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Abstract
This PhD dissertation explores the development and application of vocal biomarkers as
non-invasive tools for monitoring and screening in digital health, focusing on three key areas:
symptom monitoring, disease screening, and health status assessment. Leveraging data
from the Predi-COVID and Colive Voice studies, this research aims to demonstrate the
feasibility and effectiveness of voice analysis in clinical and remote health settings.

Objective 1 investigates the use of vocal biomarkers for symptom monitoring, specifically
focusing on detecting and monitoring fatigue in individuals recovering from COVID-19.
Fatigue is one of the most persistent and debilitating symptoms of Long COVID, affecting up
to 60% of patients 12 months post-infection. Using machine learning models, this study
identified specific vocal features that correlate with fatigue, achieving high accuracy (up to
86% AUC) in distinguishing between fatigued and non-fatigued patients. The results
underscore the potential of integrating voice-based fatigue monitoring into telehealth
applications for real-time, remote patient management.

Objective 2 addresses the potential of vocal biomarkers for screening Type 2 Diabetes.
With nearly 50% of Type 2 Diabetes cases remaining undiagnosed globally, there is a
pressing need for accessible, cost-effective, and non-invasive screening methods. This
research demonstrated that vocal biomarkers could effectively differentiate between
individuals with and without Type 2 Diabetes, using data-driven models that consider various
voice characteristics associated with Type 2 Diabetesrisk factors. The study shows promise
for deploying voice-based screening tools in resource-limited settings, offering a scalable
solution to identify at-risk individuals early and enable preventive healthcare strategies.

Objective 3 focuses on monitoring Respiratory Quality of Life using a voice-based
biomarker, integrating audio features with socio-demographic and clinical data. The
best-performing models, using deep learning-based audio embeddings like BYOL-A,
achieved 70.34% accuracy and an AUROC of 0.77. Advanced multimodal fusion techniques,
including vector cross-attention, combined different voice tasks like vowel phonation and
reading, boosting performance by up to 4.2%. The multimodal approach outperformed
models relying on a single data source, highlighting the value of combining voice analysis
with other health data for a more comprehensive and accurate assessment of respiratory
health. These findings underscore the feasibility of non-invasive Respiratory Quality of Life
monitoring, with potential applications in telehealth and personalized care.

This dissertation advances the field of digital health by establishing vocal biomarkers as
realistic tools for symptom monitoring, disease screening, and health status assessment.
Integrating advanced machine learning and audio signal processing techniques with diverse
data sources provides a foundation for developing scalable, non-invasive, and cost-effective
digital health solutions. Future research should focus on expanding these findings to diverse
populations, enhancing algorithm robustness, and integrating these tools into clinical
workflows to improve patient outcomes and healthcare accessibility.
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This PhD thesis focuses on the exploration and application of vocal biomarkers in digital
health, particularly within the domains of symptom detection, health status monitoring, and
disease screening. The goal is to contribute to the growing body of research in vocal
biomarkers by addressing specific challenges in these areas. The scope of this research is
defined by three main objectives, each aligning with a key application of vocal biomarkers.

Objective 1: Symptom Detection and Monitoring

The first objective is to explore the potential of vocal biomarkers for detecting and monitoring
symptoms of fatigue in COronaVIrus Disease of 2019 (COVID-19) patients. Fatigue is one of
the most persistent and debilitating symptoms in Long COVID, affecting a significant
proportion of patients even after recovery. Given the global nature of the pandemic and the
need to reduce in-person healthcare interactions, COVID-19 represents an opportunistic
choice for this study. Fatigue is particularly relevant as a starting point due to its prevalence
in Long COVID and the potential for using vocal biomarkers to remotely monitor its
persistence or resolution. This objective focuses on understanding the underlying biological
mechanisms of fatigue and developing non-invasive monitoring techniques using vocal
biomarkers using data from the Predi-COVID study.

Objective 2: Disease Screening

The second objective examines the potential of vocal biomarkers as a screening tool for
Type 2 Diabetes (T2D). Given the complexity of T2D and the challenges associated with its
diagnosis, particularly in resource-limited settings, this objective seeks to explore how vocal
biomarkers can be used as a non-invasive, cost-effective screening method. The research
involves developing a voice-based tool for T2D screening using Colive Voice data,
potentially offering an alternative to traditional, invasive diagnostic methods. This work aims
to address the critical need for accessible screening tools that can facilitate early detection
and intervention.

Objective 3: Perceived Health Status Monitoring

The third objective aims to use vocal biomarkers to monitor Respiratory Quality of Life
(RQoL) in a diverse population, including those with respiratory conditions like asthma and
Chronic Obstructive Pulmonary Disease (COPD), and those without. Respiratory issues are
closely linked to voice, making them a logical focus for vocal biomarker research. Effective
monitoring of RQoL is essential for managing conditions like COPD and asthma, yet
traditional methods are often cumbersome and invasive. This objective leverages data from
the Colive Voice study to develop and validate vocal biomarkers that can accurately reflect
changes in RQoL, enabling continuous, remote monitoring. The goal is to enhance patient
management by providing a non-invasive, reliable method for tracking respiratory health,
ultimately improving patient outcomes.
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Chapter 2
Materials and Methods
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A vocal biomarker is a distinctive feature or set of features from the audio signal of the voice
linked to a clinical outcome. It can be used for patient monitoring, diagnosing conditions,
assessing disease severity or progression, and supporting drug development[1]. To develop
vocal biomarkers, which are vocal characteristics associated with clinical outcomes (see
section Vocal Biomarkers), four main steps are necessary, as detailed in Figure 1. These
steps include data collection, data processing, data analysis, and integrating the validated
vocal biomarker into devices for clinical research, epidemiology, and clinical practices. In this
chapter, we will detail each step within the context of the PhD thesis projects.

Figure 1. Vocal biomarker pipeline, from data collection to implementation (from Fagherazzi
et al Voice For Health: The Use Of Vocal Biomarkers From Research To Clinical Practice.

Digital Biomarkers 2021).

Data Sources
Two study datasets have been used in this thesis, both containing audio recordings and their
corresponding clinical data annotations: Predi-COVID and Colive Voice.

Predi-COVID
The data from the Predi-COVID study was used for the first PhD objective. This analysis was
conducted for the first published manuscript, entitled “Vocal Biomarker Predicts Fatigue in
People with COVID-19: Results from the Prospective Predi-COVID Cohort Study”, which is
detailed in Chapter 4.

Study Design
Predi-COVID is a comprehensive prospective, hybrid cohort study designed to identify
predictive factors for severe COVID-19 outcomes based on epidemiological, clinical, digital,
and sociodemographic characteristics, as well as pathogen and host biomarkers[2]. Initiated
in response to the rapid global spread of COVID-19, the study seeks to understand the
variability in disease severity, particularly in Luxembourg. Participants include individuals
who have tested positive for COVID-19, along with a subgroup from their households. The
study aims to monitor symptoms, track long-term health consequences for up to a year, and
to identify vocal biomarkers for remote patient monitoring. Enrolled participants undergo a
detailed follow-up protocol, involving both digital and face-to-face assessments, leveraging
mobile applications for real-time data capture, and providing biological samples at specified
intervals to deepen the understanding of the disease’s progression and impact. Trial
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registration number NCT04380987. Approved by the National Research Ethics Committee of
Luxembourg (study number 202003/07) in April 2020.

Data Collection
The patients were tracked remotely for up to a year using the CoLive LIH smartphone app to
collect voice data. To ensure a minimum quality level, participants were asked to record in a
quiet environment while maintaining a certain distance from the microphone, and an audio
example of the required recording was provided.

All participants in this study were invited to perform two vocal tasks:
- Type 1: Participants were asked to read the 25th article of the Declaration of Human

Rights, in their preferred language among those supported (French, German,
English, and Portuguese).

- Type 2: Participants were asked to hold the [a] vowel phonation without breathing for
as long as they could.

Colive Voice
The data from the Colive Voice study was used for the second and third PhD objectives. This
data supported the analysis for the second manuscript entitled “A Voice-Based Algorithm
Can Predict Type 2 Diabetes Status in USA Adults: Findings from the Colive Voice Study”.
Additionally, it was used for the third paper, where I am the second author, entitled “Digital
Voice-Based Biomarker for Monitoring Respiratory Quality of Life: Findings from the Colive
Voice Study.” These studies are detailed in Chapter 5 and Chapter 6, respectively.

Study Design
In 2021, the Luxembourg Institute of Health launched Colive Voice, a global, multilingual
research initiative focused on the identification of vocal biomarkers for screening and
monitoring of various chronic diseases and common health symptoms. Colive Voice
operates as a comprehensive vocal biomarker screening platform, gathering audio
recordings from individuals aged 15 and above worldwide, without restrictions on their health
status or conditions, in languages including English, French, German, and Spanish.
Participants engage in standardized vocal tasks, and the data collected is enriched with
clinical and demographic annotations. The project is officially registered with
ClinicalTrials.gov (NCT04848623) and received ethical approval from the National Research
Ethics Committee of Luxembourg (study number 202103/01) in March 2021. All participants
have given their informed consent to participate in the study.

To date (09/2024), there are a total of up to 7000 participants in Colive Voice, coming from 5
continents (Figure 2), among which 62% are females. The language distribution in Colive
Voice included French (46%), English (36%), Spanish, and German, with Portuguese and
Arabic being added in the second version of Colive Voice. This is one of the largest
audiobanks available for health research consisting of exclusively real-life voice recordings.
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Figure 2. Worldwide distribution of Colive Voice participants (09/2024).

Data Collection

Figure 3. Overview of Data Dimensions in Colive Voice.

Colive Voice participants are invited to complete a comprehensive questionnaire to gather a
diverse range of information as shown in Figure 3:

- Demographic characteristics: Age, gender, education level, and mother tongue.
- Lifestyle habits: Smoking status and alcohol intake.
- Anthropometric data: Body mass index (BMI).
- Symptoms: Information collected through questionnaires such as the Patient Health

Questionnaire-9 (PHQ-9), Fatigue Severity Scale (FSS), Vocal Quality of Life
Index-11 (VQ-11), REM Sleep Behavior Disorder Screening Questionnaire (RBDSQ),
Problem Areas in Diabetes (PAID), and stress score.

- Drug use: Includes painkillers, cancer treatments, diabetes treatment, and
contraceptive pills.

- History of chronic diseases: Includes cancer, endocrine diseases (e.g., diabetes,
thyroid disorders), depression diagnosis, cardiovascular diseases (e.g., hypertension,
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stroke), neurological diseases (e.g., migraine), digestive diseases, and respiratory
diseases.

Data Processing
To ensure artificial intelligence (AI) readiness of the collected audio recordings in both
Predi-COVID and Colive Voice studies, they undergo a series of data processing steps,
required due to uncontrolled conditions for audio data acquisition. This involves data
cleaning, standardization, and proper formatting for effective training and deployment of AI
models. These steps address several challenges, grouped as follows:
Hardware

- Device Variations: Differences in devices and microphone quality, may introduce
noise or affect recording quality.

- Hum: Low-frequency stationary noise, often caused by electromagnetic interference
from electrical devices.

- Hiss: High-frequency stationary noise, typically caused by low-quality audio
microphones.

- Crackling: Non-stationary noise that can arise from electrical interference,
mechanical issues, or abrupt changes in amplitude.

Software
- Integrated Audio Processing: Software-driven compression, noise reduction, and

automatic gain control performed on the recording device can inadvertently alter the
audio quality.

Environmental
- Background Noise: Includes nature sounds (e.g., birds), urban sounds (e.g., cars),

domestic sounds (e.g., TV, radio), and human activity (e.g., multiple speakers).
- Sudden Noises: Interruptions such as notification sounds, doors closing, or

unexpected loud noises during recording.
Recording compliance

- Adherence to voice tasks: Not following the specified voice tasks correctly.
- Lead and trail silence and noise: Unnecessary silence and noise at the beginning

and end of recordings.
- Corrupted audio files.
- Silence or noisy recordings: Recordings with only excessive silence or background

noise.

A processing pipeline is implemented to harmonize and prepare the recordings for
subsequent steps. This pipeline includes harmonizing audio quality across the studies
through peak normalization, trimming lead-trail silence, converting stereo to mono,
resampling the sample rate to 16 kHz, and performing noise reduction and quality checks
(partially manual to include as many audio recordings as possible).

The pipeline is further enhanced by quality annotation of Colive Voice data, ensuring the
harmonization and AI readiness of the audio data for developing vocal biomarkers. Since the
technical solutions are IP protected (see section Vocalive Platform for Vocal Biomarker
Development for further details), they will not be detailed in this dissertation.
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Audio Signal Analysis

Sound is described as a vibration that travels through a medium (air, water, etc.) as an
audible compression wave. These physical vibrations may be translated to an electrical
signal by employing a transducer, such as a microphone, and displayed as a function of
time. This signal is then digitized to perform different preprocessing steps and apply machine
learning algorithms. The audio waves are characterized by physical characteristics such as
frequency, amplitude, and direction.

A normal human can hear sound vibrations in the range of 20 Hz to 20 kHz. Signals that
create such audible vibrations qualify as an audio signal[3].
Early signal processing techniques were mainly using time-domain operations such as
correlation, convolution, inner product, and signal averaging. While the time-domain
operations provided some information about the signal they were limited in their ability to
extract the frequency content of a signal (Figure 4). The introduction of Fourier theory
addressed this issue by enabling the analysis of signals in the frequency domain. However,
the Fourier technique provided only the global frequency content (represented by the
spectrum (Magnitude (Frequency)) of a signal and not the time occurrences of those
frequencies. Hence neither time-domain nor frequency-domain analysis were sufficient
enough to analyze signals with time-varying frequency content. To overcome this difficulty
and to analyze the nonstationary signals effectively, techniques that could provide joint time
and frequency information were needed[3].

