revealed a clear stratification where circadian-competent

lines consistently showed higher temporal modulation compared

to weakly rhythmic models (Figure 4G). Supporting this pattern,

the weakly rhythmic cell lines CHP212 and SH-SY5Y also ex-

hibited greater inter-experimental variability, indicating less repro-

ducible ToD sensitivity profiles (Figure S6D). Among the three

drugs tested, lorlatinib emerged as the most promising chrono-

therapeutic candidate, achieving the highest average ToDMR

value of 0.61 ± 0.27 (Figure 4H). This cell line- and drug-specific

variation in ToD sensitivity is consistent with our previous findings

in breast cancer models22 and reinforced the need for individual-

ized chronotherapeutic assessment.

These experiments provide direct experimental evidence that

circadian competence may shape ToD-dependent drug sensi-

tivity in neuroblastoma, highlighting its potential as a determinant

of chronotherapeutic efficacy.

DISCUSSION

Circadian clocks are well known to influence cancer progression

and treatment response,18,32,33 yet their function in many tumor

types remains unclear. Recently, it has been shown that altered

expression of clock genes contribute to tumor development and

progression in glioblastoma,34 which raises questions about

circadian regulation in other neural-derived cancers. Neuroblas-

toma, a highly aggressive pediatric cancer of neural crest

origin,19 represents a particularly relevant context for studying

clock function given its severity and developmental origins. Us-

ing real-time Bmal1- and Per2 reporters in 12 NB cell models,

we uncovered striking heterogeneity in circadian rhythmicity

across the cell line panel: most cell lines showed weak or

damped rhythms, while only SH-SY5Y and CHP212 were

arrhythmic (Figure 2). To our knowledge, these NB cell models

have not been evaluated for circadian functionality before,

except for GIMEN and SH-SY5Y, which were characterized in

our preceding studies.22 Our findings indicate that complete

loss of circadian function is rare. Notably, neither circadian

gene expression levels (Figure S5A) nor mutations in core clock

genes (none identified across the cell line panel) explains the

arrhythmic phenotype, indicating that it may arise from mecha-

nisms including weak intercellular coupling27 or post-transla-

tional and epigenetic regulation of clock proteins.35 In addition,

we observed marked variability in circadian classification across

replicates of certain cell lines (Figures 2E–2G), which may be

influenced by factors such as the seeding density and synchro-

nization strength.27,36 We also noted that Bmal1- and Per2 re-

porter signals sometimes yielded distinct circadian properties

within the same cell line, likely reflecting their regulation by

different promoter elements and positions within the circadian

network, though technical factors such as reporter design may

also contribute to these differences. To overcome these limita-

tions of population-based recordings, single-cell approaches

using circadian fluorescent reporters37,38 combined with

coupling analyses could offer deeper and more direct insights

into the cellular dynamics that underlie circadian regulation in

each cell model. In parallel, proteomic approaches focused on

post-translational modifications and stability of core clock pro-

teins may reveal molecular defects that contribute to arrhythmic

phenotypes.

While intriguing, our exploratory correlations between circa-

dian phenotypes in neuroblastoma cell lines and basic patient

characteristics such as age or sex should be interpreted with

caution (Figure S2), as long-established cell lines diverge from

their parental tumors and lack the microenvironmental cues

that shape circadian regulation in vivo.39 Combined with the

small sample size, this limits the clinical relevance of such asso-

ciations. Future studies using patient-derived organoids or xeno-

grafts with linked clinical data will be necessary to determine

whether circadian phenotypes retain diagnostic value.

Our deep circadian phenotyping approach, employing har-

monic regression combined with continuous wavelet transform,

revealed significant variability in period, amplitude decay, and

overall stability in the circadian signals over time. This is in line

with an earlier study where we characterized the circadian clock

landscape across numerous breast cancer cell models,13 sug-

gesting that circadian regulation may be similarly heterogeneous

across different cancer types.

It would be valuable to examine circadian behavior in non-ma-

lignant, neural crest-derived cells such as trunk neural crest

cells (tNCCs), which represent the developmental origin of neu-

roblastoma. Although we did not identify suitable sources for

tNCC cultures for circadian recordings, robust oscillations

(E) Time-of-day response curves (ToD-RCs) for GIMEN (left) and SH-SY5Y (right) cells treated with lorlatinib (triangle), cisplatin (circle), or doxorubicin (inverted

triangle). Responses at each treatment time point are shown relative to treatment at 0 h. The relative response was calculated by dividing the confluency

measured 4 days post-treatment by the corresponding confluency of the 0 h treatment. Data points represent the mean ± SD across two independent exper-

iments, each based on 9 images per well.

(F) ToD-RCs for lorlatinib (left), cisplatin (middle), and doxorubicin (right) across five neuroblastoma cell models. Curves show relative responses to ToD 0 h, as

described in (E). Cell line markers: GIMEN = triangle; SKNSH = cross; SKNBE(2) = hexagon; SH-SY5Y = diamond; CHP212 = circle. Data points represent the

mean across two independent experiments.

(G) ToD variability by cell line, sorted in descending order by average ToDMR values. Points represent individual drug-cell line combinations (drug markers as in

(E)). The box edges indicate the 25th and 75th percentiles, with whiskers extending to values within 1.5 times the interquartile range. The median is shown as a red

horizontal line.

(H) ToD variability by drug, sorted in descending order by average ToDMR values. The data represent the mean ± SD ToDMR values across cell lines for lorlatinib,

cisplatin, and doxorubicin (cell line markers as in (F)).
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have been documented in other normal neural cells, including

SCN neurons40 and astrocytes.41 Direct comparisons between

NB and tNCC cells could clarify whether the variable rhythms

we detected represent a loss of normal circadian function or

mirror a natural diversity potentially present in neural crest pro-

genitor cells.

To assess whether the rhythmic properties of the cell lines

have functional growth consequences, we examined their rela-

tionship to cell growth parameters. Analysis of the live-cell imag-

ing recordings showed that faster-proliferating lines tended to

have weaker or lengthened rhythms (Figure S4), consistent

with evidence that clock restoration can act tumor-suppressively

in neuroblastoma.42 Thus, circadian impairment is not only a

marker of heterogeneity but seems also to be functionally linked

to growth dynamics.

We further asked whether circadian oscillation signatures

relate to the cell lines’ genetic profiles. Gene expression and

LDA analyses showed that small subsets of circadian or NB-spe-

cific genes classified phenotypes with high accuracy, whereas

larger sets performed poorly. Bmal1 and Clock consistently

emerged among circadian predictors, while Phox2b and Ntrk2

stood out among NB-specific ones. However, the precise mech-

anistic roles of these genes remain unclear, and their predictive

value should be validated in larger panels and, ultimately, in pa-

tient-derived and in vivo models.43 If confirmed, this approach

could enable the determination of a neuroblastoma tumor’s

circadian clock status from a simple snapshot of gene expres-

sion, using either circadian clock genes or neuroblastoma-spe-

cific markers. Ultimately, this would have significant implications

for patient stratification and the assessment of the benefit from

chronotherapeutic strategies.

Finally, given the well-established impact of circadian

rhythms in cellular metabolism,44 proliferation,45 and drug

responsiveness,46–48 we explored the link between circadian

gene expression and drug sensitivity in NB cell lines. Previous

work showed that activating the core clock component RORα
enhances Bmal1 expression and increases chemotherapy

sensitivity in NB cells.42 In line with this, our analysis identified

several significant correlations between circadian regulators

and drug sensitivity (Figure 4A). Notably, topotecan exhibited

robust associations across sensitivity metrics, suggesting a

circadian-dependent mechanism which is consistent with our

earlier findings in breast cancer cell models.13 Among targeted

agents, ALK inhibitors (PF2341066 and TAE684) showed signif-

icant associations with circadian genes, highlighting their prom-

ise for chronotherapeutic application in neuroblastoma.

Furthermore, 17-AAG displayed opposing correlations with

Cry2 and Clock, aligning with prior reports of its circadian

timing-dependent efficacy46 and indicating phase-specific rela-

tionships within the circadian feedback loop. To validate these

findings, future studies should extend drug testing to additional

NB models using dynamic assays (e.g., growth rate inhibition

with live imaging49) and in more complex cancer models such

as patient-derived organoids and mouse models. It will also

be important to assess whether clinical features (e.g., patient

age) or mutation status (e.g., ALK) modulate circadian-drug

sensitivity, as our limited dataset suggests that genotype alone

does not fully explain the observed variability.

To move beyond correlative evidence, we tested whether

circadian competence translates into functional differences in

drug response through time-of-day sensitivity assays. Our ex-

periments demonstrate that circadian-competent neuroblas-

toma models exhibit pronounced temporal variation in drug

sensitivity to the ALK inhibitor lorlatinib, the DNA crosslinker

cisplatin, and the DNA synthesis inhibitor doxorubicin, while

weakly rhythmic lines showed minimal ToD-dependent re-

sponses to these drugs. Notably, the relationship between circa-

dian strength and chronotherapeutic potential does not seem to

be strictly linear, since the intermediate circadian line SKNBE(2)

ranked higher in overall ToD sensitivity than the strongly rhythmic

SKNSH (Figure 4G). This suggests that factors beyond circadian

component strength influence temporal drug responses, a

complexity likely reflecting the interplay of multiple cellular

characteristics, including overall drug sensitivity and growth dy-

namics, which we have previously shown to modulate chrono-

therapeutic potential in breast cancer models.22,50 Interestingly,

lorlatinib emerged as the most promising chronotherapeutic

candidate, which is consistent with our previously identified

correlations between circadian gene expression and sensitivity

to ALK inhibitors such as PF2341066 (Figure 4A). Taken

together, the evidence from both the correlation analyses and

the functional experiments highlights the potential of using circa-

dian timing to improve ALK inhibitor therapy in neuroblastoma.

Here, validation in patient-derived organoids and in vivo models

will be essential to better recapitulate tumor temporal dynamics

and establish clinically relevant treatment schedules.

While our functional assays demonstrate that circadian het-

erogeneity is linked to growth dynamics and shapes time-of-

day drug sensitivity, further mechanistic studies remain an

important future direction. Dissecting how specific circadian

gene expression programs translate into rhythmic outputs at

the protein and pathway level and clarifying how individual circa-

dian regulators modulate drug responses will be critical to fully

understand circadian vulnerabilities in neuroblastoma. Such an-

alyses will likely require single-cell reporter approaches, proteo-

mic profiling of core clock proteins, and expanded time-resolved

drug testing in patient-derived models.

In summary, we mapped circadian heterogeneity across neu-

roblastoma models and showed its relevance for both prolifera-

tion and drug response. By linking clock properties to gene

expression and drug sensitivity and showing distinct time-of-

day drug response dynamics, we establish a framework that

underscores the importance of circadian regulation in neuroblas-

toma. Incorporating circadian profiling into neuroblastoma ther-

apy may enhance efficacy while reducing toxicity,33 opening

new avenues to improve outcomes in this high-risk disease.

Limitations of the study

Our analyses are based on established neuroblastoma cell lines.

