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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
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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

2 Cell Reports 45, 116975, February 24, 2026

Resource
ll

OPEN ACCESS



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
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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)

Cell Reports 45, 116975, February 24, 2026 7

Resource
ll

OPEN ACCESS



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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Blas together with psPAX2 and pMD2G
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Fetal Bovine Serum (FBS) Gibco Cat #10270106

Penicillin-Streptomycin (Pen-Strep) Gibco Cat #15140122
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free)
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response data
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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
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Universitätsmedizin Berlin, Germany

N/A
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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
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Chronobiology, Charité –

Universitätsmedizin Berlin, Germany

N/A
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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%.
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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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Figure S1. Real-time circadian luciferase signals across neuroblastoma cell lines, 
Related to Figure 1. 

(A) Detrended Bmal1-Luc signals from neuroblastoma cell lines, with replicates overlaid and 
distinguished by distinct colors. NB cell lines were assayed in two biological replicates á 
technical triplicates (n=6 samples). NGP was assayed in technical duplicates in one of the 
experiments (n=5). CHP212 was assayed in three biological replicates á technical triplicates 
(n=9). SKNBE(1) and SKNBE(2) was assayed in a single experiment á technical triplicates 
(n=3). 

(B) Detrended Per2-Luc signals from neuroblastoma cell lines, with replicates overlaid and 
distinguished by distinct colors. Cell lines were assayed in two biological replicates á technical 
triplicates (n=6 samples). SH-SY5Y was assayed in technical duplicates in one of the 
experiments (n=5). SKNSH was assayed in a single sample in one of the experiments (n=4). 
GIMEN and SKNBE(2) was assayed in a single experiment á technical triplicates (n=3). 
SKNAS was assayed in a single experiment in technical duplicates (n=2). 



 

Figure S2. Circadian components in neuroblastoma cell models stratified by clinical 
features, Related to Figure 1. 

(A) Bar diagram of MRA circadian components in neuroblastoma cell lines, stratified by 
patient age: patients aged >2 years (green, n=6) vs. <2 years (purple, n=6). Bars represent the 
mean±s.d., with individual cell lines overlaid as scatter plot. Group differences were evaluated 
using a two-sided t-test with no adjustments made, with p=0.071. 

(B) See A, here stratified by patient biological sex: female (green, n=5) vs. male (purple, n=7). 
p=0.499. 

(C) See A, here stratified by patient ALK status: mutated (green, n=5) vs. wild-type (“WT”, 
purple, n=7). p=0.738



 

Figure S3. Bmal1- and Per2-specific cluster analysis of neuroblastoma cell lines, Related to 
Figure 1. 

(A) Principal component analysis (PCA) biplot showing the distribution of all Bmal1-NB cell line 
samples (n=62) along the first two principal components, calculated from the four MRA frequency 
components. Cell models are distinguished by markers, and PCA clusters are outlined and color-coded 
for clarity.  

(B) See A, but for Per2-Luc cell line samples (n=44). 

(C) Heatmap of the contributions of each MRA frequency components to the PCA shown in A, 
including PC3 and PC4. Color intensity and values indicate the magnitude and direction of 
contributions, with positive values in green and negative values in pink to purple. 

(D) See C, here corresponding to the PCA shown in B (Per2-Luc analysis). 

(E) 3D scatter plot depicting the distribution of all Bmal1-Luc samples along the MRA circadian, 
infradian, and noise axes. Clusters, determined by the dominant signal components, are color-coded 
for clarity. 

(F) See E, but for Per2-Luc cell line samples. 

Data shown in A–F is derived from two biological replicates á 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 á technical triplicates (n=9). GIMEN-
Per2 were assayed in a single experiment á technical triplicates (n=3). SKNSH-Per2 was assayed in a 
single sample in one experiment (n=4). SKNAS-Per2, SKNBE(1) and SKNBE(2) was assayed in a 
single experiment in technical duplicates (n=2). 

  



 

Figure S4. Circadian weakness and prolonged circadian periods associate with faster 
neuroblastoma growth, Related to Figure 2.  

(A) Representative logistic curve fit of GIMEN confluence data from long-term live-cell imaging. Raw 
data was normalized and fitted to a logistic growth model to extract growth rates (k). Data represent 
the mean±s.d. across 9 individual images per well.   

(B) Pearson correlation matrix between circadian oscillation parameters and growth rates across the 
neuroblastoma panel. Only correlations with absolute values ≥ 0.5 are displayed; asterisk indicate 
p=0.012. n=10 cell lines for MRA parameters; n=9 for ACoF parameters; n=7 for CWT parameters. 

(C) Linear regression between growth rates and MRA circadian components across 10 NB cell lines, 
with the shaded area representing the 95% confidence interval. R2 values indicate model fit, r and p 
the Pearson correlation coefficient and significance, respectively.  

(D) See C, shown for the relationship between growth rates and stationery (ACoF) circadian periods 
across 9 NB cell lines.  