Figure 4. Audio signal domains.

Audio Features

Audio features can be broken down into four categories that describe different aspects of
sound[4][5].
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Source Features

Source features provide insights into the origin of voice production, specifically how air flows
from the lungs through the glottis. They can directly characterize this airflow using glottal
features such as Jitter, which measures frequency variations of the voice, or indirectly by
capturing movements of the vocal folds through voice quality features like Shimmer, which
assesses amplitude fluctuations. These measurements help in analyzing the mechanical
aspects of voice production and the quality of the sound produced.

Formant (Filter) Features

Formant features focus on the resonant frequencies of the vocal and nasal tract. The
features such as the first frequency (F1), second mean frequency (F2), and their variability
metrics (F1 variability and F2 variability) provide a basis for identifying the vocal tract's shape
and configuration during speech. These formant frequencies are crucial for vowel sounds
and help in distinguishing between different speech sounds.

Spectral Features

Spectral features describe the speech spectrum, capturing the frequency distribution of the
speech signal at a particular moment in a high-dimensional representation. Frequently used
spectral features include Power Spectral Density (PSD) and Mel Frequency Cepstral
Coefficients (MFCCs). PSD describes the distribution of the power of a signal across various
frequencies, revealing the energy content at each frequency component within the signal.
MFCCs, on the other hand, provide a representation of the short-term power spectrum of
sound, encapsulating important characteristics of the speech’s timbre.

Spectrograms
A spectrogram is a visual representation of the spectrum of frequencies in a sound or other
signal as they vary with time. It is typically created by applying a Short-Time Fourier
Transform[6] to small segments of the signal to determine the frequency component at each
time segment (Figure 5). This results in a 2D graphical representation where one axis
represents time, the other represents frequency, and the color or intensity of each point
represents the amplitude of a particular frequency at a particular time.
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Figure 5. Short-time Fourier transforms (STFT) overview (from Jeon, H. et al. Area-Efficient
Short-Time Fourier Transform Processor for Time-Frequency Analysis of Non-Stationary

Signals.).

Mel-Spectrograms
A Mel-spectrogram is an enhanced version of the basic spectrogram, where the frequency
scale is converted to the Mel scale, a perceptual scale that more closely aligns with human
auditory responses than linear frequency scales. The Mel-spectrogram emphasizes
perceptually important frequency bands and is particularly effective for speech and music
processing. It is commonly used as a feature in machine learning models for speech
recognition, music genre classification, and other audio analysis applications.

Prosodic Features

Prosodic features encapsulate the rhythmic and intonational aspects of speech[5]. This
includes measurements like the speaking rate, the pitch (auditory perception of tone),
loudness, and energy dynamics. These features help in analyzing the emotional and
expressive qualities of speech, as well as its natural flow and articulation patterns.

Each category provides a unique perspective on the acoustic properties of speech,
contributing to a comprehensive analysis of voice and speech disorders or variations in
normal speech patterns.
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Audio Feature Extraction
Once the audio recordings are processed, audio features are extracted for AI algorithms and
statistical analyses. These features help describe the data within the target groups or
outcomes. They can be either low/moderate-dimensional handcrafted features (see
Synopsis Introduction for more details) or high-dimensional features such as audio
embeddings from pre-trained models on audios or images (transfer learning). More details
and definitions will be provided in the following sections.

The following feature extraction tools were tested in all the projects conducted within this
PhD thesis:

Librosa
Librosa is an open-source Python library widely used for music and audio analysis[7]. It
provides the tools to analyze and extract meaningful data from audio signals, particularly
designed to handle music and speech. This library simplifies the process of handling audio
data and extracting audio features with a high-level interface for analyzing a wide range of
audio signals.
The main utilities of Librosa include:

Audio Processing: Librosa supports various functionalities for basic audio processing, such
as loading audio files, resampling, and audio conversion.

Feature Extraction: It provides extensive support for extracting audio features like
Mel-frequency cepstral coefficients (MFCCs), Mel-spectrograms, spectral contrast, chroma
features, and zero-crossing rate, which are crucial for tasks like music genre classification or
speech recognition.

OpenSMILE
OpenSMILE is a versatile, open-source software tool designed for extracting, processing,
and interpreting large-scale audio features relevant in the fields of speech and music
processing, emotion recognition, and beyond[8]. Developed at the Technical University of
Munich, it is highly regarded for its robust feature extraction capabilities and flexibility in
handling various audio analysis tasks.

The main utilities of OpenSMILE include:

Feature Extraction: OpenSMILE excels at extracting a wide array of audio features from
continuous signal streams. It can process both real-time and recorded audio, making it
suitable for many applications, from interactive systems to batch analysis of large datasets.

Configurable Architecture: It offers a configurable architecture that allows users to define
and customize feature sets through configuration files, making it adaptable to specific
research needs and experimental settings.

Two main feature sets provided by OpenSMILE are ComParE 2016 and eGeMAPSv02:

25

https://paperpile.com/c/Z4zeKF/MejA
https://paperpile.com/c/Z4zeKF/fn6t


ComParE 2016: This feature set was introduced for the Computational Paralinguistics
Challenge (ComParE) at the Interspeech 2016 conference[9]. It includes 6373 attributes per
second, encompassing a broad spectrum of signal descriptors, including energy, spectral,
cepstral, and voice quality features. This extensive set is designed to tackle a wide range of
computational paralinguistics tasks such as emotion, and sentiment analysis.

eGeMAPSv02: The extended Geneva Minimalistic Acoustic Parameter Set version 0.2
(eGeMAPSv02) focuses on a selected set of 88 voice parameters that have proven useful in
affective computing[10]. This set is streamlined to facilitate effective voice research and is
often used in emotion recognition studies. It includes frequency-based features, energy, and
cepstral parameters designed to capture the emotional state conveyed by speech.

Pretrained Algorithms
1. Audio Embeddings

Audio embeddings are compact, high-dimensional representations of audio signals that
capture essential characteristics of the sound, such as pitch, timbre, and rhythm, in a form
suitable for machine learning models. These embeddings are typically generated by deep
learning models (Table 1), which process raw audio data and transform it into a numerical
representation that retains the most important features while reducing the complexity of the
original signal.

Embeddings Pre-training Encoder Input Output

Representation Dataset Architecture Sr (kHz) Embedding

VGGish YouTube-8M VGG based 16 128-d/frame

YAMNet YouTube-8M Mobilenet_v1 16 128-d/frame

OpenL3 AudioSet (envir.) Audio sub network of L3 -Net 48 6.144-d/frame

BYOL-A AudioSet CNN 16 1.024-d/frame

BYOL-S AudioSet-Speech CNN 16 1.024-d/frame

Wav-2-Vec Multiple sets CNN 16 Config dependent

Table 1. Characteristics of the deep audio embeddings.

VGGish is a convolutional neural network model that transforms audio into a compact
embedding. It is trained on a large-scale dataset derived from YouTube videos[11]. The
model is based on the VGG architecture, which was originally developed for image
recognition tasks but has been adapted for audio. These embeddings capture the salient
features of the audio and are often used as input features for other machine learning tasks,
such as audio classification and event detection.

YAMNet is a deep convolutional neural network that predicts audio events from a wide range
of classes[12]. It is based on the MobileNet_v1 architecture, making it efficient for mobile
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environments. The model is pre-trained on the YouTube-8M dataset and can recognize 521
audio event classes, making it useful for applications that require audio context recognition
in real time.

OpenL3 is an audio embedding model that is part of the L3-Net family, specifically designed
to provide an auditory version of the successful image-based Look, Listen, and Learn
architecture[13]. It is trained on the AudioSet dataset focused on environmental sounds.
OpenL3 processes audio signals into embeddings that can be used for various tasks, such
as audio classification, similarity comparison, and clustering.

BYOL-A (Bootstrap Your Own Latent for Audio) is a model that applies the self-supervised
learning principles of the original BYOL architecture to the audio domain[14]. It uses a
convolutional neural network to generate embeddings without needing labeled data. BYOL-A
is pre-trained on the AudioSet and learns powerful, generalizable audio representations that
are useful for a broad range of audio analysis tasks.

BYOL-S adapts the BYOL approach specifically to the domain of speech processing[15].
Like BYOL-A, it leverages a convolutional neural network but is trained on a subset of the
AudioSet that focuses specifically on speech-related sounds. This specialization allows
BYOL-S to capture nuanced features in speech that are crucial for applications in speech
recognition and related tasks.

Wav2Vec is a framework designed for speech processing that learns robust representations
of raw audio by directly modeling the raw waveform, rather than traditional handcrafted
features[16]. Wav2Vec uses a convolutional neural network and is pre-trained on multiple
large-scale speech datasets. It operates by predicting future audio samples from the past
context, thereby learning features that are useful for speech recognition tasks. The flexibility
of its configuration makes it adaptable to a wide range of speech and audio processing
tasks.

2. Image Embeddings
An innovative application of Mel-spectrograms as inputs for image-pretrained algorithms is
explored. By treating Mel-spectrograms as analogous to natural images, the pre-trained
network's robust feature-extraction capabilities are harnessed. This methodology not only
enhances the efficiency of the analysis by using pre-existing, well-optimized models but also
offers a cross-domain adaptability that is particularly beneficial in scenarios where audio
data is complex and labeled datasets are limited. Thus, this technique could improve the
accuracy and effectiveness of audio analysis in the research, providing a strong example of
how machine learning tools can be adapted across different domains to achieve superior
analytical outcomes.

VGG19 is a convolutional neural network architecture designed for image classification,
consisting of 19 layers, including 16 convolutional layers and 3 fully connected layers[17]. It
uses small 3x3 convolutional filters and max-pooling layers to capture detailed features in
the input data. Pre-trained on the large image dataset ImageNet, VGG19 is widely used in
transfer learning applications. In voice analysis, VGG19 can extract deep audio features by
converting audio signals into spectrograms, making it valuable for tasks such as voice
biomarker identification and health status prediction.
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Statistical Analyses
To further describe the clinical data and the extracted audio features, and to analyze the
voice characteristics of the target groups, various statistical analyses were conducted. This
section details the most commonly used statistical analyses in this dissertation.

Chi-2
The Chi-Square test is a statistical method used to determine if there is a significant
association between categorical variables[18]. It compares the observed frequencies in each
category to the expected frequencies if there are no associations between the variables. The
test calculates a chi-square statistic, which follows a chi-square distribution, allowing for the
determination of the p-value to assess the significance of the observed differences.

Mann U Whitney
The Mann-Whitney U test, also known as the Wilcoxon rank-sum test, is a non-parametric
test used to compare differences between two independent groups[21]. It assesses whether
the distributions of the two groups differ significantly by ranking all the values from both
groups together and then comparing the sum of ranks between the groups. It is often used
as an alternative to the t-test when the assumption of normality is not met.

One-way ANOVA
One-way Analysis of Variance (ANOVA) is a statistical test used to compare the means of
three or more independent groups to determine if there is a significant difference among
them[22]. It evaluates the variance within each group and the variance between the groups
to calculate an F-statistic. If the F-statistic is significantly larger than expected by chance, it
indicates that at least one group's mean is different from the others. Post-hoc tests are
typically used to identify which specific groups differ.

Bland-Altman
The Bland-Altman plot, also known as the Tukey mean-difference plot, is a graphical method
to assess the agreement between two quantitative measurements[23]. It plots the difference
between the two measurements against their average. The plot includes lines for the mean
difference and limits of agreement (typically set at ±1.96 standard deviations from the mean
difference), allowing for visual assessment of bias and variability. It is widely used in method
comparison studies to evaluate the consistency between two measurement techniques.

Feature Scaling and Normalization
Feature scaling and normalization are crucial preprocessing steps in machine learning. They
ensure that features contribute equally, improving algorithm performance and convergence,
particularly for gradient descent-based models. Scaling helps prevent features with larger
ranges from dominating the model, reducing bias, and enhancing model accuracy.
Additionally, techniques like Principal Components Analysis (PCA) perform better with
scaled data, as they are sensitive to the scale of the input features. Overall, scaling and
normalization lead to more stable, efficient, and interpretable models.
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StandardScaler Sklearn
StandardScaler (Sklearn) is a tool that standardizes features by removing the mean and
scaling to unit variance, transforming data so each feature has a mean of zero and a
standard deviation of one[24]. This is useful for machine learning algorithms sensitive to
feature scales, such as logistic regression and PCA, ensuring consistent variance across all
features.

Dimensionality Reduction
For high-dimensional audio features or embeddings, dimensionality reduction is essential to
avoid overfitting, feature collinearity, and poor generalization. To achieve this, techniques
such as feature selection (e.g., SelectKBest) or PCA are conducted, depending on the data
type and the importance of maintaining interpretability and explainability.

Feature Selection
SelectKBest (Sklearn) is a feature selection tool that selects the top k features based on
their importance to the outcome variable[25]. This method uses statistical tests to score each
feature and select the highest-scoring ones. It is primarily used for handcrafted features to
enhance interpretability and explainability in the model, making it easier to understand which
features are most influential in predicting the target variable. This approach is especially
useful when dealing with a large number of features, allowing for more efficient and effective
modeling.

Principal Component Analysis (PCA)
PCA is a dimensionality reduction technique that transforms high-dimensional data into a
lower-dimensional space while retaining most of the original variability[26]. It does this by
identifying the principal components, which are the directions in the data that capture the
most variance. PCA is mainly used for embeddings, as they are high-dimensional vectors
with less explainability. By reducing the number of dimensions, PCA helps to avoid
overfitting, improve generalization, and simplify the model without losing significant
information.