While these models enable systematic and controlled profiling,

they lack important physiological cues present in vivo that can in-

fluence circadian regulation. This limits the direct clinical rele-

vance of associations between our circadian phenotypes and

patient characteristics. While our functional assays demonstrate

clear links between circadian competence and time-of-day

dependent drug sensitivity, they do not fully resolve the
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underlying molecular mechanisms which should be addressed in

future mechanistic studies. Arrhythmic phenotypes remain

incompletely explained and would benefit from complementary

approaches such as single-cell recordings or proteomic profiling

of core clock proteins to capture intercellular dynamics and

post-translational regulation. Finally, using more complex tumor

models will be essential to confirm the translational relevance of

our findings and to establish how circadian heterogeneity influ-

ences neuroblastoma growth and treatment response in more

physiological settings.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Bacterial and virus strains

Lentivirus for transduction This paper. From HEK293T cells using pAB-

mBmal1:Luc-Puro or plenti6-mPer2:Luc-

Blas together with psPAX2 and pMD2G

(see section ‘‘Recombinant DNA’’).

–

Chemicals, peptides, and recombinant proteins

RPMI-1640 medium Gibco Cat #21875091

Fetal Bovine Serum (FBS) Gibco Cat #10270106

Penicillin-Streptomycin (Pen-Strep) Gibco Cat #15140122

FluoroBrite DMEM medium (phenol red

free)

Gibco Cat #A1896701

L-Glutamine (200 mM) Gibco Cat #25030-024

HEPES (1 M) Gibco Cat #15630056

Lipofectamine 3000 Invitrogen Cat #L3000001

Protamine sulfate (10 G) Sigma Cat #P3369

PBS pH 7.4 Gibco Cat #10010056

Blasticidin S HCl Adooq Cat #A14212

Puromycin Gibco Cat #A1113803

Dexamethasone Sigma Cat #D4902

D-Luciferin Abmole Cat #M9053

Lorlatinib Sigma Cat #PZ0039

Cisplatin Sigma Cat #232120

Doxorubicin Hölzel Cat #A14403-100

Dimethyl sulfoxide (DMSO) Sigma Cat #D8418

Deposited data

Circadian luciferase data This paper Figshare: https://doi.org/10.6084/m9.

figshare.30815522

Growth and time-of-day-dependent drug

response data

This paper Figshare: https://doi.org/10.6084/m9.

figshare.30815537

Drug sensitivity data Cancer Cell Line Encyclopedia (CCLE),

2022-Q2

CCLE: https://sites.broadinstitute.org/ccle/

datasets

Gene expression data Cancer Cell Line Encyclopedia (CCLE),

2022-Q2

CCLE: https://sites.broadinstitute.org/ccle/

datasets

Experimental models: Cell lines

Neuroblastoma cell lines (CHP212, CLBGA,

GIMEN, IMR5, KELLY, LAN5, NGP, SH-

SY5Y, SKNAS, SKNBE(1), SKNBE(2),

SKNSH)

Johannes Schulte, Universitätsklinikum

Tübingen, Clinic for Pediatrics and

Adolescent Medicine, Germany

N/A

HEK293T Galit Lahav, Harvard Medical School,

Department of Systems Biology, USA

N/A

Bmal1-Luc reporter cell lines This paper N/A

Per2-Luc reporter cell lines This paper N/A

Recombinant DNA

pAB-mBmal1:Luc-Puro Achim Kramer, Laboratory of

Chronobiology, Charité –

Universitätsmedizin Berlin, Germany

N/A

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Cell culture

All neuroblastoma cell lines (CHP212, CLBGA, GIMEN, IMR5, KELLY, LAN5, NGP, SH-SY5Y, SKNAS, SKNBE(1), SKNBE(2), SKNSH)

were kindly provided by the Schulte lab (Universitätsklinikum Tübingen, Clinic for Pediatrics and Adolescent Medicine, Germany).

Clinical characteristics of the patients from whom each cell line was derived were as follows [CELL LINE: age (years) | gender

(Male/Female)]: CHP212: 1.8y |M; CLBGA: 4y |M; GIMEN: 3.5y |F; IMR5: 1.1y |M; KELLY: 1y |F; LAN5: 0.4y |M; NGP: 2.6y |M; SH-

SY5Y: 4y |F; SKNAS: 8y |F; SKNBE(1): 1.7y |M; SKNBE(2): 2.2y |M; SKNSH: 4y |F. Patient ages at sample collection ranged from

0.4 to 8 years (median 2.4 years). Five cell lines were derived from female patients and seven from male patients. The cell lines ex-

hibited diverse genetic backgrounds including MYCN amplification status (amplified n = 9, normal n = 3) and various mutations in

ALK, TP53, PHOX2B and ATRX genes. All clinical information can be derived from Table S1. All twelve cell lines were included in

the circadian rhythm profiling experiments and no experimental groups were allocated.

Cells were cultured in RPMI-1640 medium (Gibco) supplemented with 10% fetal bovine serum (FBS, Gibco) and 1% penicillin-

streptomycin (Pen-Strep, Gibco). For bioluminescence measurements, the medium was switched to a phenol red-free FluoroBrite

DMEM medium (Gibco), supplemented with 10% FBS, 300 mg/L L-glutamine (Gibco) and 1% Pen-Strep. Cell cultures were main-

tained at 37◦C with 5% CO2.

Influence of sex and gender

Circadian rhythms exhibit sex- and age-dependent variation in humans. Biological sex influences circadian clock function through

hormonal regulation and sex-specific gene expression patterns.23,24 Age-related changes in circadian regulation have also been

documented,24 however, the retention of such associations in long-established cancer cell lines cultured in vitro remains uncertain,

as these models lack the hormonal and microenvironmental contexts present in vivo.

Cell line authentication

All cell lines were routinely tested for mycoplasma contamination by PCR and tested negative. The cell lines have not been explicitly

authenticated, i.e., by short tandem repeat profiling, by the authors.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

plenti6-mPer2:Luc-Blas Achim Kramer, Laboratory of

Chronobiology, Charité –

Universitätsmedizin Berlin, Germany

N/A

psPAX2 Addgene ID 12260

pMD2G Addgene ID 12259

Software and algorithms

Analysis pipelines This paper https://doi.org/10.5281/zenodo.18032430

Python v3.9.7 N/A N/A

Python Spyder v5.4.5 N/A N/A

pyBOAT (Python package) Mönke et al.51 https://github.com/tensionhead/pyBOAT

pywt Lee et al.52 https://github.com/PyWavelets/pywt

seaborn v0.13.2 Waskom et al.53 N/A

statsmodels v0.13.2 Seabold et al.54 https://github.com/statsmodels/

statsmodels

SciPy v1.13.1 Virtanen et al.55 https://github.com/scipy/scipy

Scikit-Learn v1.1.1 Pedregosa et al.56 https://github.com/scikit-learn/scikit-learn

PyCharm Community Edition v2021.2.2 N/A N/A

Incucyte software Essen BioScience N/A

MATLAB v2024b N/A N/A

Anaconda Navigator v2.5.0 N/A N/A

Other

LumiCycle luminometer Actimetrics N/A

Incucyte SX5 Essen BioScience N/A
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METHOD DETAILS

Generation of luciferase reporter cell lines

HEK293T cells (kindly provided by the Lahav lab, Harvard Medical School, Department of Systems Biology, USA) at approximately

80% confluency were maintained in RPMI-1640 medium supplemented with 10 mM HEPES and transfected using a mixture that

included 8.4 μg of a lentiviral expression plasmid (either pAB-mBmal1:Luc-Puro or plenti6-mPer2:Luc-Blas), 6 μg of psPAX2 (Addg-

ene #12260) and 3.6 μg of pMD2G (Addgene #12259) to generate lentivirus encoding circadian luciferase reporters. Transfection was

conducted with Lipofectamine 3000 (Invitrogen) following the manufacturer’s protocol. Viral particles were collected and filtered

through 0.45 μm Millipore filters at both 48- and 72-h post-transfection. For the transduction process, target cells at around 70%

confluency were exposed for 6 h to a mixture containing 1 mL of the lentivirus-containing supernatant, 8 μg/mL protamine sulfate

(Sigma) and 10 μM HEPES (Gibco). After incubation, cells were washed with PBS (Gibco) and maintained in their standard culture

medium. Two days later, antibiotic selection was initiated by adding either 5 μg/mL blasticidin (Adooq) or 2 μg/mL puromycin (Gibco),

according to the resistance marker encoded in the lentiviral vector.

Circadian bioluminescence recordings

Bmal1 or Per2 luciferase reporter cell lines were seeded into 35-mm dishes (Nunc) so that they reached confluence by the following

day. To synchronize the circadian rhythms across individual cells, a 1 μM dose of dexamethasone36,51 (Sigma, prepared in EtOH) was

applied. After a 30-min incubation, the cells were rinsed once with PBS and imaging medium containing 250 μM D-Luciferin (Abmole)

was added. The dishes were then sealed with parafilm to prevent evaporation during the bioluminescence recording period. Mea-

surements were taken every 10 min for up to 6 days using an incubator-embedded luminometer (LumiCycle, Actimetrics).

Long-term live cell imaging

Live-cell imaging experiments were performed using cells expressing the Bmal1-Luc reporter where available. Cells were seeded in

48-well plates (Falcon) at densities reaching confluence by experiment termination. One day post cell seeding, long-term imaging

was conducted using an Incucyte live-cell widefield microscope (Essen BioScience) with environmental control. Brightfield images

were acquired at 10× magnification from 9 fields per well at 2-h intervals over 5 days. Confluency detection was performed using

integrated Incucyte software, with subsequent data analysis in Python.

Time-of-day drug treatments

Cells were seeded at densities reaching confluence by experiment termination and allowed to adhere overnight. The following day,

live recordings were initiated as described above. To generate distinct circadian populations, independent resetting steps were per-

formed every 4 h over an 8-h window, yielding cohorts at 0, 4 and 8 h circadian time. Each group was subsequently treated with the

same drug concentration, corresponding to the approximate half-maximal effective concentration (EC50) to appreciate response dif-

ferences, either 32 or 48 h after the initial reset and cell growth was monitored for 4 days to determine sensitivity. This setup enabled

simultaneous assessment of six circadian stages (0, 4, 8, 16, 20 and 24 h). Drug concentrations were selected based on literature

values and partially adjusted in the second experiment to reduce toxicity. In the first experiment, lorlatinib (Sigma) was applied at

50 nM,52 cisplatin (Sigma) at 1.5 μM53 and doxorubicin (Hölzel) at 20 nM.54 In the second experiment, lorlatinib was increased to

100 nM for GIMEN, SKNBE(2) and CHP212, while SH-SY5Y and CHP212 were treated with 1 μM cisplatin and 10 nM doxorubicin.

All drugs were administered in 0.18% DMSO (Gibco) as solvent.

Experimental design

Unless stated otherwise all experiments were performed using 2–3 biological replicates with 2–3 technical replicates per condition.

Exact numbers of biological and technical replicates and total sample sizes for each cell line and reporter are specified in the cor-

responding figure legends. Sample sizes were based on prior circadian bioluminescence studies demonstrating adequate power

to detect rhythm changes in e.g., phase shifts and amplitude changes and practical constraints including experimental throughput.

Data acquisition and analysis were not performed blinded due to the nature of the experimental setup and predefined reporter and

treatment conditions. For time-of-day treatment assays, randomization was not applied as treatment groups were defined by fixed

circadian time points and cell line identity.