 



  

Figure S5. LDAs of the top-performing gene combinations to predict circadian phenotypes, 
Related to Figure 3. 

(A) Cluster map of neuroblastoma cell models based on core clock gene expression values, generated 
using the Euclidean distance method.  

(B) LOOCV results on top-performing circadian gene combinations of up to 6 genes, and the entire  
set of circadian genes, corresponding to panel C and Fig. 3B of the main article. The color coding 
indicates each cell line’s correct (orange) or incorrect (gray) classification, and the top row shows the 
overall LOOCV accuracy (in %) per drug. n=8 cell line models. 



(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 color-coding denotes the corresponding predictive accuracy of each  gene combination, 
as determined by leave-one-out cross-validation (LOOCV). 

(D) Left panels: LDA on median-binarized circadian components (determined via MRA), using the 
top-1/-2/-3/-5 performing circadian genes as predictors. Cell models with circadian components 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 panels: Bar plot 
rankings of the corresponding gene combinations by their individual contribution to the discriminative 
power of the LDA model. 

(E) See B, here shown for LDA on NB-specific genes. 

(F) see C, here shown for all possible combinations of neuroblastoma (NB)-specific genes. 

(G) See D, here shown for top performing NB-specific genes as predictors. 



 
Figure S6. Complementary circadian gene-drug associations and experimental evidence for ToD-
dependent drug responses, Related to Figure 4. 

(A) Cluster map of Spearman correlation coefficients between IC50 values for multiple drugs and 
circadian clock gene expression in neuroblastoma, based on CCLE data. Significant correlations (two-
sided t-test with no adjustments made) are indicated by stars, where * denotes p-values=0.037 and *** 



p-values=1.4x10-24. Those correlations remaining significant after Bonferroni correction 
(Bfadj_p=1.6x10-4) are outlined in black. 

(B) See A, here shown for EC50 values. * denotes p-values=0.037 and *** p-values=1.4x10-24. Those 
correlations remaining significant after Bonferroni correction (Bfadj_p=1.6x10-4) are outlined in black. 

(C) ToD-RCs for each cell line-drug combination, corresponding to Figures 4E and 4F of the main 
manuscript. Results are shown for two independent experiments (Experiment 1=circles; Experiment 
2=triangles), each based on 9 images per well. 

(D) Inter-experimental response variability by cell line. Barplots showing the mean±s.d. coefficient of 
variation (coeff. var.) of ToD responses between experiment 1 and 2, aggregated across drugs for each 
cell line. Drug markers: lorlatinib (triangle), cisplatin (circle), doxorubicin (inverted triangle). 

 

 



Table S1: Clinical characteristics of the patients from whom each neuroblastoma cell line model was derived, Related to Figure 1. 
Clinical characteristics compiled from Thiele, 20021 and Barretina et al., 20122.  

F, female; M, male; MUT, mutated; WT, wild-type; CNS, central nervous system. *Note: circadian component characterized by MRA in this study. 
 
 
 
 
 
 
 
 
 

Cell line 
Clinical characteristics of the patient 

Circadian 
component (%)* Age  

(years) 
Biol. 
sex Collection site Metastatic ALK 

status 
TP53 
status 

PHOX2B 
status 

ATRX 
status 

MYCN 
status 

SKNSH 4 F Bone marrow yes MUT WT MUT WT Normal 86.0 
NGP 2.6 M Lung yes WT MUT WT WT Amplified 71.6 
GIMEN 3.5 F Bone marrow yes WT WT WT WT Amplified 81.6 
CLBGA 4 M Bone marrow yes MUT WT WT WT Amplified 43.2 
IMR5 1.1 M Abdomen yes WT WT WT WT Amplified 24.0 
LAN5 0.4 M Bone marrow yes MUT WT WT WT Amplified 46.1 
SKNAS 8 F Bone marrow yes WT MUT WT WT Normal 27.6 
KELLY 1 F Autonomic ganglia primary MUT MUT WT WT Amplified 24.0 
SKNBE(1) 1.7 M Bone marrow yes WT MUT WT MUT Amplified 7.3 
SKNBE(2) 2.2 M Bone marrow yes WT MUT WT MUT Amplified 47.0 
SH-SY5Y 4 F Bone marrow yes MUT WT MUT WT Normal 17.6 
CHP212 1.8 M CNS primary WT WT WT WT Amplified 3.6 



Table S3. Overview of drugs evaluated for neuroblastoma cell sensitivity and their disease relevance, Related to Figure 4. 

Drug name Target(s) Target 
pathway(s) 

Neuroblastoma (NB) relevance 
Ref. 