Key AI Concepts
For vocal biomarker identification and development, we train AI algorithms using extracted,
scaled, and selected features or reduced embeddings. This involves several approaches:

- Machine Learning with Handcrafted Features: We feed machine learning
algorithms with extracted handcrafted audio features for classification or regression
tasks. These features capture specific aspects of the audio signal, such as pitch,
tone, and rhythm, which are relevant for identifying vocal biomarkers.

- Deep Learning with Mel-Spectrograms: Mel-spectrograms, which represent the
audio signal in both time and frequency domains, are used to train deep learning
models. These visual representations of sound allow convolutional neural networks
(CNNs) to learn complex patterns and features that are crucial for accurate
biomarker identification.
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- Transfer Learning: This technique leverages pre-trained algorithms to incorporate
cross-domain knowledge, enhancing the model's performance with limited data.
There are two main strategies:

- Feature Extraction: Feeding extracted audio or image embeddings from
pre-trained models into machine learning or deep learning algorithms. This
allows the use of rich, high-level features that have been learned from large
datasets.

- Fine-tuning: Adjusting the parameters of the pre-trained models by retraining
them on our specific dataset to improve their performance and adapt them to
the nuances of our audio data. This method is particularly effective when
domain-specific data is limited but the pre-trained models have been trained
on large, diverse datasets.

Machine Learning
Machine learning is a discipline within AI that emphasizes the creation of algorithms capable
of modifying their parameters and improving their performance based on empirical data[27].
This field incorporates a variety of statistical, probabilistic, and optimization techniques that
enable computers to learn from past experiences or historical data without explicit
programming for each task.
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The machine learning algorithms used in this research, as shown in Table 2, were
implemented using the Scikit-learn (Sklearn) library[28], which provides a robust and efficient
framework for model development and evaluation.

Machine Learning Algorithm Characteristics PhD Objectives

Logistic Regression[29] A linear classifier that models the probability of a
binary outcome using the logistic function is
often used for its simplicity and interpretability.

1, 2, 3

Support Vector Machine[30] A supervised learning model that constructs
hyperplanes in a multidimensional space to
separate different classes, is particularly effective
in high-dimensional spaces.

1, 2, 3

Random Forest[31] An ensemble learning method that builds a
multitude of decision trees during training and
outputs the mode of the classes or mean
prediction of the individual trees, enhancing
generalization.

1, 2, 3

K-Nearest Neighbors[32] A non-parametric, instance-based learning
algorithm that classifies a sample based on the
majority class among its k nearest neighbors in
the feature space.

1

Voting Classifier[33] An ensemble model that combines the
predictions of multiple base classifiers to improve
overall performance, using either hard voting
(majority rule) or soft voting (average
probabilities).

1

XGboost[34] An advanced gradient boosting algorithm that
builds sequential decision trees, optimizing
performance through regularization techniques
and parallel processing.

3

Table 2. Machine learning algorithms used across PhD objectives.

Deep learning
Deep learning is a sophisticated subset of machine learning characterized by networks with
multiple layers, known as deep neural networks[35]. These networks are capable of learning
from vast amounts of unstructured data through the use of multiple levels of abstraction.
Deep learning methodologies are integral to cutting-edge applications in areas such as
computer vision, speech recognition, and natural language processing.
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Figure 6. Typical pipeline used in audio deep learning models.

Figure 6 illustrates a typical pipeline used in audio deep learning models, where
spectrograms are employed to represent audio signals. The process includes the following
steps:

1. Waveform to Spectrograms: Raw audio waveforms are converted into
spectrograms, which visually represent the frequency spectrum of the audio signal
over time.

2. Convolutional Neural Networks (CNNs): The spectrograms are then fed into CNNs
to extract high-level features. CNNs are effective in capturing local patterns in the
spectrograms, such as pitch and tone.

3. Feature Maps: The CNNs produce feature maps that highlight important aspects of
the audio signal. These maps can be further processed using different neural
network architectures:

- Recurrent Neural Networks (RNNs) and LSTM (Long Short-Term
Memory): The feature maps are passed through RNNs or their variant
LSTMs. These networks are capable of remembering long input sequences
and generating contextually relevant responses, making them suitable for
capturing temporal dependencies in audio data.

- Fully Connected Layers: Alternatively, the feature maps can be fed into fully
connected layers to identify non-linear patterns in the data and make final
predictions or classifications based on the extracted audio features.

This pipeline demonstrates the combination of CNNs for spatial feature extraction and either
RNNs/LSTMs for temporal sequence modeling or fully connected layers for pattern
recognition, providing a comprehensive approach to audio analysis in deep learning
applications.
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Transfer Learning
Transfer learning is a powerful strategy in machine learning that involves applying
knowledge gained from one task (Task A) to a different but related task (Task B). As depicted
in Figure 7, a pre-trained network, which has learned general features from a large dataset
in Task A, is reused to either extract embeddings or be fine-tuned for the new task. This
approach accelerates the development of models for Task B by leveraging the learned
representations, reducing the need for extensive new data and computational resources.
The pre-trained model can either be fine-tuned or used to generate feature embeddings for
the new data, resulting in improved performance and faster convergence, especially in deep
learning applications.

Figure 7. Transfer learning workflow for embedding extraction and fine-tuning.
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Performance Evaluation

Cross-Validation
Cross-validation is a statistical method used to assess a predictive model's generalizability
and avoid overfitting[36]. The process involves partitioning the dataset into 'k' folds, often 5
or 10, training the model on 'k-1' folds, and testing it on the remaining fold. This cycle is
repeated 'k' times, with each fold used once as the test set. Performance metrics are
calculated for each iteration and averaged to provide an overall performance measure
(Figure 8). Stratified cross-validation, a variant of this method, ensures that each fold has a
representative distribution of the target variable, enhancing the reliability of the results[37].
The latter approach has been adopted in this PhD thesis.

Figure 8. Cross-validation process for parameter tuning and model evaluation (from
ScikitLearn).

Evaluation Metrics
The projects related to this PhD thesis focused on binary classification tasks. The
performance of the developed algorithms was evaluated using all the listed metrics for each
specific task or project.

To evaluate these classification models, several metrics derived from the confusion matrix
are commonly used. The confusion matrix itself is a table used to describe the performance
of a classification model on a set of test data for which the true values are known. It is
organized into four different outcomes of predictions:

True Positives (TP): Correctly predicted positive observations.
False Positives (FP): Incorrectly predicted as positive.
True Negatives (TN): Correctly predicted negative observations.
False Negatives (FN): Incorrectly predicted as negative.
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1. Accuracy

Accuracy measures the overall correctness of the model and is defined as the ratio of
correctly predicted observations to the total observations.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

2. Precision

Precision (or Positive Predictive Value) measures the accuracy of positive predictions. It is
defined as the ratio of correctly predicted positive observations to the total predicted
positives.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃
𝑇𝑃 + 𝐹𝑃

3. Recall (Sensitivity or True Positive Rate (TPR))

Recall measures the ability of a model to find all the relevant cases (all actual positives). It is
defined as the ratio of correctly predicted positive observations to all observations in actual
class.

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃
𝑇𝑃 + 𝐹𝑁

4. Specificity (True Negative Rate)

Specificity measures the proportion of actual negatives that are correctly identified as such
(e.g., the percentage of healthy people who are correctly identified as not having the
condition).

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  𝑇𝑁
𝑇𝑁 + 𝐹𝑃

5. F1 score

F1 Score is the weighted average of Precision and Recall. Therefore, this score takes both
false positives and false negatives into account. It is particularly useful when the class
distribution is uneven.

𝐹1 𝑠𝑐𝑜𝑟𝑒 =  2 ×  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

6. Area Under the Receiver Operating Characteristic Curve (AUC - ROC)

The ROC curve is a graphical representation of a classifier's performance across all
classification thresholds, plotting the True Positive Rate (Recall) against the False Positive
Rate (1 - Specificity) at various threshold settings. The AUC measures the entire
two-dimensional area underneath the entire ROC curve from (0,0) to (1,1) and provides an
aggregate measure of performance across all possible classification thresholds.

𝐴𝑈𝐶 =  
0

1

∫  𝑇𝑃𝑅(𝑥) 𝑑𝑥

7. Brier score

The Brier Score is a metric used to evaluate the accuracy of probabilistic predictions and the
calibration of the algorithms. It measures the mean squared difference between the
predicted probability and the actual outcome. The score ranges from 0 to 1, where a lower
Brier Score indicates better model performance and more accurate calibration of the
predicted probabilities.
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Essential Python libraries used

Pandas
Pandas is an open-source Python library for data manipulation and analysis[38]. It provides
data structures like DataFrames and Series for efficient handling of structured data. Pandas
supports operations such as merging, reshaping, selecting, and handling missing data.
Widely used in both academic and commercial settings, pandas excels in fast, efficient
operations on large datasets. In this PhD thesis, our structured datasets from Predi-COVID
and Colive Voice are manipulated using DataFrames with Pandas, enabling efficient data
processing.

NumPy
NumPy, short for Numerical Python, is essential for scientific computing in Python, providing
support for large, multi-dimensional arrays and matrices, along with numerous mathematical
functions to operate on these arrays[39]. Its performance is enhanced by efficient array
operations implemented in C. NumPy that underpins many other Python scientific libraries,
such as Pandas, making it indispensable for numerical computations. In this PhD thesis, the
audio signals imported from the Librosa library, the audio embeddings, and the inputs for
tools like OpenSMILE are all handled as NumPy arrays, ensuring efficient numerical
processing and manipulation.

Scikit-learn
Scikit-learn, often abbreviated as Sklearn, is a Python module that integrates a wide range of
state-of-the-art machine learning algorithms for medium-scale supervised and unsupervised
problems[40]. Built upon NumPy, it provides tools for data mining, analysis, classification,
regression, clustering, model selection, and preprocessing. In this PhD thesis, Scikit-learn
has been used extensively for developing and evaluating machine learning models, enabling
effective model selection, data preprocessing, fine-tuning algorithms, implementing
classification algorithms, and conducting cross-validation to ensure the accuracy and
reliability of the developed algorithms.

TensorFlow
TensorFlow, developed by the Google Brain team, is an open-source library for
high-performance numerical computation[41]. Widely used for machine learning and deep
learning applications, it is known for its flexibility and extensive capabilities. TensorFlow
supports both CPU and GPU devices and is used in various applications, from beginner
tutorials to large-scale commercial and research projects.

Keras
Keras is a high-level neural networks API written in Python that runs on top of
TensorFlow[42]. It enables fast experimentation and prototyping through its modularity,
minimalism, and extensibility. Keras is popular for its user-friendliness and is suitable for
building various neural network models. Specifically, the pre-trained algorithm VGG19, used
in this PhD thesis, is part of the Keras API.
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PyTorch
PyTorch, primarily developed by Facebook's AI Research lab, is widely used for applications
such as computer vision and natural language processing[43]. Known for its flexibility and
speed, especially in research and prototype development, PyTorch offers dynamic
computational graphing, providing high flexibility and intuitive operations for deep learning
tasks. It is favored in the academic and research sectors due to its ease of use and
seamless handling of tensor operations with GPU acceleration. In this PhD thesis, the
pre-trained algorithms on audio data were primarily based on PyTorch, leveraging its robust
capabilities for deep learning.

IT Environment and hardware

The work for the related PhD projects was conducted locally on a DELL Precision 5550. This
workstation is equipped with an Intel Core i7-10850H CPU, 32GB of RAM, and a 1TB SSD,
providing robust performance for data processing and model training tasks. Additionally,
some computationally intensive tasks were performed on the GPU servers from the
Luxembourg Institute of Health (LIH), equipped with 8 GPUs (NVIDIA RTX A6000 with 48
GB GDDR6 memory), 80 CPUs (Intel Xeon Gold 5218R @ 2.10GHz), and total RAM of 500
GB, enhancing the speed and efficiency of deep learning model training.
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Chapter 3
Synopsis - General Introduction
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The following synopsis provides a comprehensive overview of vocal biomarkers, illustrating
how these voice technologies, along with the methods for training and implementing them,
are integrated into the broader field of Digital Health. It highlights the development and use
of digital biomarkers, the role of Voice AI, and their significant implications in healthcare.

Digital Health

Digital health is the field of knowledge and practice associated with the development and
use of digital technologies to improve health[44,45]. It expands the concept of eHealth to
include digital technology and encompasses a wider range of smart devices and connected
equipment. Commonly understood areas of digital health include AI, big data, blockchain,
health data, health information systems, the infodemic, the Internet of Things (IoT),
interoperability, and telemedicine.

The COVID-19 pandemic has created an urgent need for coordinated mechanisms to
respond across health sectors. Digital health solutions have been identified as promising
approaches to address this challenge[46]. By automating or transferring actions that patients
can perform on their own, digital health and AI-based technologies have the potential to
relieve clinicians. Using telemonitoring solutions to enable self-surveillance and remote
monitoring of symptoms might therefore help to improve and personalize care delivery.

Digital health represents a pivotal evolution in the integration of information and
communications technologies (ICT) within healthcare, extending the scope of eHealth to
encompass a broader array of digital technologies and consumer involvement[47]. This field
includes advanced tools such as AI, big data, blockchain, and the IoT, all aimed at
enhancing the delivery, access, and efficiency of healthcare services. The emergence of
digital health has been significantly influenced by seminal contributions from early pioneers
such as Frank, who introduced the foundational concepts based on internet capabilities[48],
and Eysenbach, who broadened the definition of digital health (or “eHealth” as he termed it)
to emphasize networked healthcare delivery and the importance of adapting mindsets within
healthcare frameworks[49].