QUANTIFICATION AND STATISTICAL ANALYSIS

Profiling of circadian signals

Data pre-processing

Each individual time series was trimmed to a length of 136 h and 10 min (i.e., approx. 5.67 days) so that all recordings were of equal

size for a better quantitative comparability. Due to strong non-linear baseline-expression trends the trimmed time series were sub-

sequently detrended by a sinc-filter with cutoff period T_c = 48 h using the sinc_smooth function of the Python package pyBOAT as

previously described.25,55 Due to a strong startle response at the beginning of the recordings, the first 5h of the recordings are ne-

glected throughout the whole time series analysis.
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Multiresolution analysis

A discrete wavelet transform based multiresolution analysis (MRA) was applied to determine the circadian rhythmicity of the

detrended time series as previously described.56,57 Here, the original signal is decomposed into its contributions at different

period bands, termed details. The sum of all details equals the original signal. By this means, the MRA partitions the variance

of the signal along the difference details, i.e., period bands. Thus, the portion of the variance corresponding to the part of the

signal within the circadian range can be quantified and has been used as a measure of circadian rhythmicity.56,57 We imple-

mented the MRA using a Daubechies 20 wavelet (db20) of the Python pywt library and deconstructed the original signal into

7 details. To obtain a detail with a proper circadian period range between [16h, 32h], detrended time series have been down

sampled from dt = 10 to dt = 30 min.

Nonlinear least square fitting

To determine the damping coefficients together with the period, initial amplitude and noise strength of the oscillations, we fitted a

stochastic linearly damped oscillator to the individual time-detrended time series using an autocorrelation approach as described

previously.58,59 In a nutshell, the autocorrelation function of a stochastic linearly damped oscillator can be determined analytically

and this analytically obtained function is fitted to the autocorrelation of the experimentally obtained time series.59 The autocorrelation

of the experimental time series is obtained via the acovf function of the statsmodels Python library. The non-linear least squares fit of

autocorrelation function of the stochastic linearly damped oscillator model to the experimentally obtained autocorrelation has been

done by means of the curve_fit function of the Scientific Python (Scipy) module. Only traces classified as circadian or mixed in the

preceding multiresolution analysis were included. To ensure circadian relevance, time series with fitted periods >36 h were excluded.

Continuous wavelet transform

To determine non-stationary properties of the experimental time series, we applied a continuous wavelet transform (CWT) as imple-

mented within the pyBOAT Python package.25,55 Periods, phases and amplitudes are evaluated along the connected line of points of

maximal power, termed ridge. For ridge detection, a threshold of 20 (arbitrary units of the CWT power spectrum) was applied to filter

out low-amplitude fluctuations and ensure that only robust oscillatory components are considered.55 Periods and phases were

extracted by analyzing the amplitude-normalized signal within the continuous wavelet transform (CWT) power spectrum, while am-

plitudes and ridge lengths were evaluated from amplitude-unnormalized signals. Only traces classified as circadian or mixed in the

preceding multiresolution analysis were analyzed.

Principal component analysis-based cluster analysis

A principal component analysis (PCA)-based dimensionality reduction was done via the Scikit-Learn class PCA. Values of the first two

principal components were used to group the data into four clusters using the k-means algorithm, implemented via the Scikit-Learn

class KMeans. Based on this classification, we selected only the samples within the mixed or circadian clusters for further analysis,

even when samples of the same cell line fell into different clusters, e.g., mixed and infradian.

Expression analysis of circadian genes

Gene expression data of core circadian clock genes were retrieved from the CCLE (DepMap 2022-Q2): https://sites.broadinstitute.

org/ccle/datasets. Cell models were clustered according to their expression levels of core circadian clock genes using the cluster-

map function from the seaborn Python library, applying Euclidean distance and complete linkage for clustering.

Linear discriminant analysis

Linear discriminant analysis was performed on the min-max scaled gene expression of 16 circadian clock genes and 11 NB-

related genes, reducing the data complexity to a single dimension. The continuous target drug sensitivity vectors for this su-

pervised approach were binarized in respect to their median sensitivities. The LinearDiscriminantAnalysis class from the sci-

kit-learn Python library was used with default tolerance parameter of 0.0001. Beyond the full sets of 16 circadian and 11

NB-related genes, LDA was applied to multiple gene subsets and evaluated using the log10-transformed ratio of between-to

within-cluster-distances (BCD/WCD). The robustness of each model was further assessed by leave-one-out cross-validation

(LOOCV), implemented with the model_selection module of scikit-learn (Python v3.9.7) in PyCharm Community Edition

(v2021.2.2).

Correlation analysis and pairwise linear regression

Spearman’s rank correlation was used to assess the relationship between circadian gene expression and the drug sensitivity param-

eters ActArea, IC50 and EC50. The correlations were clustered using the clustermap function from the seaborn Python library, applying

Euclidean distance and complete linkage for clustering. Statistical significance of correlations was determined using a two-sided

t test with no adjustments made for multiple comparisons in the initial analysis. Significance levels are indicated by asterisks:

* p-value = 0.037, *** p-value = 1.4 × 10− 24. To control for multiple comparisons, the Bonferroni correction method was applied, leav-

ing four significant correlations with Bfadj_p = 1.6× 10− 4. Pairwise linear regression was performed to visualize significant correlations

between single gene expression and drug sensitivity using the lmplot and regplot functions from the seaborn Python library with a

confidence interval of 95%.

16 Cell Reports 45, 116975, February 24, 2026

Resource
ll

OPEN ACCESS

LXXXI

https://sites.broadinstitute.org/ccle/datasets
https://sites.broadinstitute.org/ccle/datasets


Growth dynamics analysis

One day after seeding, cell proliferation was monitored by long-term live-cell imaging of confluency as described above. Raw conflu-

ence trajectories were averaged across 9 images per well, smoothed with a Savitzky-Golay filter (window = 5 frames, polynomial

order = 2), normalized to the initial timepoint, and truncated to 92 h. These processed growth curves were fitted with a logistic growth

function:

Growth(t) =
L

1 + e(− k(t − t0)
(Equation 1)

where L is the carrying capacity, k is the growth rate constant, and t0 is the inflection point. Non-linear least squares optimization

(curve_fit, SciPy v1.7.1) was used to extract growth parameters. For correlation analyses, growth rates were systematically

compared with circadian parameters obtained from MRA, CWT and ACoF. Pearson correlation coefficients were computed and sig-

nificant associations were visualized using linear regression fits. Two cell lines were excluded from growth dynamics analysis: LAN5

due to compromised cell viability post-thaw and KELLY due to poor plate adherence that resulted in an insufficient cell density for

reliable growth quantification.

Parametrization of time-of-day drug response curves

Drug response data from the time-of-day treatment experiments were averaged across nine images per well. The final confluency,

measured four days after treatment (‘‘final response’’), was normalized to the confluency at the respective treatment timepoint. Time-

of-day response curves (ToD-RCs) were generated by averaging the final responses of each treatment timepoint across two inde-

pendent experiments (Figure 4), normalizing them to the 0 h response and interpolating the resulting values using piecewise cubic

hermite interpolation (PCHIP). In Figure S6C, ToD-RCs are shown separately for each experiment to illustrate reproducibility. To

quantify temporal modulation, the maximum ToD response range (ToDMR) was calculated as the difference between the highest

and lowest relative responses across circadian timepoints. To quantify inter-experimental variability for each cell line, the coefficient

of variation (coeff. var.) was calculated at each timepoint across both experiments, then aggregated by drug and subsequently by cell

model.
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Abstract

Systems biology requires combining deep understanding in biology with technological methods and computational
approaches to acquire new insights. Accordingly, students need to gain knowledge in very different disciplines and
their integration to succeed in this truly interdisciplinary field. This review summarizes a variety of study lines at the
master’s level and uses student and alumni feedback to highlight themain challenges and useful teaching approaches.
Education in systems biology needs to be carefully designed to deliver deep knowledge in core aspects while still giving a
broad overview of others. Teachers will need to find a good balance here. Integrated experimental and computational
courses, as well as active learning approaches, can be key components of successful curricula. Training native systems
biologists needs commitment by teachers and institutions and should start as early as possible.

Keywords: systems biology; higher education; master studies; alumni

Introduction
Systems biology is a growing field of biological and
biomedical research, driven by advancements in
high-throughput sequencing technologies and the
rapid rise of bioinformatics capabilities and machine
learning. These advancements have enabled the
collection and analysis of new types of biological
data, allowing the completion of large-scale studies
and, in turn, the formulation of new hypotheses. This
development is reflected in a growing number of
publications in the field, from 6,400 in 2003 to more
than 35,000 in 2023 (scholar search, input ‘systems
biology’). In recent years, the landscape of biomedical
researchwasmarked bymany significant contributions
such as the discovery of new RNA species
functions (Memczak et al. 2013, Conn et al. 2015), the
large-scale identification of protein structures

(Jumper et al. 2021), and unprecedented insights
into genomic and epigenetic regulation (Bujold et al.
2016).

This rapidly evolving landscape presents both
opportunities and challenges for educational
institutions. Beyond classical textbooks, traditional
lab techniques, and standard analytical tools, both
academic and industrial research increasingly
demands not only the mastery of advanced biological
concepts and computational skills, but also the
capability to integrate these together in a ‘big
picture’. Students and educators might be poorly
prepared to materialize this type of systems thinking,
given the qualitative nature of traditional biology
courses and the scarcity of applied biology-related
content in computer science curricula.
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Addressing these needs, several scholars have proposed
educational frameworks that integrate biology and
advanced computational and modeling courses to
adequately prepare students for the need of
conceptualizing living systems in terms of their
components, interactions, and emerging properties
(Cvijovic et al. 2016, Anton Feenstra et al. 2018,
Attwood et al. 2019, Jungck et al. 2020, Dale & Craig
2022, Momsen et al. 2022, Smith et al. 2022, Tamir et al.
2023). Some of them provide course structures or course
design ideas, andmost point to the fundamental difficulty
of fostering mastery of complex biological phenomena,
advanced computational techniques, and the ability to
analyze systems as a whole beyond the sum of their
components.

Several works have discussed the issues of systems
biology education. For example, the Bulletin of
Mathematical Biology discussed the challenges of cross-
disciplinary educational requirements of math and
biology students (Jungck et al. 2020). Feenstra et al.
shared course structure and its evolution, learnings,
and guidance for teachers based on the systems biology
course conducted jointly by the Vrije Universiteit,
Amsterdam, and the University of Amsterdam
(Anton Feenstra et al. 2018). Momsen et al. discussed the
systems framework that can translate classical biology
instructions toward a systems biology approach,
conceptualizing living systems in terms of their building
blocks, underlying structure and function, alongwith their
interactions with the environment, resulting in both
outcomes and evolution of interacting entities
(‘emergence’) (Momsen et al. 2022). In a preprint, Dale
and Craig describe a successful combination of a study of a
biochemical experiment (enzyme kinetics) with a coding
exercise to demonstrate the applicability of modeling
(Dale & Craig 2022).

More recent perspectives have broadened the vision of
systems biology education, for example, advocating for
expansion beyond biology into public health and
computer science (Voit 2022), calling for more
comprehensive computational goals and public
outreach (Cvijovic et al. 2016, Voit et al. 2023), or
summarizing developments in modeling approaches
(Zupanic et al. 2020). While these works provide
valuable high-level insight or conceptual guidance, they
often focus on single institutional models, broad future
agendas, or theoretical perspectives.