NB model Finding 

17-AAG 
(Tanespimycin) HSP90 Protein stability 

and degradation 
SKNSH cells; SKNSH 
xenograft 

In vitro and in vivo growth inhibition, in vitro apoptosis-
inducing and migration-inhibiting 3,4 

AEW541 IGF-1R Other, kinases 
SKNAS, SKNBE(2), SH-
SY5Y, LAN5, and IMR5 
cells; SKNBE(2)-xenograft 

Antiproliferative effect, sensitizing effect to cisplatin-
induced apoptosis, in vivo tumor growth inhibition with 
little toxicity 

5,6 

AZD0530 ABL, SRC Other, kinases - - - 

AZD6244 MEK MAPK/ERK 
pathway 

SKNSH, SKNAS, KELLY, 
NGP, and CHP212 cells In vitro growth inhibition, particularly in CHP212 cells 7 

Erlotinib 
(Tarceva) EGFR EGFR signaling 

SKNSH, SH-SY5Y, NGP, 
and SKNAS cells; 
phase I clinical study 

Limited anti-tumor responses in vitro, in vivo, and in 
patients. 8,9 

L685458 γ-secretase 
NOTCH 
signaling, UPP 
pathway 

Diverse NB cells & patient-
derived NB xenograft 

in vitro and in vivo anti-tumor efficacy, no gastrointestinal 
toxicity in mice 10 

Lapitinib 
(Tykerb) EGFR, ERBB2 EGFR / RTK 

signaling 

SH-SY5Y, SKNSH, 
SKNAS, and KELLY cells; 
transgenic zebrafish  

synergistic anti-tumor effects YM155 [survivin-
suppressor] in vitro and in vivo; synergistic anti-tumor 
effects with THZ1 [CDK7 inhibitor]  in MYCN-amplified 
NB cells 

11,12 

LBW242 IAPs Apoptotic 
pathway 

KELLY, SKNAS, 
SKNBE(2), and SKNSH 
cells; NXS2 cell-based NB 
mouse  

Sensitizing NB cells to chemotherapy-induced apoptosis; 
in vivo tumor growth inhibition; synergistic anti-
proliferative effects with topoisomerase inhibitors 
in vitro 

13,14 

Nutlin3 p53-MDM2 p53 pathway 
NGP, LAN5, SH-SY5Y, 
and GIMEN cells; chemo-
resistant NB xenograft  

In vitro growth inhibition and apoptosis induction in 
MYCN-amplified NB cells; in vivo tumor growth 
inhibition of chemo-resistant NB xenograft model. 

15-
17 

Paclitaxel Microtubules Mitosis inhibitor SKNSH and SH-SY5Y 
cells Apoptosis-inducing 18,19 



Panobinostat HDAC 
Chromatin 
histone 
acetylation 

SKNSH, SKNBE(2), and 
SKNAS cells; TH-MYCN 
mouse 

synergistic anti-tumor effects with other cytotoxic agents 
in vitro and in vivo 20,21 

PD0325901 MEK1, MEK2 MAPK/ERK 
pathway 

SKNAS, CHP212, and 
NGP cells in vitro growth inhibition in NRAS mutant NB 22 

PF2341066 
(Crizotinib) 

MET, ALK, 
ROS1 RTK signaling Phase I clinical study. Modest anti-tumor activity in NB patients. 23 

PHA665752 MET RTK signaling SH-SY5Y, SHEP in vitro growth inhibition in c-Met-positive NB cells 24 

PLX4720 BRAF RAS-RAF-MEK-
ERK pathway - - - 

Sorafenib 
(Nexavar) 

PDGFR, KIT, 
VEGFR, RAF Other, kinases 

SKNAS and other NB cell 
lines; NB xenograft; Phase 
I clinical study 

In vitro and in vivo growth inhibition; limited reponse in 
clinical trials as combination therapy with topotecan. 
 

25-
27 

TAE684 ALK RTK signaling 
LAN5, SH-SY5Y, 
SKNBE(2), and SKNAS; 
R1275Q xenograft 

Antitumor activity in vitro and in vivo; inhibition of ALK 
phosphorylation in vivo. 28 

TKI258 
(Dovitinib) RTK Other, kinases - - - 

Topotecan TOP1 DNA replication Phase II clinical study Part of combination therapy with temozolomide or 
cyclophosphamide 29,30 

ZD6474 
(Vandetanib) 

EGFR, 
VEGFR, RET 

EGFR / VEGFR 
signaling 

SKNSH, SH-SY5Y, NGP, 
and SKNAS cells In vitro and in vivo growth inhibition; 8 

 
Frontline drugs:  

• Vincristine – binds β-tubulin, preventing microtubule assembly and arresting mitosis.  
• Cisplatin – creates intra- and inter-strand DNA cross-links that trigger apoptosis.  
• Cyclophosphamide ( Frindovyx ) – alkylates and cross-links DNA, blocking replication.  
• Doxorubicin – intercalates DNA and inhibits topoisomerase II, generating lethal strand breaks.  
• Dinutuximab / Unituxin – monoclonal antibody directed at the GD2 disialoganglioside on neuroblastoma cells.  
• Naxitamab / Danyelza – humanized anti-GD2 antibody (same GD2 target).  
• Iwilfin / Eflornithine – irreversible inhibitor of ornithine decarboxylase (ODC), depleting polyamines.  
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