A primary benefit of digital health is the empowerment of patients through technologies that
facilitate enhanced self-management and active participation in their healthcare. This is
supported by digital platforms like health portals, mobile apps, and social media. Additionally,
the capability for remote monitoring and telehealth through wearable devices such as
smartwatches, smart socks, and continuous glucose monitors, along with other tools like
artificial pancreas systems, smart blood pressure monitors, and smart ECGs, exemplifies
how digital health can extend care beyond traditional settings (Figure 9). These devices
enable patients to manage their conditions from home while still receiving personalized
care[50–52] (Figure 9).
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Figure 9. Digital diabetes: perspectives for diabetes prevention, management and research.
(from Fagherazzi et al. (Diabetes & Metabolism, 2018)).

The application of large-scale data analytics and AI in digital health supports personalized
medicine and improves clinical decision-making through enhanced risk stratification and
diagnostic accuracy[51]. Digital health also addresses barriers to healthcare access,
including socioeconomic, disability, and language barriers, through mechanisms such as
remote consultations and automated translation services[51]. Efficiency gains are
remarkable as well, with digital health interventions reducing unnecessary healthcare visits
and associated costs, thereby streamlining healthcare delivery[51].

However, the rapid advancement and implementation of digital health technologies,
especially during the COVID-19 pandemic, underscore the urgency for effective integration
and coordinated response mechanisms to health crises[46,51]. Challenges such as the
thoughtful assessment of new technologies, the integration of comprehensive care records,
and the avoidance of increased clinician workload remain critical considerations[53].
Therefore, the trajectory of digital health demands a meticulous approach to address these
technical, organizational, and patient-centered factors to fully realize its potential in
transforming healthcare delivery.
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Digital Biomarkers

As defined by the European Medicines Agency (EMA), digital biomarkers are quantifiable,
objective measures derived from digital devices that reflect physiological and/or behavioral
states, offering insights into biological or pathological processes, or responses to
interventions. This conceptualization is supported by regulatory bodies such as the Food and
Drug Administration (FDA), aligning with traditional biomarker definitions as indicators of
biological processes[54].

The utility of digital biomarkers spans various clinical and research applications. According to
the Biomarkers, EndpointS, and other Tools (BEST) Resource by the FDA [54], biomarkers
can be categorized into seven primary types:

1. Susceptibility/Risk Biomarkers: predict the likelihood of developing a condition in
asymptomatic individuals.

2. Predictive Biomarkers: forecast a patient’s response to a specific therapeutic
intervention.

3. Diagnostic Biomarkers: detect or verify the presence of a disease or its specific
subtypes.

4. Prognostic Biomarkers: indicate the probable progression of a disease, its
recurrence, or the occurrence of a clinical event in diagnosed patients.

5. Pharmacodynamic/Response Biomarkers: measure the alteration in levels of these
biomarkers in response to a therapeutic intervention to assess the biological impact of
the treatment.

6. Monitoring Biomarkers: monitor the state of a disease or exposure to certain
substances.

7. Safety Biomarkers: indicate the potential adverse effects of a medical intervention.

As digital health evolves, various innovative technologies, including voice AI, are being
explored for their potential applications and benefits in healthcare.

Voice AI

As the primary means of communication, voice plays an important role in daily life. Voice
also conveys personal information such as social status, personal traits, and the emotional
state of the speaker[55]. Voice AI refers to AI systems that understand and generate human
speech. These technologies leverage machine learning to interpret spoken language and
respond or take action based on that input.
Voice AI applications are increasingly diverse, including:

- Speech recognition: Converts spoken language into text.
- Speech synthesis: Generates spoken language from text to produce

natural-sounding speech.
- Natural language understanding: Interprets the meaning behind spoken inputs to

respond appropriately.
- Voice cloning: Creates a digital replica of a person's voice from a small sample.
- Emotion recognition: Analyze vocal patterns and detect emotions in a speaker’s

voice.
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- Vocal biomarkers: Identify voice-based features linked to health conditions for
monitoring and diagnostic purposes.

Voice in Digital Health

Within the scope of digital health, voice is a promising source of digital data since it is rich,
user-friendly, inexpensive to collect, and non-invasive. It may be used to remotely monitor
health-related problems when integrated into innovative telemonitoring or telemedicine
technologies. The complexity of neural processing involved in speech production makes
speech sensitive to slight changes in the physiological condition and pathophysiological
state of a speaker[56].

Mechanisms of Voice Production

The first step to producing voice is creating an airflow that comes from the contraction of the
lungs. When the pressure on the vocal fold exceeds a certain threshold, the vocal folds are
going to enter into a self-sustained vibration. These oscillations change the density of air
passing through the vocal folds over time, which creates a wave. This wave is then
modulated by the shape and the position of the mouth and the tongue, creating the
voice[56]. The sound produced by vocal fold vibration is modulated in the vocal tract, which
includes key speech articulators such as the velum, tongue, lips, and lower jaw. Finally,
speech sounds are radiated from the lips[57].

Figure 10. Mechanisms of speech production (from Almaghrabi, et al. Bio-acoustic features
of depression: A review. Biomedical Signal Processing and Control).

As illustrated in Figure 10, speech production operates on three main levels: cognitive
planning, physiological (muscle actions), and acoustic (sound generation). The vocalization
plan originates in the brain, and motor nuclei in the brainstem and spinal cord coordinate the
necessary muscle movements. The resulting vibrations from the vocal folds are shaped by
the vocal tract and articulators, and the final speech sounds are emitted through the lips.
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Vocal Biomarkers

A vocal biomarker is a signature, a feature, or a combination of features from the audio
signal of the voice that is associated with a clinical outcome and can be used to monitor
patients, diagnose a condition, grade the severity or stages of a disease, or for drug’s
development[58]. Current research on vocal biomarkers explores a wide range of
applications, but the focus has primarily been on neurodegenerative diseases[59] and
mental health[60].

Vocal Biomarkers as New Digital Clinical Endpoints
Vocal biomarkers, derived from the subtle nuances in voice, represent a powerful yet
underused resource in healthcare, with increasing efforts to integrate them into clinical
practice.

The push to incorporate voice biomarkers into routine clinical workflows is driven by their
potential to enhance the reliability of diagnostics, predict health outcomes, and personalize
patient care. This integration ensures that voice AI technologies are accessible, ethically
sourced, and clinically valid. Additionally, voice biomarkers are gaining traction as digital
endpoints in clinical trials, where they are used to assess the efficacy of medical treatments
or interventions over time. By systematically collecting and analyzing voice data, researchers
can track patient outcomes and responses to therapies, offering a non-invasive, continuous
monitoring method that reduces participant burden and expands access to diverse
populations.

Despite challenges related to standardization and data privacy, the adoption of voice
biomarkers as digital clinical endpoints promises to revolutionize healthcare, making it more
personalized, accessible, and effective.

Applications of Vocal Biomarkers

Symptom detection and monitoring: Voice biomarkers are increasingly used to detect
subtle changes that may indicate underlying health conditions. These can include monitoring
symptoms of chronic diseases such as Parkinson's or detecting signs of respiratory
infections.
Diagnosis: Beyond symptom monitoring, voice biomarkers can aid in the diagnosis of
conditions by identifying specific vocal signatures associated with different diseases, such as
cardiovascular or neurological disorders​.
Screening: Within preventive medicine, voice analysis can be employed to screen for
potential health issues before they become apparent, aiding in early intervention strategies​.
Perceived health status monitoring: This application is tailored for individual health
management, where people can use voice analysis tools to monitor their perceived general
health status, tracking changes that might indicate health improvements or deteriorations​.
Disease progression/severity monitoring: Voice biomarkers can help monitor disease
progression and severity by regularly analyzing voice data. This enables healthcare
providers to track how a disease evolves, adjust treatment plans, and intervene at critical
points.
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Treatment effectiveness: Voice biomarkers can evaluate treatment effectiveness by
analyzing changes in voice patterns before, during, and after therapy. This real-time
feedback allows for more personalized treatment plans and ensures effective interventions.

Main vocal tasks and examples of disease-specific vocal biomarkers
Vocal biomarkers are assessed through various vocal tasks categorized into verbal,
vowel/syllable, and nonverbal vocalizations[58]. Each type of vocal task can reveal different
audio features relevant to specific diseases, but also some challenges to account for (Table
3).

- Verbal Tasks: These include isolated words, short sentence repetition, reading
passages, and running speech. These tasks are essential for evaluating how well the
vocal system can handle complex speech tasks and can reveal issues with
articulation, fluency, and other speech characteristics.

- Vowel/Syllable Tasks: These tasks involve sustained vowel phonation and
diadochokinetic tasks (rapid repetition of syllables). They assess the stability and
control of vocal fold vibration, respiratory support, and neuromuscular coordination.

- Nonverbal Vocalizations: Tasks such as coughing and breathing provide insight into
the respiratory system's function and the coordination between respiration and
phonation.

Vocal Task Type Strengths Challenges

Verbal Tasks
Detailed insights into articulation,

fluency, and speech patterns; useful for
cognitive and neurological assessments

Susceptible to linguistic and cultural
variability; higher cognitive load for some

patients

Vowel/Syllable
Tasks

Assesses vocal fold vibration stability,
respiratory support, and neuromuscular
coordination; useful for detecting voice

disorders

Lacks complexity of natural speech,
limiting ability to detect subtle

cognitive-related issues

Nonverbal
Vocalizations

Insight into respiratory function; easy to
collect; relevant for respiratory

conditions (COPD, asthma)

Provides limited information on
higher-level speech or cognitive functions

Table 3. Vocal task types: strengths and challenges.
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Different diseases manifest distinct vocal features, which can be better-captured thanks to
specific vocal tasks. Table 4 below shows some examples of diseases, the associated vocal
tasks, and the relevant audio features:

Disease Vocal Tasks Relevant Audio Features

Parkinson's

Disease[61]

Sustained Phonation, Reading text,
Spontaneous Speech,
diadochokinetic task

Reduced Pitch Range, Increased Jitter and
Shimmer, Reduced Speech Rate, Altered
Formant Frequencies

Depression[57] Sustained Phonation, Reading text
Increased Jitter and Shimmer, Reduced
HNR, Slower Speech Rate, Altered
Formant Frequencies

Voice

Disorders[62] Sustained Phonation, Reading text Increased Jitter and Shimmer, Reduced
HNR, Changes in Pitch and Intensity

Table 4: Examples of disease-specific vocal tasks and corresponding audio features.
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Delineation of the PhD Scope
This PhD thesis focuses on a subset of key potential applications of vocal biomarkers, as
shown in Figure 11. The related case studies covered in this work were selected based on
their potential to advance priority topics of the vocal biomarker research field. Each of the
following objective of the PhD thesis aligns with a particular application of vocal biomarkers:

● Objective 1 focuses on symptom detection and monitoring by exploring fatigue
symptoms in COVID-19 patients. COVID-19 provides an opportunistic use case for
the study of vocal biomarkers due to the global health need for remote monitoring
solutions that can minimize physical contact while still ensuring effective patient
management.

● Objective 2 targets screening by examining how vocal biomarkers can be used to
screen for T2D. Exploring T2D aligns with the broader goal of developing
non-invasive, cost-effective screening tools, especially in resource-limited settings
where access to traditional diagnostic methods is challenging.

● Objective 3 addresses perceived health status monitoring by assessing RQoL in the
general population with participants with various respiratory diseases. RQoL is
directly linked to respiratory function, which naturally influences vocal characteristics.
As respiratory diseases are prevalent, this application demonstrates the potential of
vocal biomarkers for scalable, non-invasive health monitoring, allowing continuous
assessment without the need for clinical visits.

Figure 11. Key potential applications of vocal biomarkers explored in this PhD thesis
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Objective 1: Symptom Detection and Monitoring

Contextualizing COVID-19 Symptoms and Fatigue

COVID-19, induced by the SARS-CoV-2 virus, manifests a spectrum of symptoms from mild
to severe. The World Health Organization (WHO) outlines clinical criteria for suspected
infection, including acute onset of fever and cough, complemented by other symptoms like
fatigue, headache, and dyspnea. Fatigue emerges as one of the most frequently reported
symptoms, persisting even during and beyond the recovery phase, with up to 60% of
patients reporting chronic fatigue 12 months later[63]. This persistence significantly affects
the quality of life and complicates disease management strategies[64], supporting the need
for long-term monitoring solutions for these patients.

Defining and Understanding Fatigue

Fatigue is characterized as an overwhelming sensation of tiredness, lack of energy, and
exhaustion that sleep or rest does not alleviate[65]. It is subjectively experienced and can
manifest in acute or chronic forms, significantly influencing daily activities and overall quality
of life. The clinical dimensions of fatigue are multifaceted, encompassing physical, cognitive,
and emotional aspects[65,66]. Physically, it might manifest as diminished physical activity
and extended recovery periods[67]. Cognitively, it impairs concentration, induces memory
lapses, and reduces mental endurance[68]. Emotionally, fatigue can diminish motivation and
interest in previously enjoyed activities[69].

Biological Mechanisms of Fatigue in COVID-19

The persistence of fatigue in Long COVID may stem from diverse biological mechanisms,
including cerebral and peripheral pathologies, as well as psychosocial factors[70]. Chronic
inflammation at the neuromuscular junctions and brain may induce enduring fatigue[70,71].
Additionally, damage to muscle fibers and sarcolemma, alongside skeletal muscle injuries,
contributes to the onset of post-COVID fatigue, suggesting a complex interplay of factors
affecting the trajectories of patients' recovery.