In this review, we aim to complement this literature by
offering a grounded, comparative view of how systems
biology education is currently implemented across a
variety of institutions. We present a curated overview
of program structures, highlight challenges based on
direct input from students and alumni, and explore
practical issues such as skill diversity, course
prerequisites, interdisciplinary integration, AI tool
adoption, and student well-being. Our goal is to bridge
theory and practice, offering concrete recommendations

that support a more adaptive and inclusive future for
systems biology education.

Examples of study lines
Most universities offer systems biology courses at the
master’s level (Vilaprinyo et al. 2011), with a small but
growing number of initiatives aimed at stimulating
students’ interest in the discipline at the undergraduate
level, especially during the COVID-19 period. Such
initiatives include (hybrid) workshops, crash courses,
or the introduction of Bachelor’s programs toward
computational and systems biology offered by
university departments, partnering societies, and
graduate students (Mulder et al. 2018, LaTourrette et al.
2021). A variety of systems biology-oriented master’s
programs are offered globally, either as specialization
tracks or as fully entitled study lines. The main
descriptive characteristics of these (offered for the
academic year 2024/2025) have been sampled for
multiple universities from European, North American,
and Caribbean countries (Table 1). The term ‘systems
biology’ is often hidden behind more complex program
names, sometimes including the terms ‘bioinformatics’,
‘molecular’, ‘biochemistry’, or ‘computational
biomedicine’. Other study lines directly refer to
‘systems biology’, either as a specialized track or as a
fully titled program. The necessary credits and duration
of the study lines are similar across most European
countries with 120 ECTS over a 2-year period
(corresponding to approximately 60 US semester credit
hours or 240 CATS). There are some variations in
countries such as France, England, the USA, and Cuba
due to different educational systems, e.g., independent
M1 and M2 levels in France over a 1-year period with 60
ECTS each, or 90 ECTS/180 CATS over the same period in
England. The program structures typically focus on
interdisciplinary approaches combining biology,
bioinformatics, and computational methods. They focus
on the inclusion of both theoretical and practical
components while emphasizing individual research
work and a thesis toward the end of the program
duration. Nonetheless, the presented study lines show
large variations in the way the programs are
formatted. While some of them prefer problem- or
project-based learning as a means of teaching, others
offer a mix of lectures and seminars, including
mandatory and elective units. As such, some programs
can offermoreflexibility in scheduling and thesis options,
while others have a rather fixed curriculum and thesis
track. The specialization tracks vary as well, with some
study lines offering systems biology as a specialization,
and others providing deeper specialization tracks such as
cardiovascular, dynamic, neuro, or synthetic systems.

More detailed information on each study line, including
the tuition fees, entry and language requirements, and
application evaluations, can be reviewed in
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Table 1 Examples of systems biology master’s programs in European, North American, and Caribbean countries. The main

characteristics of the different study lines leading to a Master’s degree in Systems Biology are displayed. MSc: Master of Science; ECTS:

European Credit Transfer and Accumulation System; M2: second year in the French Master’s program system; and CATS: Credit

Accumulation and Transfer Scheme.

Program name (degree) Credits (duration) Program structure Specialization tracks

University of Luxembourg (Esch-sur-Alzette, Luxembourg)
Molecular and
Computational Biomedicine
(MSc)

120 ECTS
(2 years)

- Four semesters with around 15 weeks of full-time courses,
plus additional time required for the exam preparation
- The first semesters are course-based, mainly with block-
courses of 2 weeks
- The last 8 months individual research work is performed
- The course content is around 1/3 lectures in biology and
bio-medicine, 1/3 experimental and 1/3 computational
practicals
https://www.uni.lu/fstm-en/study-programs/master-in-
molecular-and-computational-biomedicine

- Systems Biology
- Biomedicine

Maastricht University (Maastricht, Netherlands)
Systems Biology (MSc) 120 ECTS

(2 years)
- Year 1, periods 1 and 2: problem-based learning followed
by compulsory courses, depending on background: biology
and physiology or mathematics of biological systems
- Mandatory courses: systems biology, modeling
biosystems, experimental design and data management
- Periods 3 and 6: project I and project II
- Periods 4 and 5: elective choices among omics,
cardiovascular systems biology, or dynamical systems and
non-linear dynamics, fundamental and systems
neuroscience, modeling metabolism, or machine learning
and multivariate statistics
- Year 2, period 1: two elective courses from computational
neuroscience, network biology, scientific programming, or
commercialization and entrepreneurship
- Periods 2–6: Master’s thesis
https://curriculum.maastrichtuniversity.nl/education/
master/systems-biology

- Omics
- Cardiovascular Systems
Biology
- Dynamical Systems &
Non-Linear Systems
- Fundamental & Systems
Neuroscience
- Modeling Metabolism
- Machine Learning &
Multivariate Statistics

Ghent University (Ghent, Belgium)
Bioinformatics (MSc) 120 ECTS

(2 years)
- Common package (33 ECTS) of applied bioinformatics,
including theoretical deepening and data analytical/
problem-solving skills
- Systems biology specialization module (28 ECTS)
- Applied mathematics and informatics module (20 ECTS)
- Optional courses (9 ECTS)
https://studiekiezer.ugent.be/2023/master-of-science-in-
bioinformatics-systems-biology-en

- Systems Biology
- Bioscience Engineering
- Engineering

Université Paris-Saclay/Université d’Evry-Val-d’Essonne (Evry-Courcouronnes, France)
Systems and Synthetic
Biology (M2 level) (MSc)

60 ECTS (1 year) - Five core compulsory modules
- Five selection modules (among 11)
- Six-month research internship
https://www.mssb.fr

- Systems Biology
- Synthetic Biology

Technical University of Denmark (Cophenhagen, Denmark)
Bioinformatics and Systems
Biology (MSc)

120 ECTS
(2 years)

- Polytechnical foundation courses (5 ECTS)
- Program specific courses (55 ECTS, of which five in
innovation courses, ten in mandatory courses, 40 in chosen
program-specific courses)
https://www.dtu.dk/english/education/graduate/msc-
programmes/bioinformatics-and-systems-biology

- Biomedical
Bioinformatics
- Infectious Disease
Health Informatics
- Bioinformatic Methods
in Life Sciences

Imperial College London (South Kensington, UK)
Bioinformatics and
Theoretical Systems Biology
(MSc)

90 ECTS or 180
CATS (1 year)

- Composed of two core modules: bioinformatics and
theoretical systems biology, and mathematics and
computing
- Computing project reinforcing programming skills through

No specialization tracks

(Continued)
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Table 1 Continued.

Program name (degree) Credits (duration) Program structure Specialization tracks

group project over 11 weeks
- Bioinformatics and systems biology project applying
course skills in research environment over 22 weeks
- Lectures, computing labs, practical classes, presentations
and seminars, group work
- 30% projects; 70% examinations and coursework
- Coursework, written exams, dissertation, computer and
mathematics assignments
- Individual research project, presentations, group report,
and oral exam
https://www.imperial.ac.uk/study/courses/postgraduate-
taught/bioinformatics

Karolinska Institute (Stockholm, Sweden)
Molecular Techniques in Life
Science (MSc)

120 ECTS
(2 years)

- First year advanced level courses in genetics and genomics,
translational medicine, applied communication, and
molecular life sciencemethods, as well as the foundations of
biostatistics, programming, bioinformatics, and
comparative genomics
- Second year mandatory courses in applied gene
technology with bioinformatics analysis of large-scale data,
and applied proteomics
- The second half of the autumn semester offers three
courses, of which the student should select two: systems
biology, drug development, and a project course
- During the spring semester, the individual degreeproject is
performed
https://education.ki.se/programme/5mt23-masters-
programme-in-molecular-techniques-in-life-science

- Systems Biology
- Drug Development

University of Turku (Turku, Finland)
Molecular Systems Biology
(MSc)

120 ECTS
(2 years)

- Common courses
- Track-specific major subject studies
- Selectable studies
- Master’s thesis
https://www.utu.fi/en/study-at-utu/masters-degree-
programme-in-biosciences-molecular-systems-biology

- Molecular Systems
Biology
- Evolutionary Biology

University of Ottawa (Ottawa, Canada)
Biology (MSc) 60 ECTS (1 year) - Multiple lecture and seminar available (63 in total) giving

each 3 units/credits
- No clear structure requirement given
- Possible course components: lecture, theory and
laboratory, magistral courses, and seminars
https://catalogue.uottawa.ca/en/graduate/master-science-
biology-specialization-bioinformatics

- Bioinformatics

George Washington University School of Medicine and Health Sciences – Graduate School of Columbian College of Arts and
Sciences (Washington, DC, USA)
Bioinformatics and
Molecular Biochemistry
(MSc)

30 credits
(1–2 years)

- Thesis and non-thesis tracks
- Eleven credits in required courses, 6 credits in required
track, and 13 credits of electives (non-thesis option) or 6
credits in thesis and 7 credits of electives (thesis option)
- Schedule flexibility, with 1-year or 2-year program option
- Hands-on experience in a myriad of laboratories and
research initiatives
- Diverse elective course pool to choose from
https://bulletin.gwu.edu/arts-sciences/biochemistry-
molecular-medicine/ms-bioinformatics-molecular-
biochemistry

- Cancer Biology
- Inflammation
- Pathobiology
- Computational
Genomics

(Continued)
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Supplementary Table S1 (see section on Supplementary
materials given at the end of the article). Most strikingly
among them, the total tuition fees accumulated over the
study line period vary widely between national and
international applicants, ranging from free in Sweden
and Finland to around £15,000 GBP (€17,500 Euro) in
England for national students, and from around
€800 Euro in Luxembourg to nearly £37,000 GBP
(€43,000 Euro) in England for international students.
European universities typically have separate tuition
fees for national and international students, while
North American and Caribbean countries generally
have higher tuition fees regardless of nationality. Entry
requirements generally include a Bachelor’s degree from
an accredited institution in life sciences or related fields,
with a strong background in bioinformatics, for example,
experience in coding, statistical analysis, work with large
datasets, data visualization, or reproducibility practices.
Some programs require a specific minimum number of
credits in mathematics, molecular biology, and computer
programming. Rarely, entry requirements may be linked
to the student’s Bachelor’s passing grade (e.g., Ottawa,
Canada, requiring at least 70% average score). Language
requirements usually include a minimum CEFR English
level of B1 to C1.

How current students at University
of Luxembourg see their studies
To also include student opinions in this review,we reached
out to our students of the Master’s in Integrated Systems
Biology (MISB) and of the International Master’s
in Biomedicine (IMBM) at the University of
Luxembourg. The MISB is currently renamed and
slightly reoriented to the Master’s in Molecular and
Computational Biomedicine (MMCB, Table 1). Both study
lines – MISB/MMCB and IMBM – offer a 2-year full-time
education consisting of 120 ECTS. All students spend the

first semester together at the University of Luxembourg
and receive experimental and computational training on
genomics, transcriptomics, proteomics, and R
programming, in addition to lectures on biology,
biomedicine, and systems biology. We thereby follow a
block-course structure of 2-week blocks per topic; see, for
example, our project-based learning course on metabolic
network modeling (Sauter et al. 2022). The use of 2-week
thematic modules allows students to immerse themselves
deeply in a focused topic, promoting both conceptual
understanding and hands-on skill acquisition. One of the
key motivations for this 2-week block-course structure is
that it allows for regular laboratory practicals, which often
require several uninterrupted hours and cannot be
accommodated within traditional 90 min class slots.
Moreover, it also facilitates close interaction with faculty
and guest researchers and helps students see the
integration of theory and practical application in a
short, intensive timeframe. While the IMBM students
then move to the partner universities in Strasbourg,
France, and Mainz, Germany, for more training in
biomedical and clinical research, the MISB/MMCB
students stay in Luxembourg to deepen their knowledge
in systems biology, other omics techniques, andmolecular
medicine. In addition, to specifically help biologists learn
programming languages such as R, we use scaffolded
exercises that start with biological questions and
datasets familiar to them, progressively introducing
statistical and scripting concepts. This is complemented
by peer-assisted learning, interactive coding platforms,
and workshop-style teaching where coding is integrated
with data interpretation.

In total, 21 students responded to the sent-out
questionnaires (Fig. 1). When reporting about their main
challenges, the feedback was quite heterogeneous,
indicating more student-specific challenges rather than
general issues. As most of our students are entering
the master’s with training in biology, learning
programming languages (starting with R) is challenging.

Table 1 Continued.

Program name (degree) Credits (duration) Program structure Specialization tracks

University of Havana (Havana, Cuba)
Biochemistry (MSc) 60 credits

(3 years, hybrid)
- Basic mandatory courses: biomolecules, enzymology,
immunology, biochemical method, metabolic biochemistry,
research work
- Research work evaluation: two research seminars in 4th
and 5th semesters (8 credits each), pre-defense act before
scientific council for thesis endorsement and writing (8
credits), remaining credits awarded upon thesis defense (8
credits)
- Credit accumulation: minimum of 60 total credits required,
maximum 24 credits per course (18 mandatory, 6 optional),
32 credits for research work, minimum 4 credits for non-
lecture activities
https://serviciosacademicos.fundacion.uh.cu/slides/
maestria-en-bioquimica-91

- Biochemistry and
Systems Biology
- Immunology
- Biotechnology
- Molecular Biology
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In addition, the complexity of biological systems in
general and the required interdisciplinarity and
background, including in mathematics, were sometimes
felt to be challenging. Together with an overload of
available resources and topics to study, this often
resulted in a very stressful start to the studies. This
usually stabilizes when completing the coursework
after the first year of the programs and when moving
to the individual research-based second study year. But
taking this feedback into account, the first semester is
now simplified by making some courses optional and by
adding two lecture-free weeks for digesting the studied
material.

In addition, in terms of the useful practices, the student
responses were heterogeneous (Fig. 1). Students
appreciated most classical in-person lectures,
computational dry-labs including project-based
learning, and especially receiving the study material in
advance, allowing them to prepare the courses in
advance. Interestingly, pre-recorded lectures and group
work in general were not always seen positively, the
latter often due to very different backgrounds and
learning paces of the group members. In addition, the
block-course structure of our studies is sometimes seen
critically as not allowing enough time to recap.

To furthermore focus on the challenges of students in
bioinformatics when moving to research (e.g., master’s
thesis), we organized within the ISCB-SC RSG
Luxembourg association (International Society for
Computational Biology Student Council’s Regional
Student Group, see https://www.uni.lu/life-en/social-life/
student-associations-clubs/rsg/) a dynamic graduate
networking event titled ‘Struggles in Bioinformatics
Education’ mostly with University of Luxembourg
master’s and PhD students. As a result, the discussions
highlighted a diverse landscape of challenges and
opportunities for graduate students. These range from
navigating the UNIX environment or a variety of
programming languages, where Python emerges as a
favored choice, to grappling with complex concepts
such as Singularity containers or understanding the
purpose and versatility of tools such as R Markdown.
In terms of teaching methodologies, this extends to a
clear preference for project-based learning, offering
hands-on experience. However, students expressed
concerns about the overwhelming workload,
exacerbated by limited programming courses in
Bachelor’s programs, which can make catching up
difficult in master’s programs. In addition, questions
arose about the availability of courses focusing on

Figure 1

Feedback of current students of the Master’s in
Integrated Systems Biology and the
International Master’s in Biomedicine of the
University of Luxembourg. Questionnaires were
sent out to students in early 2024. The bar plots
show the answers to the questions listed in
Supplementary File S2.
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transferable skills, such as ‘good scientific practice’, ‘data
visualization with python’, or ‘science communication’,
that are only available to PhD students at the University of
Luxembourg, highlighting a need for broader curriculum
offerings.

How alumni of University
of Luxembourg assess their
previous studies
To also get an overview of the long-term impact of the
systems biology education, we reached out with a
questionnaire to the alumni of the two master’s study
lines at the University of Luxembourg connected to
systems biology (Fig. 2). Most alumni who responded
work in academia, with a few who moved to industry,
teaching, or administration. Most found a job already
before graduation and at the latest within 7–12 months
after graduation. Most of the alumni considered the
systems biology and bioinformatics aspects of their
studies to be of high importance for their smooth
transition to their current job. A vast majority of our
alumni are currently using respective computational
methods very often or at least sometimes, further
underlying the high relevance of systems biology

training. Interestingly, when assessing which methods
are used by the alumni, a wide variety was indicated,
ranging from analyzing different omics data types,
images, and clinical data to metabolic and protein
network modeling, dynamical pharmacokinetic
modeling, and machine learning, as well as statistical
approaches. In addition, programming in different
languages such as R, Python, and MATLAB was
mentioned. Programming in R is, for example, also
used by alumni now teaching in schools and thus
reaching pupils very early in their education, as well as
other teachers. This overview illustrates the need for a
broad introduction covering multiple subjects and
methods in systems biology and bioinformatics. On the
other hand, various topics werementioned where deeper
knowledge would be needed, ranging from programming
to statistics, mathematics in general, and machine
learning.

Conclusions: challenges
and opportunities
First, when reaching out to students via the course
director or via student representatives, we have seen
some differences in the feedback obtained. The
emotionally more challenging points were mostly
reported via the student representatives. As such, the
student representatives form a vital link between
students and institutions. They fulfill responsibilities
such as relaying information, advocating for students,
collecting feedback, and collaborating on solutions to
enhance the overall student experience. Despite the
importance of honest feedback, students may hesitate
to provide it to their educators, opting instead to share
more openly with their peers. This reluctance could stem
from concerns about how expressing unfavorable
feedback might impact their grades and assessments.
In addition, the formal nature and inherent reverence
in educator-student relationships may hinder students’
willingness to offer criticism. The possibility of providing
feedback to peers in a less formal environment is very
important.

From the feedback of students and alumni, as well as our
own experience as teachers and study director, several
key challenges in systems biology education can be
identified and are summarized in the following sections.

Interdisciplinarity
Systems biology at the master’s level attracts students of
various disciplines – biology, biotechnology, pharmacy,
as well as physics, engineering, and computer science,
among other fields. While this is important to build up the
needed interdisciplinarity, given such broad
backgrounds, designing a curriculum and bringing
everyone on a common ground is challenging. This has

Figure 2

Feedback of alumni of the Master’s in Integrated Systems Biology and the
International Master’s in Biomedicine of the University of Luxembourg.
Questionnaires were sent out to alumni in 2024. The bar plots show the
answers to the following questions (top left to bottom right): i) In which
field are you working now? ii) How long did it take you to find your first
employment after graduation? iii) How important were the systems
biology/bioinformatics study courses for reaching your current job? iv)
How often are you using systems biology/bioinformatics now?
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been recognized already in the literature on systems
biology education, and several authors have provided
guidelines and inputs for designing the courses. For
example, Feenstra et al. have highlighted the need for
depth and focus on core topics along with an overview of
multiple related fields (Anton Feenstra et al. 2018). It is
necessary to balance introducing core skills and
competencies with fostering the ability to translate
between different disciplines. Accordingly, it remains
also an open question how and when the integration of
students from different backgrounds is performed. It
might be useful to have background-specific courses in
the beginning, such as ‘math for biologists’ or ‘molecular
biology for engineers’. Developing such foundational
interdisciplinary courses can, however, be limited by
faculty availability and expertise. Some institutions
address this through co-teaching models, hiring
interdisciplinary staff, or fostering collaborations
between departments to pool expertise across domains.
One approach adopted in other interdisciplinary
programs to address varying student backgrounds is
the use of pre-matriculation ‘boot camps’, typically held
in the summer, which offer foundational training in key
disciplines such as mathematics, biology, or computer
science. These preparatory courses could be a valuable
strategy for systems biology programs to help incoming
students achieve baseline competency before formal
coursework begins.

Establishing sustainable systems biology programs
requires adequate infrastructure and teaching
resources. While many computational tasks can be
handled with standard laptops, more advanced
analyses benefit from high-performance computing,
reliable internet, and institutional IT support.
Open-source software and cloud-based platforms can
ease some of these challenges. Thus, some
institutions do provide publicly available repositories
with up-to-date teaching material and exercises. As an
example, our systems biology curriculum
includes a GitHub-based resource for the metabolic
modeling course (https://github.com/sysbiolux/
ISB705MetabolicNetworkModeling). Such resources not
only reduce barriers to entry but also promote
collaborative learning and curriculum development
across institutions.

Pre-requisites
On top of this, setting clear prerequisites for systems
biology programs remains a challenge, particularly for
students from non-quantitative backgrounds. At the
University of Luxembourg, for example, while no strict
coding threshold is enforced at admission, basic
familiarity with a scripting language such as R or
Python is highly recommended. To address varying
entry levels, introductory programming sessions and
self-paced resources are provided early in the

curriculum, and some institutions have implemented
preparatory boot camps to bridge foundational gaps.

During the above-mentioned RSG graduate networking
event, participants also discussed potential solutions for
some of these challenges. Pre-semester preparation,
involving crash courses using Jupyter Notebooks, was
highlighted to familiarize students with key concepts
before the first semester. To promote deeper
engagement, methods to encourage active learning
were considered (Sauter et al. 2022, Sauter & Albrecht
2023) and avoiding superficial approaches, such as
relying on prefilled scripts. In addition, there were
proposals for workshops and training sessions aimed at
providing foundational skills earlier in the academic
journey, with interest in recording these sessions for
accessibility. A yearly competition was also suggested
to incentivize learning and collaboration through group
projects, with potential prizes for participants. These
proactive measures signify a commitment to enhance
the learning experience and to prepare students for the
rigors of bioinformatics.

Systems medicine and
translational research
A related question is how interdisciplinarity can be
achieved. As Melissa Aikens stressed, ‘authentic
problems are not simply putting a mathematics or
physics problem in a biological context but rather
applying principles from another discipline or bridging
interdisciplinary concepts to solve questions that
biologists answer’ (Jungck et al. 2020). This needs to
start with the teachers, and even before, in the
research environment of the institution. Compared to
the early days of systems biology some 25 years ago, a
lot has been achieved here already. Many research
institutes and research projects are truly
interdisciplinary and provide a great environment for
the students to learn and become native systems
biologists. Teaching also needs to become truly
interdisciplinary. We need more integrated courses
combining state-of-the-art knowledge with
experimental and computational approaches. Students
should seamlessly generate their own data, analyze
these with computational approaches, and interpret the
results in the context of the latest literature. This will not
go without effort from the teacher’s side, but it is needed
to foster interdisciplinarity. A notable development that
reflects this interdisciplinary maturity is the emergence
of systems medicine, where systems biology concepts
are directly applied to clinical research and patient
care. Programs such as those developed by the
Institute for Systems Biology (https://isbscience.org/
education-initiatives/systems-medicine-education/) and
Georgetown University (https://systemsmedicine.
georgetown.edu/) exemplify this shift, offering
graduate-level training at the interface of biology,
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computation, and medicine. As the healthcare field
increasingly incorporates systems-level approaches, it
is likely that medical professionals will also require
foundational knowledge in systems biology, presenting
another dimension of opportunity – and responsibility –
for systems biology education. In some European
contexts, governmental support has been instrumental
in developing and fostering such interdisciplinary
programs, either through targeted funding initiatives,
digitalization strategies, or infrastructure investment.
For instance, national and EU-level grants have
supported the creation of interdisciplinary graduate
schools and infrastructure for data-intensive biology.
However, the extent and type of support vary
significantly across countries and institutions and are
often influenced by national political priorities, such as
investment in innovation, STEM education, or healthcare
modernization. As such, the development and
recruitment success of systems biology programs can
be shaped by broader political agendas.