Persistent Challenges of Long COVID

As the pandemic progresses, reports of prolonged symptomatology post-COVID-19, termed
'Long COVID syndrome,' have increased[72]. This condition is associated with a variety of
symptoms impacting multiple organs and presenting significant challenges in healthcare[73].
Fatigue remains a critical, persistent symptom irrespective of the initial disease severity.
Studies indicate that up to 60% of patients may experience chronic fatigue twelve months
post-recovery[73]. Chronic fatigue has been documented as the most prevalent long-term
symptom following the acute phase of COVID-19[73–77] (Figure 12), emphasizing the need
for effective monitoring and management strategies.
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Figure 12. Description of 60 persisting symptoms, 12 months after the acute infection (from
Fischer A. et al. Long COVID Symptomatology After 12 Months and Its Impact on Quality of

Life According to Initial Coronavirus Disease 2019 Disease Severity.)

Objective 2: Disease Screening

Diabetes Mellitus and its classification
Diabetes mellitus is a complex group of metabolic diseases characterized by chronic
hyperglycemia, which arises from issues in insulin secretion, insulin action, or both[78]. The
importance of insulin as an anabolic hormone means that metabolic abnormalities in
carbohydrates, lipids, and proteins can have significant impacts. Insufficient insulin levels or
insulin resistance in target tissues such as skeletal muscles, adipose tissue, and the liver
result from defects at various points in the insulin signaling pathway. The American Diabetes
Association (ADA) classifies diabetes into type 1, type 2, other specific types, and
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gestational diabetes mellitus (GDM), each with specific pathophysiologies and clinical
implications.

Type 2 Diabetes (T2D)
T2D, previously known as non-insulin-dependent diabetes, is the most prevalent form of
diabetes[78,79]. It is primarily characterized by hyperglycemia, insulin resistance, and
relative insulin deficiency. The development of T2D results from a complex interplay of
genetic, environmental, and behavioral factors. This form of diabetes is particularly
concerning due to its common occurrence, subtle onset, and frequently delayed diagnosis,
which are even more pronounced in resource-poor settings.

Challenges in managing T2D
Individuals with T2D are at an increased risk of both acute and long-term complications,
leading often to premature mortality. This is worsened by the high prevalence of
undiagnosed cases, with almost one in every two people with T2D remaining undiagnosed
worldwide[80]. As a result, these individuals cannot begin treatment or preventive measures
to avoid or delay complications, particularly in resource-limited environments where
traditional screening methods, such as invasive blood analysis, are costly and challenging to
implement[81]. Alternative methods, such as questionnaires and risk scores like the ADA
risk assessment[82], are used, but these too have limitations, including susceptibility to
biases and errors.

Objective 3: Perceived Health Status Monitoring

Context and importance of telemonitoring
Monitoring chronic respiratory diseases or other conditions affecting breathing is
fundamental in respiratory healthcare. Telemonitoring solutions reduce clinician workload,
decrease hospital admissions, and enable timely interventions. Remote monitoring is crucial
for identifying clinically relevant deterioration in RQoL and can serve as a prognostic tool for
conditions like COPD and asthma. For instance, a recent study found that a 4-point decline
in RQoL over one year, as assessed by the St George’s Respiratory Questionnaire
(SGRQ)[83], was linked to higher rates of hospitalization and mortality. This highlights the
need for continuous monitoring to identify early signs of deterioration and facilitate timely
management.

Understanding Respiratory Quality of Life (RQoL)
RQoL measures a patient's well-being and daily functioning with their respiratory health,
typically assessed through questionnaires like SGRQ, CRQ[84], BPQ[85], and VQ11[86].
These tools quantify the impact of respiratory diseases on patients' lives, providing insights
into symptom severity, physical functioning, and emotional well-being. Accurate RQoL
assessment is vital for effective disease management and improving patient outcomes.

Challenges in RQoL assessment
Traditional RQoL assessment methods face several challenges. Questionnaires depend on
patients' self-reports, which can be subjective and biased. Completing detailed
questionnaires can be time-consuming and burdensome, leading to potential
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non-compliance or inaccurate reporting. These methods may also require clinical visits and
invasive equipment, which are not always practical for continuous monitoring. Addressing
these challenges can make RQoL monitoring more reliable and practical, offering a
non-invasive, cost-efficient solution for remote monitoring and better disease management.

Figure 13. PhD scope

The scope of this PhD research, as shown in Figure 13, connects the foundational ideas
discussed in the synopsis with the specific objectives and methods explored in the upcoming
chapters. Using data from the Predi-COVID and Colive Voice studies, the PhD scope
focuses on three key areas: symptom detection and monitoring, perceived health status
monitoring, and disease screening. Advanced techniques namely transfer learning,
performance stratification, multimodal fusion, and multitask learning were applied while using
various data modalities, including /a/ phonation, clinical data, and text reading.

This broad overview leads into the detailed examination of each objective in the next
chapters, where the use of these methods and data sources will be explained with the
specific research papers and findings.
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Chapter 4
Vocal biomarkers for symptom detection and

monitoring

53



In this chapter, Objective 1 is addressed, focusing on symptom detection and monitoring
through the exploration of fatigue symptoms in COVID-19 patients. The results and
discussion presented here detail the findings from the related research paper[87],
highlighting the development and application of vocal biomarkers for this purpose.

Results

General Workflow
We followed a comprehensive workflow to derive a vocal biomarker for fatigue using data
from participants in Predi-COVID[2], as shown in Figure 14. Stratification by the operating
system was implemented to account for potential differences in audio quality and processing
between Android and iOS devices, which could introduce variability in the recordings and
impact the analysis. Additionally, we stratified by gender to address known gender-based
differences in vocal characteristics, ensuring that our findings were not biased by these
inherent variations. This stratification was essential to reduce heterogeneity and improve the
reliability and robustness of the vocal biomarker across diverse participant groups.

Figure 14. General pipeline for fatigue vocal biomarker development (from Elbéji A., et al.
Vocal biomarker predicts fatigue in people with COVID-19: results from the prospective

Predi-COVID cohort study.)

Audio recordings in 3gp (Android) and m4a (iOS) formats were converted to .wav, excluding
those shorter than 2 seconds. Two audio types were considered: text reading and /a/ vowel
phonation. Poor-quality recordings were excluded using DBSCAN-based clustering[88].
Peak normalization and trimming of silences were applied to the remaining high-quality
recordings. The /a/ vowel phonation and text reading recordings from the same participant
on the same day were then concatenated. Participants were categorized into 'fatigue' and
'no fatigue' groups based on self-reported assessments, with descriptive statistics used for
characterization.
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Voice features were extracted using the pre-trained VGG19, reduced to 250 PCA
components explaining 97% and 99% of the variance in the data for iOS and Android audio
sets, and evaluated with 10-fold cross-validation across four models (logistic regression,
k-nearest neighbors, support vector machine, and soft voting classifier). To ensure
methodological rigor and prevent potential data leakage, the cross-validation was stratified at
the patient level, ensuring that no recordings from the same individual appeared
simultaneously in both the training and validation sets. Metrics such as AUC, accuracy,
F1-score, precision, recall, and Brier score were used to assess performance. The best
model's predicted probability of fatigue served as the final vocal biomarker, intended as a
quantitative measure to monitor fatigue. Results are detailed in the subsequent sections.
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Study Population Characteristics
We analysed a total of 296 Predi-COVID participants who reported their fatigue status (“I feel
well” as “No Fatigue” and “I am fatigued”/“I don’t feel well” as “Fatigue”) on the same day as
the audio recordings during the 14 days of follow-up. This resulted in a total of 1772 audio
recordings collected with an average of 6 days of reporting fatigue status and providing
audio recordings. Their mean age was 40 years (SD=13), of which 165 (56%) were women.
No significant differences were observed in age, gender, body mass index, smoking status,
antibiotic usage, and asthma prevalence between users of Android and iOS devices
(p>0.05), indicating a balanced representation across the primary device platforms used for
data collection (Table 5).

All
m4a 3gp P-values

(m4a,
3gp)Female Male Female Male

Participants (N) Total 296 107 80 51 58 -

Age (years) mean (SD) 40.3 (12.6) 38.8 (13.4) 42.9 (12.7) 37.8 (11.6) 41.5 (11.3) 0.28

Body Mass Index
(kg/m²) mean (SD) 24.1 (4.7) 24.6 (5.5) 26.5 (4.1) 24.1 (3.8) 26.6 (4.17) 0.95

Antibiotic (%)
No 265 (90%) 93 (87%) 73 (91%) 44 (86%) 55 (95%)

0.87
Yes 31 (10%) 14 (13%) 7 (9%) 7 (14%) 3 (5%)

Asthma (%)
No 284 (96%) 104 (97%) 75 (94%) 47 (92%) 58 (100%)

0.82
Yes 12 (4%) 3 (3%) 5 (6%) 4 (8%) 0 (0%)

Smoking (%)

Never 199 (67%) 77 (72%) 51 (64%) 36 (71%) 35 (60%)

0.41
Former
smoker 53 (18%) 19 (18%) 20 (25%) 9 (18%) 13 (22%)

Current
smoker 44 (15%) 11 (10%) 9 (11%) 6 (11%) 10 (18%)

Audio recordings

Total 1772 584 499 345 344

<0.001No Fatigue 1222 (69%) 394 (67%) 370 (74%) 190 (55%) 268 (78%)

Fatigue 550 (31%) 190 (33%) 129 (26%) 155 (45%) 76 (22%)

Mean (SD) and
maximum of audio

recording per
participant in the
14-day follow-up

period

mean (SD) 6 (5) 6 (5) 6 (5) 6 (5) 6 (5)

-
max 16 14 16 15 14

Table 5. Characteristics of Predi-COVIDparticipants by device type and gender
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Model Performance and Vocal Biomarker Development
For Android users, the best model achieved a weighted Area Under the Curve (AUC) of 86%
for females and 82% for males, with a mean Brier Score of 0.15 and 0.12 respectively. For
iOS users, the performance of the best model showed an AUC of 79% for females and 85%
for males, with a mean Brier Score of 0.17 and 0.12 respectively (Table 6).

Audio format Gender Algorithm Accuracy Precision Recall F1-score Weighted
AUC

3gp (Android)

Female

LR 0.77 0.77 0.77 0.77 0.85

KNN 0.72 0.73 0.72 0.72 0.76

SVM 0.80 0.80 0.80 0.80 0.86

VC 0.78 0.78 0.78 0.78 0.86

Male

LR 0.78 0.79 0.78 0.79 0.81

KNN 0.83 0.83 0.83 0.79 0.84

SVM 0.84 0.83 0.84 0.83 0.82

VC 0.84 0.84 0.84 0.84 0.82

m4a (iOS)

Female

LR 0.72 0.72 0.72 0.72 0.75

KNN 0.68 0.65 0.68 0.65 0.67

SVM 0.79 0.79 0.79 0.79 0.79

VC 0.77 0.76 0.77 0.76 0.78

Male

LR 0.73 0.74 0.73 0.73 0.80

KNN 0.89 0.89 0.89 0.88 0.81

SVM 0.85 0.84 0.85 0.84 0.85

VC 0.89 0.89 0.89 0.88 0.85

Table 6. Results of the prediction models for Fatigue status classification

The vocal biomarker effectively differentiated between fatigued and non-fatigued COVID-19
participants, demonstrating the feasibility of using vocal analysis as a non-invasive tool to
monitor symptoms remotely. The performance of these models illustrates the potential of
integrating digital health technologies into clinical practice, particularly in the management of
pandemic-related conditions.

Discussion

Fatigue and voice

Prior research underscores the impact of fatigue on voice quality and speech dynamics.
Fatigue influences key vocal characteristics such as pitch, word duration[2,89], and the
timing of articulated sounds, which can significantly alter speech production[90]. Subtle
phonetic changes correlated with fatigue levels have been quantitatively analysed, revealing
potential diagnostic applications of vocal analysis for fatigue detection[89,90].
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Given the respiratory and vocal symptoms experienced by COVID-19 patients, the process
of voice production may be compromised. Dysphonia occurs in up to 49% of
patients[89–91], particularly those experiencing fatigue and respiratory distress. This
highlights the importance of vocal analysis in these cases[91]. The research indicates that
circadian rhythms[92] also affect speech dynamics, suggesting that vocal analysis could be
effectively used to monitor fatigue in real-time, especially in settings that demand high
vigilance[90].

Furthermore, Long COVID[90,93] exhibits many similarities with Chronic Fatigue Syndrome
(CFS)[94]. Studies reveal overlapping biological mechanisms between these conditions,
indicating that insights into one disorder can enhance understanding of the other[95]. CFS
alters vocal quality but also affects phonation and articulation linked to neuromuscular,
hormonal, and autonomic dysfunctions[96]. Using the Chalder Fatigue Scale, Voice
Handicap Index , Voice Rating Scale and acoustic analyses, a strong correlation between
vocal quality and fatigue severity has been shown, with gender-specific differences in how
fatigue affects vocal parameters. This body of work highlights the systemic nature of chronic
fatigue syndrome and its impact beyond conventional symptoms, affecting vocal
characteristics.

Implications of the study

Clinical Implication
This study underscores the potential utility of vocal biomarkers in identifying fatigue among
COVID-19 patients, providing a foundation for telemedicine applications aimed at enhancing
patient care. The ability to monitor fatigue remotely through voice analysis not only helps in
managing COVID-19 but also has implications for other chronic conditions where fatigue is a
predominant symptom.