Assessment challenges
Another challenge related to interdisciplinary learning is
the difficulty of its assessment and the evaluation of
systems thinking in students. As courses are typically
graded by one final note, it is important to consider
multiple techniques to ensure constructive evaluation
across the disciplines involved. This can include rubrics
for systems thinking by breaking down the exercises or
projects into the specific disciplines and individually
evaluating them (e.g., mathematics, coding, biological
interpretation, critical thinking, and presentation
skills). Another method would be peer evaluation and
portfolio assessments of the students, where project
progress is being documented and discussed. As an
example, in our study line, students will be engaged in
peer-evaluated project pitches and result presentations,
but also classical exams, quizzes, and final assignments.
Besides these methodologies of evaluating
interdisciplinary learning, it remains important as a
teacher to offer actionable feedback to the students and
to make them aware of these opportunities.

Standardization
It is also important to acknowledge that educational
systems can vastly differ across countries, particularly
when comparing the EU and the US. Undergraduate
education in the US, for example, tends to be broader
and more flexible, while European systems are often
more specialized from early on. These differences can
influence how systems biology programs are structured
and what kind of preparation students bring with them.
While most of the programs we listed are based in
Europe, we also included examples from the US and
tried to reflect these broader trends. Despite structural

differences, a shared curriculum is still possible if it
focuses on key competencies and learning outcomes,
rather than enforcing a one-size-fits-all model. This
would allow flexibility for institutions to adapt to the
content while ensuring that core systems biology skills
are covered.

AI in systems biology education
Systems biology is a rapidly evolving field, and as our
alumni mentioned, it is attractive and diverse in its
applications (Fig. 2). This brings up the challenge of
how to avoid being overwhelmed by the diversity and
complexity of data and methods. Which resources to
choose for learning, and how to condense and focus
teaching? More specifically, it has often been shown to
be challenging for students to learn new content within a
course while at the same time learning how to write the
necessary code. There must be enough time to deepen the
knowledge. For this matter, the emergence of AI tools
such as GitHub Copilot, ChatGPT, or other generative
models has begun to influence coding education,
including within systems biology. While we have not
yet formally integrated these tools into the curriculum,
students are increasingly using them informally to
support coding tasks. This raises both opportunities –
for personalized learning and error correction – and
challenges, including overreliance or misuse. Further
study is needed to define the best practices for
integrating AI responsibly into scientific training,
especially in systems biology education. On the other
hand, for teachers, it might be challenging to include
the fast evolution and development of new techniques.
How to deal with this always-moving finishing line? One
of the aspects herewill be to start systems biology training
during the Bachelor’s study or even earlier. As
mentioned, some of our alumni are now teaching in
school and thereby using R coding within their biology
classes at the junior high-school level. This inspiring
feedback points in the right direction.

Big picture learning
And similarly, but in a longer perspective, how to
develop and transmit a mindset of life-long learning?
And how to balance study efforts and well-being? For
example, at the University of Luxembourg, there is a
growing effort of providing useful information
and offers to the students toward improving mental
health and well-being, including great self-help
material (https://www.uni.lu/life-en/mental-health-
wellbeing/). While it is important to see this emerge, it
will be even more important in the long run to have
these integrated within the studies from the beginning,
not only when problems arise. Teachers will once again
have to adopt it themselves first to be able to transmit it
to their students.
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Finally, despite systems biology being well received in the
transition to the job market (Fig. 2), the gap between
academia and industry might also be an issue, since the
private sector typically uses more proprietary,
unpublished methods and practices. Academic projects
are typically limited, and often students need to be
trained in long-term thinking in terms of public
deliverables, as well as corporate practices and
economics. This gap can be reduced by active academia-
industry collaborations, also in the context of teaching.

In the face of these multifaceted challenges, the future
of systems biology education lies in turning
fragmentation into integration across disciplines,
methodologies, and sectors to build a truly
translational and future-ready educational paradigm.
Embracing these challenges as opportunities will not
only strengthen systems biology education but also
ensure its relevance and resilience in a rapidly
evolving scientific and societal landscape.
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Appendix A6: Example of course material 

 

Book chapter: Drug Target Prediction Using Context-Specific Metabolic Models 

Reconstructed from rFASTCORMICS 

 

Contributions: Code revision 

  Test operability of material for different operating systems 

  Method section adaptation 
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Abstract 

Metabolic modelling is a powerful computational tool to analyse metabolism. It has not only 

been used to identify metabolic rewiring strategies in cancer but also to predict drug targets 

and candidate drugs for repurposing. Here, we will elaborate on the reconstruction of 

context-specific metabolic models of cancer using rFASTCORMICS and the subsequent 

prediction of drugs for repurposing using our drug prediction workflow. 

 

Keywords Metabolic Modelling, Cancer, Drug prediction, Drug repurposing 

 

Introduction 

De novo drug discovery is expensive and time-consuming. On average, from the discovery 

of a new compound to the approval of a drug, 14 years pass, and the approval rates are 

still dismal while the necessary investments are increasing. Drug repurposing, on the other 

hand, requires fewer resources while searching for new indications of already approved 

drugs. As the drug profiles are already established, the first clinical trial phases can be 

skipped, greatly reducing the costs and approval times (1). 

Computational and systems biology approaches have been developed to predict novel drug 

targets, their mechanisms of action as well as their interaction that can be depicted via 

gene regulatory (2), protein interaction (3, 4), signalling (5), and metabolic networks (6–8). 
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For example, genome-scale metabolic networks are a computational representation of 

metabolism and describe the relationship between genes, proteins, reactions, and the 

involved metabolites. Metabolic models have many applications that enabled, among 

others, predicting biomarkers for inborn errors of metabolism (9), identifying metabolic 

changes and mechanisms in cancer (10, 11), and cancer-specific drug targets (6–8, 12–

14). 

Model-building algorithms, such as the FASTCORE family (14–16), extract a subnetwork 

from a generic metabolic reconstruction that best reflects the input experimental data by 

maximizing the inclusion of reactions under the control of expressed genes and the 

exclusion of reactions associated with inactive genes. Therefore, it is possible to 

reconstruct context-specific models that are specific for a tissue, cancer type, or even 

patient. 

By reconstructing and comparing the metabolism between cancer-specific and healthy 

models, metabolic vulnerabilities and drug targets can be discovered and exploited for drug 

repurposing using the here explained drug target and repurposing workflow that has 

previously been used to identify drugs for colorectal cancer (14) and melanoma (17). But 

the drug repurposing workflow based on rFASTCORMICS for RNA-seq data can be applied 

without modifications to find, analyse, and overcome drug resistance mechanisms in other 

cancers and diseases, given the appropriate experimental data is provided. 

Within the drug repurposing workflow, in silico gene knockouts are performed to simulate 

the inhibiting effects of drugs as gene knockouts can be a surrogate for drug effects. Even 

though there exist options to perform single, double, and multiple knockouts in metabolic 

models, we have slightly altered the original code to only delete those genes that are 

inhibited by a drug. As such, the input of the in silico deletion is no longer genes but drugs. 

 

Materials 

Please download and install the following programs and toolboxes on your computer. 

 

1.1. Matlab and toolboxes 

rFASTCORMICS was developed for Matlab (MathWorks) and requires the Statistics and 

Machine Learning Toolbox as well as the Curve Fitting Toolbox. Both toolboxes can be 

downloaded from the “Add-On Explorer” within Matlab. 
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Additionally, a compatible IBM CPLEX installation is needed (or an equivalent solver). A 

free academic version of the IBM ILOG CPLEX Optimization Studio can be requested for 

university staff and students from https://www.ibm.com/products/ilog-cplex-optimization-

studio. 

The COBRA (COnstraint-Based Reconstruction and Analysis) Toolbox (18) is available at 

https://opencobra.github.io/cobratoolbox/stable/ and needs to be installed according to the 

respective tutorial. The COBRA toolbox is a community effort to collect computational 

scripts that allow performing quantitative predictions on the metabolism that include flux 

balance analysis, in silico knockouts, and robustness analysis, among others. 

Detailend manuals for the these installations on Windows and macOS are provided at 

https://github.com/sysbiolux/rFASTCORMICS. 

 

1.2. rFASTCORMICS 

rFASTCORMICS for RNA-seq can be downloaded from 

https://wwwen.uni.lu/research/fstm/dlsm/research_areas/systems_biology/software/rfastc

ormics or https://github.com/sysbiolux/rFASTCORMICS and needs to be added to the 

working path of Matlab (see Note 1). 

 

1.3. Input Model 

Any genome-scale reconstruction can be taken as an input model as long as it is in a 

COBRA-compatible format. Note that different input models have different gene identifiers. 

For example, the Recon family reconstructions use NCBI gene identifiers, whereas HMR 2 

and Human 1 use Ensembl identifiers. Therefore, a gene conversion file (dictionary) is 

needed to map the genes from the expression data onto the metabolic model. For the 

following example, this file is provided with rFASTCORMICS and contains the official gene 

symbols as well as ENTREZ Gene IDs to allow mapping between the gene expression data 

and the input model. In general, the conversion file can be compiled using the Ensembl 

Biomart tool available at https://m.ensembl.org/biomart/martview/. 

 

1.4. Expression data 

Whereas FASTCORMICS was designed for microarray data, rFASTCORMICS was 

designed to take RNA-seq data as input. So far, rFASTCORMICS was tested with unfiltered 

https://www.ibm.com/products/ilog-cplex-optimization-studio
https://www.ibm.com/products/ilog-cplex-optimization-studio
https://opencobra.github.io/cobratoolbox/stable/
https://github.com/sysbiolux/rFASTCORMICS
https://wwwen.uni.lu/research/fstm/dlsm/research_areas/systems_biology/software/rfastcormics
https://wwwen.uni.lu/research/fstm/dlsm/research_areas/systems_biology/software/rfastcormics
https://m.ensembl.org/biomart/martview/
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FPKM transformed RNA-seq data. The data can be provided in any readable format for 

Matlab (Excel, text file). 

 

Methods 

A running example script (Molecular_Biology_Bintener_et_al_181121.m/.mlx) for the 

model reconstruction as described in detail here is provided with the download of 

rFASTCORMICS (https://github.com/sysbiolux/rFASTCORMICS). 

 

1.5. Expression data input 

1. Start Matlab and make sure all needed files and toolboxes are properly installed 

and added to the Matlab path, see Note 1. 

 

2. Import the gene expression data into Matlab. Make sure to get three distinct 

variables 

- colnames: cell array with as many columns as samples 

- rownames: cell array with as many genes as measured 

- fpkm: measurements per gene and sample. The provided 

fpkm_BRCA_cancer.txt contains 10 breast cancer samples from the TCGA and 

fpkm_BRCA_control.txt 10 breast control samples and will be loaded separately 

into Matlab and merged afterwards. 

 

If your data comes in a single text format, you can use  

data = readtable('fpkm.txt' ,"ReadRowNames",true); 

As we have two different example files, we use 

data_cancer = readtable('fpkm_BRCA_cancer.txt', 

"ReadRowNames",true); 

data_control = readtable('fpkm_BRCA_control.txt', 

"ReadRowNames",true); 

to combine the data: 

data = [data_cancer, data_control]; 

https://github.com/sysbiolux/rFASTCORMICS
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followed by 

fpkm = table2array(data); 

rownames = data.Properties.RowNames; 

colnames = data.Properties.VariableNames; 

 

3. With the data loaded, we can proceed with the discretization step that will determine 

if a gene is expressed (value of 1), not expressed (value of -1), or if the gene has 

an unknown expression status (value of 0). For this we use  

discretized = discretize_FPKM(fpkm, colnames, 1); 

 

The output will be an array with -1, 0, or 1 for each gene in each sample. Setting 

the third argument of the discretized_FPKM function to 1 will enable the generation 

of figures that show the gene expression distribution per sample as well as the 

discretization threshold (see Figure 1). These figures will be saved automatically in 

the Figures folder in your working directory. It is always advised to check the density 

plots, sometimes the density plot is too skewed and some slight adjustment needs 

to be made, see Note Error! Reference source not found. In case this function is u

sed in MATLAB’s command window with the figure argument set to 1, it is important 

to let all the figures pop-up first, as closing these windows during the process will 

lead to an error. 

 

Figure 1: Density plot 

showing the log2(FPKM) 

gene expression 

distribution of one 

sample. In black, the 

original gene expression is 

shown. In blue and red, the 

left and right half-Gaussians 

are shown, respectively. For 

more information on these 

steps, please refer to the 

material an methods section 

of rFASTCORMICS (14). 
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1.6. Context-specific model reconstruction 

1. Here we are using the human reconstruction Recon 2.04 that can be downloaded 

from https://www.vmh.life/files/reconstructions/Recon/2.04/Recon2.v04.mat_.zip. 

Unzip the compressed archive and add it to your working path in Matlab. Load the 

reconstruction with: 

load Recon2.v04.mat 

 

2. To reconstruct a context-specific model, the input model must be consistent. To 

achieve this, we use fastcc (included in the rFASTCORMICS download) on the 

loaded generic reconstruction whose variable is called modelR204 as follows: 

A = fastcc_4_rfastcormics(modelR204, 1e-4,0); 

consistent_model = removeRxns(modelR204, 

modelR204.rxns(setdiff(1:numel(modelR204.rxns),A))) 

Here, consistent_model is the flux consistent part of the input reconstruction which 

means that every reaction can carry a non-zero flux 

 

3. Before reconstructing the models based on the expression data via 

rFASTCORMICS, a few parameters need to be set: 

a. dico: a file that allows mapping gene identifiers between the input data and 

the model. An example is provided with the rFASTCORMICS download: 

load dico_ML.mat  

b. medium: if the cells have been grown in a specific media it can be defined 

here to further constrain the model. The medium variable contains the 

identifiers of the metabolites that are allowed to be taken up by the model 

and hence are present in the medium. 

load medium_example.mat  

c. already_mapped_tag: 1 if the data has previously been mapped to the 

model identifier and 0 if the mapping was not done yet. 

already_mapped_tag = 0 

https://www.vmh.life/files/reconstructions/Recon/2.04/Recon2.v04.mat_.zip
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d. consensus_proportion: in case consensus models are built, this variable 

defines the fraction of samples required to have expressed a gene or to not 

have expressed a gene to consider the gene and associated reaction to be 

expressed (1) and not expressed (-1), respectively. Genes that do not reach 

the consensus proportion are tagged with unknown expression status (0). 

consensus_proportion = 0.9 

e. epsilon: flux threshold to distinguish active from non-active reactions. 

Usually, epsilon is a small number close to 0 such as 0.0001 to avoid 

numerical issues with the solver. 

epsilon = 1e-4 

f. biomass_rxn: the biomass reaction ID in the model which will be used as 

an objective reaction by the fastcormics_RNAseq function. 

biomass_rxn = {'biomass_reaction'}; 

g. optional_settings is an object that can contain the following fields: 

unpenalized systems:  

• unpenalizedSystems: systems (also called pathways) for which the 

inclusion of reactions is not penalized. The inclusion of reactions that 

are associated with genes of unknown status is penalized to favour 

the inclusion of reactions under the control of expressed genes. It is 

however possible to define an unpenalized set of reactions that will 

not be forced in the reconstruction but would be favoured over non-

core reactions.  

• func: also called objective function. These are reactions that have 

to be included as they are optimized for during the analysis. Often 

the biomass and ATP maintenance are set as objective functions in 

a model. 

• not_medium_constrained: metabolites that are not in the medium 

but, due to shortcomings of the model, they have to be taken up to 

allow the objective function(s) to carry a flux. 

• medium: a list of metabolites identifiers that can be taken up by the 

model according to the medium composition. 

unpenalizedSystems = {'Transport, endoplasmic reticular'; 'Transport, 

extracellular'; 'Transport, golgi apparatus'; 'Transport, mitochondrial'; 

'Transport, peroxisomal'; 'Transport, lysosomal'; 'Transport, nuclear'}; 
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unpenalized = 

consistent_model.rxns(ismember(consistent_model.subSystems,unpenaliz

edSystems)); 

optional_settings.unpenalized = unpenalized; 

optional_settings.func = {'DM_atp_c_';'biomass_reaction'};  

not_medium_constrained = 'EX_tag_hs(e)'; 

optional_settings.not_medium_constrained = not_medium_constrained; 

optional_settings.medium = medium_example; 

 

4. The command to reconstruct a context-specific model looks as follows:  

[model_out, A_final] = fastcormics_RNAseq(consistent_model, discretized, 

rownames, dico, biomass_rxn, already_mapped_tag, 

consensus_proportion, epsilon, optional_settings) 

In general, the variable model_out is not saved because the generated models can take up 

a lot of memory. Hence, if many models are created, model_out should be replaced with ~. 

The variable A_final (or A_keep) contains the indices of reactions that have to be included 

in the model and can later be used to quickly reconstruct the context-specific model. 

 

5. We can further distinguish between two scenarios during the model reconstruction 

process with rFASTCORMICS.  

We can reconstruct a model for each sample: 

for i = 1:numel(colnames) 

[~, A_keep{i}] = fastcormics_RNAseq(consistent_model, discretized(:,i), 

rownames, dico, biomass_rxn, already_mapped_tag, 

consensus_proportion, epsilon, optional_settings) 

end 

or we can reconstruct a consensus model for each condition. Only reactions that 

are active in at least 90% of the samples will be included for the reconstruction of 

the consensus model. As we have 10 cancer samples:  
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[model_cancer, A_final_cancer] = fastcormics_RNAseq(consistent_model, 

discretized(:,1:10), rownames, dico, biomass_rxn, already_mapped_tag, 

consensus_proportion, epsilon, optional_settings) 

and 10 control samples: 

[model_control, A_final_control] = fastcormics_RNAseq(consistent_model, 

discretized(:,11:20), rownames, dico, biomass_rxn, already_mapped_tag, 

consensus_proportion, epsilon, optional_settings) 

 

6. The variable “A_keep” saves the indices of active reactions and can be saved in a 

more comparable array, called models_keep. Here, for the sample-specific models: 

models_keep = zeros(numel(consistent_model.rxns), numel(colnames)); 

for i=1:numel(colnames) 

models_keep(A_keep{i},i) = 1; 

end 

Similarly, for the consensus models that will be saved in a different variable called 

models_keep_consensus: 

models_keep_consensus = zeros(numel(consistent_model.rxns), 2); 

models_keep_consensus(A_final_cancer,1) = 1 

models_keep_consensus(A_final_control,2) = 1 

 

1.7. Basic model and pathway analysis 

Based on the models_keep variables, basic analyses based on the reaction presence can 

be performed. 

1. Firstly, the similarity between the two models can be assessed via the Jaccard 

similarity index. Generally speaking, the Jaccard similarity index compares the 

intersection of two sets over their union: 

M1 ∩M2

M1 ∪M2
  

In Matlab the Jaccard similarity score is calculated using: 
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J = squareform(pdist(models_keep','jaccard')); 

The results can be represented in a clustergram. See Note Error! Reference s

ource not found. for the altcolor colorcode or use any other available colormap. 

cgo_J = clustergram(1-J,... 

  'RowLabels', colnames,... 

  'ColumnLabels', colnames,... 

  'ColumnLabelsRotate',270, ... 

  'Cluster', 'all', ... 

  'symmetric','False',... 

  'Colormap', altcolor) 

addTitle(cgo_J,{'Model similarity based on Jaccard 

distance','models_keep'}) 

Here, each model is represented on the x and the y axis and compared with every model. 

On the diagonal, a model is compared with itself which results in a similarity score of 1, 

represented by the dark colour. The darker the colour, the higher the similarity. Using the 

clustergram, we can determine models with a high similarity that also form clusters as can 

be observed by the dendrogram (see Figure 2). 

 

Figure 2: Clustergram 

showing the model similarity 

for 10 breast cancer samples 

(BRCA_C) and 10 control 

samples (BRCA_H). Because 

each of the 20 models has been 

compared with each other, the 

darker diagonal line describes 

the case in which a model was 

compared with itself and is 

completely similar (score of 1). 

A relatively homogeneous 

cluster can be observed for 

BRCA_H whereas BRCA_C is 

more heterogeneous. 
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2. Pathway analysis can be performed by analysing the number of reactions present 

per pathway in the context-specific model in comparison to the input model. A score 

of 0.5 means that half of the reactions of the input model are present in the context-

specific model for a given pathway. Within the model, pathways are often noted as 

“subsystems”. First, we will extract the number of reactions per pathway from the 

input model and compile the information in a table: 

Pathways = table(unique(consistent_model.subSystems)); 

[pathways, ~, ub] = unique(consistent_model.subSystems); 

path_counts = histc(ub, 1:length(pathways)); 

T = table(pathways, path_counts); 

[I, ia, ib] = intersect(Pathways.Var1, T.pathways); 

Pathways.consistent(ia) = T.path_counts(ib); 

Pathways.Properties.VariableNames{1}='Pathways'; 

 

3. Then we can add the same pathway information for the consensus models: 

[pathways, ~, ub] = 

unique(consistent_model.subSystems(find(models_keep_consensus(:,1))))

; 

path_counts = histc(ub, 1:length(pathways)); 

T = table(pathways, path_counts); 

[I, ia, ib] = intersect(Pathways.Pathways, T.pathways); 

Pathways.Var2(ia) = T.path_counts(ib); 

Pathways.Properties.VariableNames{3} = 'cancer_consensus'; 

[pathways, ~, ub] = 

unique(consistent_model.subSystems(find(models_keep_consensus(:,2))))

; 

path_counts = histc(ub, 1:length(pathways)); 

T = table(pathways, path_counts); 

[I, ia, ib] = intersect(Pathways.Pathways, T.pathways); 
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Pathways.Var2(ia) = T.path_counts(ib) ; 