Technical implication
The study also highlighted the importance of preventing data heterogeneity which is
considered contamination leading to challenges in building reliable and robust algorithms.
This contamination is caused by two factors: first, the significant differences in how men and
women experience and report fatigue[96,97], and second, the variability in microphone
quality between different smartphone platforms (iOS and Android) used by participants,
which have a direct impact on the quality of the recorded audios (Figure 15).

Figure 15. VGG19 extracted features by gender and operating system
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In addition to leveraging advanced and innovative technologies for algorithm development,
this approach involves converting audio recordings into mel-spectrograms, which are
two-dimensional representations of the audio signal's frequency content over time. While
mel-spectrograms are not traditionally considered images, they share structural similarities
with image data, which allows us to use image-based pre-trained models like VGG19 (Figure
16). The decision to use VGG19 stems from its robust performance in extracting complex
patterns in 2D data, despite being originally designed for image recognition. By applying
transfer learning from VGG19, we benefit from its capability to capture intricate features in a
manner that significantly reduces the need for large datasets, shortens training times, and
enhances model performance compared to training models from scratch. Although models
pre-trained specifically on spectrograms were also considered (e.g. VGGish[11]), VGG19
demonstrated superior performance in our case, possibly due to its ability to capture
high-level abstractions in 2D representations like mel-spectrograms. This decision
underscores the flexibility and power of transfer learning in cases where traditional
spectrogram-based models may not perform as well.

Figure 16. Feature extraction pipeline using VGG19 on mel-spectrograms

Limitations of the study
While the findings are promising, the limitations of the study must be acknowledged. The
algorithms were based on a rather limited dataset, primarily from one geographic location
(Luxembourg), which could affect the generalizability of the results. The use of binary fatigue
classification (fatigued vs. non-fatigued) could also fail to capture the full spectrum of fatigue
severity and multidimensionality.
Furthermore, although the data were stratified by gender and device type to limit biases, the
diversity in spoken languages could have influenced voice feature consistency and model
performance. The absence of a comparable dataset for external validation and the reliance
on qualitative self-reported measures of fatigue, along with the lack of individual time-series
voice analysis, could compromise the depth and accuracy of our results. These factors point
to crucial areas for improvement, emphasizing the need for more robust data collection and
analysis to enhance the reliability of vocal biomarker technology in future research.
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Advancing fatigue assessment: Fatigue Severity Scale

Moving forward, a key enhancement would be the transition from the subjective binary
(fatigued vs. non-fatigued) to a more nuanced scale such as the Fatigue Severity Scale
(FSS)[98]. The FSS includes sub-dimensions like physical fatigue, mental fatigue, and the
impact of fatigue on daily functioning. Such a scale would allow for a detailed, quantitative
evaluation of fatigue, capturing its complexity and variability across individuals. This
comprehensive assessment could also improve our understanding of how voice
characteristics correlate with different levels of fatigue severity, and voice may likely be more
sensitive to certain sub-dimensions, such as mental fatigue, than others. This is particularly
valuable in longitudinal settings, where tracking these subtleties is crucial for understanding
the progression of conditions associated with fatigue and for tailoring interventions that are
responsive to changes in a patient's condition over time. The FSS is available in the Colive
Voice study.

Extending the impact beyond COVID-19

Fatigue is a prevalent symptom in many chronic diseases[11,98,99], including multiple
sclerosis[100] and cancer[101], underscoring the broader relevance of this study beyond
COVID-19. The significant variability in how fatigue manifests across these conditions can
be disabling. Vocal biomarkers offer a potential universal tool for assessing fatigue across
various diseases, enhancing diagnostic accuracy, and facilitating more comprehensive
disease management. It is also crucial to validate this work in people with Long COVID,
where fatigue remains the most frequent persisting symptom[74–77].

Further research should focus on integrating these biomarkers into clinical workflows to
develop real-time monitoring tools that provide immediate feedback to healthcare providers
and patients[102]. Additionally, expanding the dataset to include a more diverse range of
populations and incorporating longitudinal data will enhance the robustness and applicability
of the predictive models, ensuring they are effective across different demographic and
disease contexts.

Conclusion
The development of a vocal biomarker for fatigue in COVID-19 patients represents a
significant step forward in the remote monitoring capabilities of health technology. This study
provides a basis for further exploration into the use of voice as a digital biomarker,
highlighting its potential to improve patient outcomes through non-invasive monitoring
techniques. Future enhancements in this field will likely focus on refining the performance of
fatigue vocal biomarkers and expanding their use to other diseases and conditions beyond
COVID-19.
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Chapter 5

Vocal Biomarkers for Disease Screening
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For Objective 2, this chapter focuses on screening by examining how vocal biomarkers can
be used to detect T2D. The following sections detail the results and discussion from the
related research paper, demonstrating the potential of voice analysis in early diabetes
screening.

Results

General workflow
Figure 17 shows the workflow to develop a voice-based T2D status classifier using data from
USA participants in the Colive Voice study. Stratification by gender was used to reduce
heterogeneity and address gender-based biases.

Figure 17. T2D status classification pipeline using voice data from Colive Voice USA
participants

The collected voice recordings of standardized text readings were pre-processed using a
dedicated pipeline (see section Data Processing). Following preprocessing and quality
checking, audio features were extracted and scaled to ensure consistent variance across all
features. Dimensionality reduction was applied using PCA for BYOL-S embeddings and
SelectKBest for OpenSMILE features due to their differing nature. BYOL-S embeddings,
being high-dimensional and non-explainable, PCA was applied to reduce dimensionality
while retaining most of the variance, ensuring that the model generalizes effectively without
overfitting on irrelevant noise or redundant information. In contrast, OpenSMILE features are
interpretable, handcrafted audio features (e.g., pitch, energy, and formants), so SelectKBest
was used to focus on the most relevant ones for the task, enhancing model performance and
generalization.

We trained several models using Scikit-learn, with hyperparameter-tuning performed via grid
search to optimize the selection of the number of PCA components and selected features in
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addition to algorithm hyperparameters. 5-fold stratified Cross-validation was used for model
selection and validation, ensuring the robustness of our approach.

The performance of the best-performing algorithm was stratified by key subgroups, including
demographics, comorbidities, lifestyle factors, and symptoms. To reinforce confidence in our
performance metrics and facilitate comparisons, we employed a bootstrapping technique.
Specifically, 1000 subsamples were generated for each combination of comorbidity and its
status, with sampling conducted with replacement from the original dataset. This process,
repeated for each comorbidity, enabled us to recalculate the metrics for each subsample,
ensuring robust performance estimates and accounting for variability in the presence or
severity of these conditions. Bootstrapping is crucial in this context as it provides more
reliable estimates by simulating the variability inherent in small or imbalanced datasets.

Additionally, Bland-Altman analysis was conducted to compare the agreement of the
voice-based T2D status classifier with the ADA risk score. Detailed results are presented in
subsequent sections.
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Study population characteristics
The analysis included 323 females and 284 males as shown in Table 7, with a predominantly
white demographic (76.5% of females and 71.8% of males with T2D). Significant differences
were observed between groups in age, BMI, and prevalence of hypertension, which were all
higher among participants with T2D (p<0.001 for all). The prevalence of diagnosed
depression was also higher in the T2D group compared to those without, particularly among
females (61.7% vs. 45.3%). We analysed standardized text voice recordings from these
participants.

Table 7. Demographic and clinical characteristics of participants with and without T2D,
stratified by gender

Algorithm performance
The MLP classifiers trained with BYOL-S/CvT embeddings showed the best performance for
both genders (Table 8). For predicting T2D in females, the classifier achieved a sensitivity of
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Female group Male group

T2D status Without T2D With T2D P-value Without T2D With T2D P-value

Participants (N) 161 162 - 142 142 -

Age (year) 40.0 (13.5) 49.5 (12.1) <0.001 41.6 (14.0) 47.6 (13.4) <0.001

Body Mass Index (kg/m²) 28.0 (7.3) 35.8 (8.9) <0.001 26.6 (5.5) 32.8 (8.5) <0.001

Ethnicity: White 118 (73.3%) 124 (76.5%)

0.28

110 (77.5%) 102 (71.8%)

0.59Ethnicity: Black 20 (12.4%) 21 (13.0%) 10 (7.0%) 12 (8.5%)

Ethnicity: Other 23 (14.3%) 17 (10.5%) 22 (15.5%) 28 (19.7%)

Fatigue Severity Scale 32.3 (13.4) 40.3 (12.3) <0.001 31.3 (12.8) 40.3 (12.3) <0.001

Perceived stress (% yes) 38 (23.6%) 49 (30.3%) 0.48 29 (20.4%) 38 (26.7%) 0.16

Smoking (% yes) 28 (17.4%) 19 (11.7%) 0.22 32 (22.5%) 34 (23.9%) 0.24

Migraine (% yes) 33 (20.5%) 43 (26.5%) 0.25 16 (11.3%) 19 (13.4%) 0.72

Thyroid disease (% yes) 0 (0%) 37 (22.8%) <0.001 0 (0%) 10 (0.7%) <0.01

Hypertension (% yes) 18 (11.2%) 81 (50.0%) <0.001 18 (12.7%) 83 (58.5%) <0.001

Diagnosed depression (% yes) 73 (45.3%) 100 (61.7%) <0.01 45 (31.7%) 69 (48.6%) <0.01

HbA1c (%) - 7.14 (1.8) - - 7.20 (1.7) -

Diabetes treatment (% yes) - 126 (77.8%) - - 114 (80.3%) -

Diabetes duration (year) - 8.9 (7.3) - - 9.1 (7.6) -



0.67±0.11, a specificity of 0.66±0.04, an AUC of 0.71±0.07, and a Brier score of 0.31. In
males, the performance metrics included a sensitivity of 0.73±0.03, a specificity of
0.70±0.02, an AUC of 0.75±0.05, and a Brier score of 0.22. The predicted probability of
having T2D was subsequently used for sensitivity analysis with the ADA risk score.

Table 8. Results of the prediction models for T2D status classification

Performance stratification based on cofactors
To study the influence of important clinical factors on the performance of the predictive
algorithms of T2D status classification, a performance analysis was conducted. This analysis
was segmented by demographics (age and BMI), comorbidities (migraine and hypertension),
and lifestyle factors and symptoms (smoking, depressive symptoms, stress, and fatigue). For
this, we conducted a bootstrapping technique to enhance the reliability of the performance
metrics, and to facilitate robust comparisons across different subgroups.
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Features

Dimensionality

reduction Classifier Accuracy Specificity Sensitivity AUC

Female

group

OpenSMILE

ComParE

2016 (6373)

200 selected

features

LR 0.60 (0.03) 0.60 (0.03) 0.62 (0.07) 0.62 (0.02)

MLP Classifier 0.63 (0.02) 0.61 (0.02) 0.74 (0.02) 0.66 (0.02)

SVM RBF 0.57 (0.02) 0.57 (0.02) 0.63 (0.03) 0.61 (0.01)

Byol-S

embeddings

(2048)

PCA,

n_components=

n_samples

LR 0.67 (0.04) 0.68 (0.04) 0.65 (0.11) 0.70 (0.06)

MLP Classifier 0.67 (0.04) 0.66 (0.04) 0.67 (0.11) 0.71 (0.07)

SVM RBF 0.66 (0.04) 0.65 (0.07) 0.67 (0.11) 0.71 (0.05)

Male

group

OpenSMILE

ComParE

2016 (6373)

100 selected

features

LR 0.56 (0.02) 0.55 (0.01) 0.58 (0.05) 0.61 (0.05)

MLP Classifier 0.61 (0.05) 0.61 (0.06) 0.63 (0.06) 0.64 (0.05)

SVM RBF 0.57 (0.05) 0.57 (0.06) 0.54 (0.05) 0.57 (0.05)

Byol-S

embeddings

(2048)

PCA,

n_components=

100

LR 0.69 (0.04) 0.66 (0.07) 0.72 (0.03) 0.73 (0.06)

MLP Classifier 0.71 (0.02) 0.70 (0.02) 0.73 (0.03) 0.75 (0.05)

SVM RBF 0.70 (0.04) 0.64 (0.05) 0.76 (0.03) 0.78 (0.05)



As shown in Table 9 regarding demographics, we observed differences based on age.
Females aged 60 and above demonstrated superior performance metrics with a specificity of
0.74±0.12, sensitivity of 0.74±0.07, and AUC of 0.74±0.07. In contrast, younger females
(below 60) showed lower scores in specificity and sensitivity (0.65±0.04), and AUC
(0.65±0.03), suggesting that age is a critical factor in the algorithm’s performance.

Table 9. Performance stratification of voice-based T2D status detection algorithms

In terms of comorbidities, hypertension was identified as a significant enhancer of algorithm
performance across both genders. The presence of hypertension improved sensitivity to
0.75±0.05 for females and 0.76±0.05 for males, indicating an increased efficiency of the
algorithm in detecting T2D among individuals with hypertension.