Pathways.Properties.VariableNames{4} = 'control_consensus'; 

and the sample-specific models: 

for i=1:numel(colnames) 

[pathways, ~, ub] = 

unique(consistent_model.subSystems(find(models_keep(:,i)))); 

path_counts = histc(ub, 1:length(pathways)); 

T = table(pathways, path_counts); 

[I, ia, ib] = intersect(Pathways.Pathways, T.pathways); 

Pathways.Var2(ia) = T.path_counts(ib); 

Pathways.Properties.VariableNames{4+i} = colnames{i} 

end 

 

4. The pathway activity rates can also be represented by dividing each sample by the 

number of reactions in the consistent input model: 

PathwayActivity = Pathways; 

for i=3:size(PathwayActivity,2) 

PathwayActivity(:,i) = 

array2table(table2array(PathwayActivity(:,i))./table2array(PathwayA

ctivity(:,2))); 

end 

 

5. If only 2 conditions or samples are compared, the pathway activity can be 

represented in a scatter plot. Here we will compare the consensus models saved in 

column 3 and 4 in the PathwayActivity variable. First, pathways with a difference 

higher than 20% will be identified for later plotting. 

diff_idx = find(abs(table2array(PathwayActivity(:,3))- 

table2array(PathwayActivity(:,4))) > 0.2) 
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6. All the pathways will be plotted in gray and surrounded by a black circle if the 

difference is higher than 20% and the pathway name will be added: 

figure 

hold on 

scatter(table2array(PathwayActivity(:,3)),table2array(PathwayActivity(:,4)),'f

illed','MarkerFaceColor',[0.9 0.9 0.9]) 

scatter(table2array(PathwayActivity(diff_idx,3)),table2array(PathwayActivit

y(diff_idx,4)), 'black') 

ylabel('cancer consensus model') 

xlabel('control consensus model') 

title('Pathway presence rate in the consensus models') 

line([0 1], [0,1],'Color','k') 

line([0 0.8], [0.2,1],'Color','k','LineStyle','--') 

line([0.2 1], [0,0.8],'Color','k','LineStyle','--') 

legend({'All pathways','>20%'},"Location","best") 

text(table2array(PathwayActivity(diff_idx,3)),table2array(PathwayActivity(di

ff_idx,4)), PathwayActivity.Pathways(diff_idx)) 
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Figure 3: Pathway presence rate in the consensus models. Pathways whose activity difference 

is higher than 20% in either model are highlighted with a dark circle. 

 

7. Alternatively, if several samples are compared, a heatmap can be useful. Here the 

consensus models are also included for completeness. 

cgo = clustergram(table2array(PathwayActivity(:,3:end)),... 

  'RowLabels', PathwayActivity.Pathways,... 

  'ColumnLabels', PathwayActivity.Properties.VariableNames(3:end),... 

  'ColumnLabelsRotate',270, ... 

  'Cluster', 'column', ... 

  'symmetric','False',... 

  'Colormap', altcolor) 

h = plot(cgo); set(h,'TickLabelInterpreter','none'); 

colorbar(h) 

title(h,'Pathway activity') 
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Figure 4: Pathway presence rates for all models in a heatmap clustergram. Note that the 

number of shown pathways was reduced to 20 for a better representation. 

 

1.8. In silico gene deletion and essential genes 

After the context-specific model reconstruction, we can proceed with the in silico gene 

deletion. To this aim, an objective function needs to be set for the model. Generally, the 

biomass_reaction is used to describe quickly proliferating cells such as cancer cells. For 

healthy cells, the ATP demand reaction is considered here. Then, for each gene in the 

model, the corresponding reaction fluxes are set to zero and the flux through the objective 

function is calculated. 

1. The objective function is set via the changeObjective function from the COBRA 

toolbox. To set the biomass reaction as objective function: 

model_out = changeObjective(consistent_model,'biomass_reaction') 

The set the ATP demand as objective function: 

model_out = changeObjective(consistent_model,'DM_atp_c_') 
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It can be verified with with the checkObjective function from the COBRA toolbox 

checkObjective(model_out) 

 

2. To perform the in silico gene deletion for every model for both objective functions, 

we first need to initialize the solver 

changeCobraSolver('ibm_cplex') 

 

3. Then we can run the single gene deletion adapted from the COBRA toolbox for the 

sample-specific models: 

for i=1:size(models_keep,2) 

ind = find(~cellfun(@isempty, regexp(consistent_model.rxns, 

'DM_atp_c_'))); 

model_out = 

removeRxns(consistent_model,consistent_model.rxns(setdiff(1:nu

mel(consistent_model.rxns),find(models_keep(:,i))))); 

model_out = 

changeObjective(model_out,consistent_model.rxns(ind)); 

[grRatio, grRateKO, grRateWT, hasEffect, delRxns, fluxSolution] = 

singleGeneDeletion_rFASTCORMICS(model_out,'FBA',[],0,1); 

grRatio_ATP(:,i)= grRatio; 

grRateKO_ATP(:,i)   = grRateKO; 

grRateWT_ATP(:,i)   = grRateWT; 

ind = find(~cellfun(@isempty, regexp(consistent_model.rxns, 

'biomass_reaction'))); 

model_out = 

removeRxns(consistent_model,consistent_model.rxns(setdiff(1:nu

mel(consistent_model.rxns),find(models_keep(:,i))))); 

model_out = 

changeObjective(model_out,consistent_model.rxns(ind)); 
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[grRatio, grRateKO, grRateWT, hasEffect, delRxns, fluxSolution, 

genelist] = 

singleGeneDeletion_rFASTCORMICS(model_out,'FBA',[],0,1); 

grRatio_biomass(:,i)    = grRatio; 

grRateKO_biomass(:,i)   = grRateKO; 

grRateWT_biomass(:,i)   = grRateWT; 

end 

The main outputs from this part are grRatio_ATP and grRatio_biomass. For both 

variables, the rows represent genes and the columns represent samples. grRatio 

stands for growth ratio and gives information on how much the gene deletion affects 

the objective function. Further information can be taken from the original COBRA 

documentation. 

 

4. For the next analysis, it is easier to convert de geneList of ENTREZ IDs into Gene 

symbols using the dictionary: 

[B, ia, ib] = intersect(genelist,dico.ENTREZ) 

genelist(ia, 2) = dico.SYMBOL(ib) 

 

5. For the determination of essential cancer genes, we use a growth ratio of 0.5 as a 

cut-off. Additionally, the gene deletion should affect at least half of the samples. For 

the control samples, a more stringent cut-off is used; the ATP maintenance should 

only be minimally affected and not be below 0.9 in at least 10% of the control 

samples. This means that a gene whose deletion reduces the biomass production 

below 50% in at least half of the samples compared to the wild type are considered 

to be essential. We can use the following code to find the essential genes for the 

cancer and control samples: 

essential_cancer_genes = genelist (sum(grRatio_biomass(:,1:10) < 0.5,2) 

> 5,2) 

essential_control_genes = genelist (sum(grRatio_ATP(:,11:20) < 0.9,2) > 

1,2) 
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6. To find genes essential in cancer only: 

cancer_specific_genes = setdiff(essential_cancer_genes, 

essential_control_genes) 

As a follow up for the predicted essential genes, an enrichment test can be performed by 

using experimentally validated essential genes from CRISPR Cas9 data with a 

hypergeometric test. Additionally, these genes can be looked up in several databases such 

as the DrugBank to potentially find drugs that allow inhibiting the protein product from the 

essential gene. 

 

1.9. In silico drug deletion and drugs for repurposing 

Instead of performing gene deletion, one can directly estimate the effect of a drug if the 

information on the gene-drug relation is available. For example, if a drug inhibits one or 

multiple gene products, these genes can be knocked down and the effect on the objective 

function can be measured. Therefore, we have modified the single gene deletion script to 

take as input a model and a list of drugs to be simulated. 

1. Before starting the drug deletion, we need to define a list of drugs whose effect will 

be evaluated on the models. To this aim, we can use the provided gene-drug list 

called GeneDrugRelations to extract a list of drugs from the DrugBank. 1175 unique 

inhibiting drugs can be tested: 

load GeneDrugRelations.mat 

DrugList = unique(GeneDrugRelations.DrugName) 

 

2. The DrugDeletion script is used in the same way as the singleGeneDeletion for 

rFASTCORMICS. First, the model is reconstructed from the models_keep variable, 

then the objective function is set and the analysis is run: 

for i=1:size(models_keep,2) 

ind = find(~cellfun(@isempty, regexp(consistent_model.rxns, 

'DM_atp_c_'))); 

model_out = 

removeRxns(consistent_model,consistent_model.rxns(setdiff(1:nu

mel(consistent_model.rxns),find(models_keep(:,i))))); 
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model_out = 

changeObjective(model_out,consistent_model.rxns(ind)); 

[grRatio, grRateKO, grRateWT] = 

DrugDeletion(model_out,'FBA',DrugList); 

Drug_grRatio_ATP(:,i)    = grRatio; 

Drug_grRateKO_ATP(:,i)   = grRateKO; 

Drug_grRateWT_ATP(:,i)   = grRateWT; 

ind = find(~cellfun(@isempty, regexp(consistent_model.rxns, 

'biomass_reaction'))); 

model_out = 

removeRxns(consistent_model,consistent_model.rxns(setdiff(1:nu

mel(consistent_model.rxns),find(models_keep(:,i))))); 

model_out = 

changeObjective(model_out,consistent_model.rxns(ind)); 

[grRatio, grRateKO, grRateWT] =  

DrugDeletion(model_out,'FBA',DrugList); 

Drug_grRatio_biomass(:,i)    = grRatio; 

Drug_grRateKO_biomass(:,i)   = grRateKO; 

Drug_grRateWT_biomass(:,i)   = grRateWT; 

end 

 

3. Finding drugs for repurposing in cancer is similar to finding cancer-specific essential 

genes: 

cancer_drugs = DrugList(sum(Drug_grRatio_biomass(:,1:10) < 0.5,2) > 5) 

control_drugs = DrugList(sum(Drug_grRatio_ATP(:,11:20) < 0.9,2) > 1) 

cancer_specific_drugs = setdiff(cancer_drugs, control_drugs) 
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Conclusions 

The hereby presented workflow for the reconstruction of context-specific models coupled 

with a drug repurposing workflow allows for the discovery of interesting drugs for 

repurposing. After the drug prediction, additional information on the drugs should be sought 

to determine their feasibility in in vitro validation experiments. For example, the availability, 

solubility, and concentration of the compounds are of high importance to perform sensible 

follow-up experiments. 

Additionally, by comparing models from different conditions such as therapy-resistant and 

therapy-responding cells, metabolic mechanisms and rewiring strategies that play a role in 

the resistance can be discovered and possibly overcome in the future. 

 

Notes 

1. To add a folder to your Matlab working path use addpath('directory'). To add all 

subfolder from the current folder use addpath(genpath(pwd)). 

 

2. If you get an error “Error: The input was too complicated or too big for MATLAB to 

parse” add feature astheightlimit 2000 to the beginning of your code 

 

3. If the peak of the distribution is shifted towards the left side, i.e. if the leftmost peak 

is higher than the rightmost curve, use the provided discretize_FPKM_skewed 

function. 

 

4. Altcolor code: altcolor = [255 255 255;255 204 204; 255 153 153; 255 102 102; 255 

51 51; 255 0 0; 204 0 0; 152 0 0; 102 0 0; 51 0 0]/255; 
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