The analysis also highlighted the significant influence of the presence of severe depressive
symptoms, particularly in females, enhancing both specificity (0.75±0.05) and sensitivity
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Females Males

Specificity Sensitivity AUC Specificity Sensitivity AUC

Demographics

Age
<60 y 0.65 (0.04) 0.65 (0.04) 0.65 (0.03) 0.70 (0.04) 0.74 (0.04) 0.72 (0.03)

≥ 60y 0.74 (0.12) 0.74 (0.07) 0.74 (0.07) 0.70 (0.11) 0.70 (0.10) 0.70 (0.07)

Body Mass

Index

<25 kg/m² 0.68 (0.06) 0.58 (0.12) 0.63 (0.07) 0.70 (0.06) 0.78 (0.09) 0.74 (0.05)

≥ 25 kg/m² 0.65 (0.05) 0.68 (0.04) 0.67 (0.03) 0.69 (0.05) 0.72 (0.04) 0.71 (0.03)

Comorbidities

Hypertension
Present 0.76 (0.11) 0.75 (0.05) 0.75 (0.06) 0.72 (0.11) 0.76 (0.05) 0.74 (0.06)

Absent 0.65 (0.04) 0.61 (0.05) 0.63 (0.03) 0.69 (0.04) 0.70 (0.05) 0.70 (0.03)

Migraine
Present 0.86 (0.07) 0.75 (0.07) 0.80 (0.05) 0.67 (0.12) 0.71 (0.11) 0.69 (0.09)

Absent 0.62 (0.04) 0.65 (0.04) 0.65 (0.04) 0.70 (0.04) 0.74 (0.04) 0.72 (0.03)

Lifestyle

factors and

symptoms

Smoking
Present 0.60 (0.09) 0.53 (0.12) 0.57 (0.07) 0.74 (0.09) 0.76 (0.07) 0.75 (0.06)

Absent 0.67 (0.04) 0.69 (0.04) 0.68 (0.03) 0.69 (0.04) 0.72 (0.04) 0.71 (0.03)

Depressive

symptoms

Severe 0.75 (0.05) 0.71 (0.05) 0.73 (0.03) 0.71 (0.07) 0.71 (0.06) 0.71 (0.04)

Mild 0.58 (0.05) 0.61 (0.06) 0.60 (0.04) 0.69 (0.05) 0.75 (0.05) 0.72 (0.03)

Stress
Present 0.76 (0.07) 0.62 (0.07) 0.69 (0.05) 0.69 (0.09) 0.77 (0.07) 0.72 (0.06)

Absent 0.63 (0.04) 0.70 (0.04) 0.66 (0.03) 0.70 (0.04) 0.72 (0.04) 0.71 (0.03)

Fatigue
Severe 0.68 (0.06) 0.68 (0.05) 0.68 (0.04) 0.71 (0.06) 0.73 (0.05) 0.72 (0.04)

Mild 0.65 (0.05) 0.66 (0.06) 0.65 (0.04) 0.69 (0.05) 0.73 (0.06) 0.71 (0.04)



(0.71±0.05). This suggests that depressive symptoms may modify some voice features that
contribute to better discrimination between people with T2D and those without T2D,
especially in women.

Conversely, smoking exhibited divergent effects on sensitivity between genders, with an
increase in males (0.76±0.07) and a decrease in females (0.53±0.12). This gender-specific
response underscores the need for tailored approaches in the algorithm’s application.

These findings emphasize the importance of incorporating these variables into the
development and ongoing refinement of screening tools. By doing so, we can ensure more
accurate and gender-specific healthcare strategies for the management and diagnosis of
T2D, making these tools not only more effective but also more personalized.

Discussion

Voice Alterations and Underlying Mechanisms in T2D
Exploring the interface between T2D and voice quality, significant research has highlighted
that T2D can induce vocal changes through complications like neuropathy[103] or poor
glycemic control[104] (Figure 18). Early findings indicated that individuals with T2D often
experience phonatory symptoms such as vocal straining[105,106] and hoarseness[105,107],
particularly those with poor glycemic control and neuropathy. These patients often have
reduced maximum phonation times, indicating neuromuscular and respiratory
alterations[105][106].

Figure 18. T2D physiological changes that affect the production of speech (from Saghiri, M.,
et al. Scoping review of the relationship between diabetes and voice quality. Diabetes

Research and Clinical Practice, 2023).
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Additionally, a recent study showed promising results in using voice analysis to predict T2D
status, with reported accuracies of 89% for women and 86% for men[106,108]. However, a
closer examination of the results reveals significant limitations. The voice-only models
demonstrated much lower sensitivity (0.58 for women and 0.52 for men), highlighting the
limited ability of voice features alone to identify T2D contrary to their claim. Additionally, the
study's performance improvements largely relied on incorporating demographic features
such as age and BMI, raising concerns about the true contribution of voice features. The
study also had a small sample size (n=267), an imbalanced dataset skewed towards
participants without T2D (72% of the study population), and collected numerous voice
samples from each individual (total of 18,465 recordings), potentially inflating performance
metrics and increasing the risk of overfitting.

Implications of the study
Feasibility of Predicting T2D Status Using Vocal Biomarkers
Our study underscores the feasibility of employing vocal biomarkers as an innovative
approach for detecting T2D status, contributing significantly to the evolving field of digital
health diagnostics. By harnessing sophisticated voice-based algorithms, we demonstrated
that a rapid, non-invasive voice recording could effectively predict T2D status, providing a
potential user-friendly first-line T2D screening method.

Technical implication: Benchmarking Voice Features
In a novel technical exploration, we compared traditional voice features extracted using the
OpenSMILE toolkit (ComParE2016) against advanced hybrid BYOL-S/CvT voice
embeddings. This comparison revealed that while traditional acoustic features provide
valuable insights, the hybrid embeddings offer superior performance in capturing subtle
voice variations influenced by T2D.

Highlighting T2D complexity: Influence of Cofactors on the Voice-Based T2D Status
Classifier
Given the "black box" nature of embeddings and pre-trained algorithms, we focused on
analyzing clinical data to identify key risk factors and symptoms of T2D that affect voice. This
stratification allowed us to capture the complexity of T2D and its interaction with various
demographic and physiological factors. The study highlighted how age and comorbidities like
hypertension influence the predictive performance of voice AI tools, underscoring the need
for a multifaceted approach in developing AI screening tools to enhance specificity,
sensitivity, and personalized healthcare.

Sensitivity Analysis of the Voice-Based Classifiers to ADA Risk Score
A critical component of our study was the sensitivity analysis which confirmed a strong
agreement of up to 96% between the predictions made by our voice-based algorithms and
the ADA risk score. This analysis not only validates the effectiveness of our model but also
reinforces the potential of voice-based tools to serve as reliable adjuncts to established
at-risk T2D screening methodologies, enhancing early detection and preventive strategies in
diabetes care.
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Limitations of the study
Limited Sample Size and Diversity with a Focus on Early-Stage T2D Detection
While our study used the largest dataset available for voice-based T2D detection, it is
primarily limited by its sample size and the homogeneity of its participants which are mainly
English-speaking individuals from the USA self-reporting their T2D status. Furthermore, the
variability in T2D duration among our subjects poses significant challenges, particularly
affecting the reliability of early-stage diabetes detection. Early detection is crucial as it allows
for timely intervention, potentially preventing the progression of the disease and its
associated complications. Therefore, targeting individuals with early-stage T2D or
prediabetes is vital for enhancing the effectiveness and accuracy of voice-based screening
tools.

Expanding the dataset to include a more diverse array of participants from various linguistic
and cultural backgrounds is essential. Additionally, focusing on including subjects at the
onset of diabetes or prediabetes will provide critical insights into the subtle changes in voice
patterns that occur early in the disease's progression. Another future direction is to rely on
more objective measurements such as glycemic control or variability parameters, as well as
clinical diagnosis of T2D. This strategic emphasis will not only improve the model's
diagnostic precision across different populations but also ensure that the tool is robust and
universally applicable, thereby making it a reliable component in global diabetes screening
and prevention strategies.

Missing T2D Family History and Physical Activity Data for ADA Score Calculation
The Colive Voice study did not collect data on T2D family history and physical activity, which
limits our ability to benchmark against the ADA diabetes risk score fully. However, since the
ADA score is primarily influenced by age and BMI (both of which are accurately available in
our study) the impact of this limitation is somewhat mitigated. Age and BMI contribute
significantly to the total score, accounting for up to 45% (5 out of 11 points). In contrast, the
combined influence of physical activity and family history is less substantial, contributing less
than 20% of the total score. Therefore, the accurate data for age and BMI ensures that the
majority of the score’s variability is captured. Future work will aim to collect comprehensive
data, including physical activity and family history, to further enhance the accuracy of our
assessments.

Integration into Voice-Based Screening
The complex interplay of diabetes-related physiological changes and voice quality highlights
the potential of voice-based algorithms as non-invasive tools for T2D screening. By
leveraging digital health technologies, voice analysis offers a scalable, cost-effective
approach that enhances early detection and management, especially in
resource-constrained settings. By improving engagement and accessibility, voice-based
screening can reach a broader population, potentially detecting more cases and making
diabetes care more inclusive and effective.
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Conclusion
This study provides promising insights into the use of voice-based algorithms for T2D
screening, emphasizing the need for further research and validation to refine these tools for
broader clinical and public health applications. The integration of detailed demographic and
health-related parameters will be crucial in enhancing the accuracy and effectiveness of
these innovative screening methods, potentially transforming the approach to diabetes care
globally.
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Chapter 6

Vocal Biomarkers for Health Status Monitoring
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In this chapter, Objective 3 is explored, focusing on health status monitoring by assessing
RQoL in the general population, including participants with various respiratory diseases. The
chapter presents the results and discussions from the associated research[109], highlighting
the use of vocal biomarkers in monitoring and improving respiratory health.

Results

General workflow
We followed a comprehensive workflow to develop a vocal biomarker for predicting RQoL
using data from the Colive Voice study (Figure 19). Participants provided sustained vowel
phonation and reading recordings, which were preprocessed to remove noise, convert to
mono, trim silences, remove DC offset, and normalize peaks. Socio-demographic data (BMI
and smoking habits) and clinical data (night coughing, chest pain, sore throat, and
associated diseases such as asthma and COPD) were encoded using one-hot encoding.

Figure 19. Workflow of RQoL monitoring using early (feature-based) and late (model-based)
fusion. (from Despotovic, V., Elbéji, A., et al. Digital voice-based biomarker for monitoring the

respiratory quality of life: Findings from the colive voice study.)

Participants were stratified into impaired and normal RQoL groups based on the VQ11
questionnaire scores. To ensure comparability, recordings from the normal RQoL group were
matched by age and gender with the impaired RQoL group, creating a balanced subset.
Audio features were extracted using a combination of handcrafted features, standard feature
sets (eGeMAPS and ComParE), and deep learning-based embeddings (VGGish, YAMNet,
OpenL3, and BYOL-A). Dimensionality reduction techniques, such as PCA, were applied to
the audio embeddings to reduce their dimensionality and ensure robust generalization. The
first 23 principal components were retained to explain most of the variance in the data.

Several machine learning models, including Logistic Regression (LR), Support Vector
Machines (SVM), Random Forest (RF), Extreme Gradient Boosting (XGBoost), and
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Multilayer Perceptron (MLP), were trained using the extracted features. The
hyperparameters of the models were tuned via grid search to optimize hyperparameters and
the number of PCA components. The performance of these models was evaluated using
metrics such as accuracy, sensitivity, specificity, area under the receiver operating
characteristic curve (AUROC), and Brier score. Stratified 5-fold cross-validation was used to
ensure reliable and robust performance estimates.

Both audio and socio-demographic features were integrated into the models. Given the
larger size of the audio feature vectors compared to the socio-demographic features, PCA
was applied to audio embeddings to equalize the dimensions of the features before fusion.
The final model's performance was assessed, and its ability to predict RQoL based on voice
recordings and socio-demographic data was validated. The detailed results and implications
of the study are discussed in subsequent sections.
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Study population characteristics
The analysis included a total of 1908 participants (Table 9), equally divided into two groups
(954 participants in each group) based on their RQoL as measured by the VQ11
questionnaire: normal RQoL (VQ11 < 22) and impaired RQoL (VQ11 ≥ 22). The mean VQ11
score was significantly different between the groups, with the normal RQoL group averaging
a score of 15±3 and the impaired RQoL group averaging 28.3±6.1 (p < 0.0001). As the
groups were matched by age and gender, no significant differences were observed in these
variables.

Total
Normal Respiratory

Quality of life
(VQ11<22)

Impaired Respiratory
Quality of Life
(VQ11≥22)

p value

Participants 1908 954 (50%) 954 (50%) NA

Mean VQ11 score 21.6 (8.2) 15 (3) 28.3 (6.1) <0.0001

Gender

F M O F M O F M O

1
1280

(67.1%)
608

(31.9%)
20

(1%)
640

(67.1%)
304

(31.9%)
10

(1%)
640

(67.1%)
304

(31.9%)
10

(1%)

Age 42.4 (14.2) 42.4 (14.1) 42.5 (14.2) 0.948

BMI [kg/m2]

Underweight 66 (3.5%) 35 (3.7%) 31 (3.2%)

<0.0001
Normal weight 792 (41.5%) 490 (51.3%) 302 (31.7%)

Overweight 466 (24.4%) 224 (23.5%) 242 (25.4%)

Obesity 601 (30.6%) 205 (21.5%) 379 (39.7%)

Smoking
status

Not at all 1533 (80.4%) 806 (84.5%) 727 (76.2%)

<0.0001Less than daily 98 (5.1%) 50 (5.2%) 48 (5%)

Daily 277 (14.5%) 98 (10.3%) 179 (18.8%)

Day
coughing

No 1181 (61.9%) 704 (73.8%) 477 (50%)

<0.0001Transient 597 (31.3%) 235 (24.6%) 362 (38%)

Frequent 130 (6.8%) 15 (1.6%) 115 (12%)

Night
coughing

No 1414 (74.1%) 802 (84%) 612 (64.2%)

<0.0001Transient 396 (20.8%) 137 (14.4%) 259 (27.1%)

Frequent 98 (5.1%) 15 (1.6%) 83 (8.7%)

Chest pain Yes 191 (10%) 43 (4.5%) 148 (15.5%) <0.0001

Sore throat Yes 190 (10%) 71 (7.4%) 119 (12.5%) 0.0002

Asthma Yes 306 (16%) 118 (12.4%) 188 (19.7%) <0.0001

COPD Yes 73 (3.8%) 18 (1.9%) 55 (5.8%) <0.0001

Table 10. Demographic and clinical data of participants with normal and impaired RQoL.

Algorithm performance based on socio-demographic/clinical data

We first evaluated the relevance of socio-demographic and clinical data in predicting RQoL.
Using only these data, including BMI, smoking habits, day and night coughing, chest pain,
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sore throat, asthma, and COPD, we created a baseline model with 23 features. The best
performance was achieved using an LR classifier, yielding an AUROC of 0.70 and an
accuracy of 64.1% (Table 11). Feature importance analysis with an RF model identified BMI
and coughing symptoms as the most significant predictors.

ML model Accuracy [%] Sensitivity [%] Specificity [%] AUC Brier score
LR 64.1 (1.71) 59.64 (3.98) 68.55 (4.86) 0.70 (0.03) 0.22 (0.01)
SVM 62.79 (2.11) 54.4 (6.48) 71.17 (4.74) 0.67 (0.03) 0.23 (0.01)
RF 61.43 (2.02) 53.25 (4.8) 69.59 (5.57) 0.66 (0.03) 0.24 (0.01)
XGBoost 62.26 (2.41) 53.25 (4.7) 71.27 (5.44) 0.66 (0.03) 0.24 (0.01)
MLP 63.84 (2.17) 56.39 (3.94) 71.27 (4.37) 0.70 (0.03) 0.22 (0.01)

Table 11. Results of the prediction models for RQoL status classification based on
socio-demographic/clinical data

Algorithm performance based on voice recordings

We furthermore investigated the potential of using voice recordings as digital biomarkers for
RQoL. Various sets of audio features were extracted, including handcrafted features,
eGeMAPS, ComParE, and deep audio embeddings (VGGish, YAMNet, OpenL3, BYOL-A).
PCA was applied to reduce feature dimensionality. The BYOL-A deep audio embeddings
provided the best performance, with an AUROC of 0.70 and an accuracy of 65.57%,
outperforming other feature extraction methods by over 2%.

Spectrograms of sustained vowel phonation from participants with normal and impaired
RQoL highlighted significant differences (Figure 20). Participants with impaired RQoL
exhibited interrupted phonation with voice breaks and increased energy in higher frequency
bands, indicating aperiodic noise and glottal constriction.

a) b)

Figure 20. Spectrograms of sustained vowel phonation of participants matched by age and
gender (male, age 67), with a) normal RQoL (VQ11 score: 21); and b) impaired RQoL (VQ11
score: 46) (from Despotovic, V., Elbéji, A., et al. Digital voice-based biomarker for monitoring

the respiratory quality of life: Findings from the colive voice study.)
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Algorithm performance based on fused socio-demographic/clinical data
and voice recordings

Combining socio-demographic/clinical data with voice features significantly improved the
predictive performance. Using early fusion (feature-based fusion), the best performance was
achieved with the combination of BYOL-A audio embeddings and socio-demographic/clinical
features, yielding an accuracy of 70.34% and an AUROC of 0.77. This multimodal model
also achieved the lowest average Brier score of 0.19, indicating good calibration.

As shown in Figure 21, Specificity was generally higher than sensitivity, meaning the models
were better at predicting normal RQoL than impaired RQoL. The confusion matrix for the
best-performing model showed a higher number of false negatives compared to false
positives. The ROC curve for this model demonstrated its superior performance.

Figure 21. Performance of the best model: (a) Confusion matrix; (b) Probability calibration
curve; and (c) ROC curve. (from Despotovic, V., Elbéji, A., et al. Digital voice-based

biomarker for monitoring the respiratory quality of life: Findings from the colive voice study.)

The Net Reclassification Improvement (NRI) measure confirmed that adding vocal
biomarkers to socio-demographic/clinical data improved predictive capability. The largest
NRI improvement of 0.19 was observed for eGeMAPS features modeled with an SVM.

Overall, the integration of voice features with socio-demographic and clinical data enhances
the prediction of RQoL, showcasing the potential of multimodal data fusion in improving
health outcomes (Figure 22).
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Figure 22. Accuracy with the best-performing machine learning model for
socio-demographic/clinical features only, voice features only and fused clinical and voice

(multimodal) features. (from Despotovic, V., Elbéji, A., et al. Digital voice-based biomarker for
monitoring the respiratory quality of life: Findings from the colive voice study.)

In addition to early fusion techniques, we also explored a more advanced multimodal fusion
approach using vector cross-attention, which integrates voice tasks from sustained vowel
phonation and reading recordings. This method allowed for better modeling of inter-task
relationships, improving prediction accuracy. The vector cross-attention model outperformed
early fusion approaches, providing a relative improvement of up to 4.2% in accuracy and
yielding more robust vocal biomarkers for RQoL prediction (Table 12).

Table 12. Performance metrics of audio modalities and fusion techniques in RQoL
prediction. (from Despotovic, V., Elbéji, A., et al. Digital voice-based biomarker for monitoring

the respiratory quality of life: Findings from the colive voice study.)
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Discussion

Voice Alterations and Underlying Mechanisms in RQoL
The production of voice is directly influenced by the respiratory system. Airflow originates
from the lungs and travels through the respiratory tract, passing through the larynx where it
causes the vocal folds to vibrate. The sound is then shaped as it moves through the oral and
nasal cavities. Respiratory diseases can disrupt this process, leading to noticeable changes
in voice. Research has demonstrated that in conditions like COPD[110], inspiratory vocal
fold closure, which contributes to refractory breathlessness, is a frequent occurrence. Altered
breathing patterns and voice changes are closely linked to diminished lung function in COPD
patients[111], likely due to respiratory and muscle impairment[112]. Acoustic features of
speech have been shown to differ significantly between periods of COPD exacerbation and
stability[113] and can even signal exacerbations up to seven days before symptoms
emerge[114], making them a potential early warning tool for COPD.

Similarly, decreased voice-related quality of life, persistent coughing, and laryngeal
dysfunction affect up to 88% of patients with severe asthma[115]. Abnormal vocal fold
movements, driven by muscle tension in the vocal folds and larynx, further complicate this
condition[115]. Vocal signatures derived from voice recordings have shown promise in
detecting asthma worsening, offering a non-invasive alternative to traditional lung function
measures[116].

Implications of the Study

Feasibility of Using Vocal Biomarkers for RQoL Prediction

This study underscores the feasibility of employing Vocal Biomarkers to monitor RQoL in the
general population. Voice recordings offer a non-invasive, easy-to-use method for data
collection, facilitating remote patient monitoring without the need for clinical visits. Our
results showed that vocal biomarkers outperformed socio-demographic and clinical
predictors by approximately 1.5% in accuracy, confirming their potential as a surrogate for
traditional clinical measures.

Highlighting the Complementarity of Multimodal Features

The integration of voice features with socio-demographic and clinical data revealed that
these modalities provide complementary insights, leading to improved performance. Using
early fusion, we achieved a substantial performance boost, with the combined model
reaching an accuracy of 70.34% and an AUROC of 0.77. This improvement underscores the
value of multimodal data fusion in providing a more robust and comprehensive assessment
of RQoL.

Benchmarking Voice Features

Among the various audio features tested, the BYOL-A deep audio embeddings provided the
best performance. These general-purpose audio representations, extracted from a
self-supervised model trained on extensive audio data, outperformed other features.
However, the limited interpretability of deep audio embeddings poses a challenge for clinical
applications. Therefore, a trade-off between performance and interpretability must be
considered when selecting audio features.
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Sensitivity and Calibration of the Multimodal Model

To evaluate not only the accuracy of class label predictions but also the associated
probabilities, we used the Brier score. The well-calibrated model, indicated by a solid
average Brier score and a nearly linear calibration curve, ensures that the predicted
probabilities align closely with the actual outcomes.

Additionally, a more advanced multimodal fusion technique using vector cross-attention was
introduced, based on our recent work published at Interspeech 2024. This approach
integrates two voice tasks, sustained vowel phonation, and reading, allowing the model to
focus on key features across these different modalities. By capturing inter-task relationships,
this approach improved the accuracy of RQoL predictions by up to 4.2% compared to
single-task models. The cross-attention mechanism, which enables the model to selectively
learn from different modalities, demonstrates the potential of using multiple voice tasks to
develop more robust and comprehensive vocal biomarkers.

The integration of such advanced fusion techniques can significantly enhance the precision
of health status monitoring systems, moving beyond single-modality limitations. Future
research should continue exploring these multimodal approaches, as they offer valuable
insights into complex health conditions like respiratory diseases. The vector cross-attention
model also highlights the growing importance of combining both technical innovation and
clinical relevance in developing scalable, accurate, and non-invasive voice biomarkers.

Limitations of the Study

A major strength of this study is the real-world data collection via a mobile app,
demonstrating the feasibility of using digital voice-based biomarkers for remote monitoring of
RQoL. This approach supports personalized and timely treatment without relying on costly,
invasive, or cumbersome equipment.

However, crowdsourced data collection poses challenges, including the risk of low-quality
responses and varying audio recording conditions. We mitigated these risks by using a
validated questionnaire and a proprietary data processing pipeline to harmonize recordings.
Nonetheless, the possibility of some low-quality data cannot be entirely excluded.

The integration of voice AI into healthcare for RQoL monitoring offers significant potential. By
leveraging advancements in digital health technologies, voice analysis could enhance the
early detection and ongoing management of respiratory conditions. This scalable and
cost-effective solution is particularly valuable in resource-constrained settings, supporting
remote monitoring and personalized care.

Conclusion

In this study, we developed a digital voice-based biomarker for monitoring RQoL in the
general population. Our results confirm that vocal biomarkers can serve as viable surrogates
for standard clinical measures from questionnaires, with the highest potential realized in a
multimodal setup. The best performance was achieved with a model combining BYOL-A
deep audio embeddings and socio-demographic/clinical data, reaching an accuracy of over
70.8% and an AUROC of 0.77. This represents a performance boost of over 5% compared
to using voice features alone.

Additionally, we explored an advanced multimodal fusion technique using vector
cross-attention, which integrates multiple voice tasks, such as sustained vowel phonation
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and reading—by capturing inter-task relationships. This approach further improved the
accuracy of RQoL predictions by up to 4.2%, showcasing the power of combining diverse
vocal modalities to develop more robust and comprehensive vocal biomarkers.

The proposed approach facilitates rapid screening and represents a step towards scalable,
non-invasive, and low-cost solutions for remote monitoring of respiratory health status.
Future research should focus on further validating these findings across diverse populations
and exploring additional multimodal integrations, such as cross-attention mechanisms, to
enhance predictive accuracy and clinical applicability.
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Chapter 7
Conclusion and Perspectives
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General Findings

Vocal Biomarkers for Symptom Monitoring: Fatigue in People with
COVID-19
The first objective of this thesis explores the application of voice analysis for symptom
monitoring and detection, focusing specifically on fatigue in individuals with COVID-19.
Fatigue is one of the most commonly reported symptoms across various chronic diseases.
Effective monitoring and detection of this symptom can significantly enhance the quality of
life for those affected.

With a use case among people with COVID-19, vocal biomarkers demonstrated a high level
of accuracy in differentiating between fatigued and non-fatigued participants. The use of
voice analysis as a non-invasive tool was proven feasible, with models achieving weighted
AUC values of up to 86%. This suggests that vocal biomarkers could be integrated into
digital devices, such as smartphones, providing a practical method for real-time, remote
symptom monitoring. This integration holds the potential to revolutionize telemedicine
applications, especially for managing pandemic-related conditions.

Vocal Biomarkers for Screening: T2D
T2D is a growing global health concern, often referred to as a silent epidemic. The
prevalence of T2D is projected to increase significantly, with billions of cases expected by
2045. 50% of individuals with T2D remain undiagnosed due to the reliance on invasive,
costly, and logistically challenging blood glucose tests. This underscores the urgent need for
accessible, non-invasive screening tools.

This thesis investigates the feasibility of using voice analysis to detect T2D status,
leveraging data from the Colive Voice study, which included participants from the USA. The
study demonstrates that voice, a rich and ecological non-invasive tool, could effectively
classify individuals with and without T2D. Performance stratification of the classifiers
revealed key subgroups where the predictive models performed optimally.

T2D is a multifaceted disease influenced by various risk factors, comorbidities, lifestyle
factors, and symptoms, all of which contribute to unique voice characteristics in affected
individuals. The study’s findings highlight the potential of voice-based AI tools to serve as a
first-line, non-invasive screening method. This could be particularly beneficial in
resource-limited environments, offering a scalable and cost-effective solution for early
detection and preventive healthcare strategies.

Vocal Biomarkers for Perceived Health Status: RQoL
The third objective of this thesis focuses on assessing perceived health status through the
monitoring of RQoL using vocal biomarkers. RQoL is a crucial measure of well-being in
individuals with chronic respiratory conditions like COPD and asthma, where early detection
of health deterioration can lead to timely interventions and improved outcomes.
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Using data from the Colive Voice study, which collected multilingual audio recordings and
socio-demographic data, this research demonstrates the potential of vocal biomarkers to
predict RQoL in a diverse population. Various audio features, including handcrafted features
and deep learning-based embeddings, were analyzed to develop predictive models for
RQoL. The study found that the integration of voice features with socio-demographic and
clinical data significantly enhanced predictive performance, achieving an accuracy of 70.34%
and an AUROC of 0.77.

Furthermore, advanced multimodal fusion techniques were applied, particularly the use of
vector cross-attention to combine different voice tasks, such as sustained vowel phonation
and reading. This approach allowed the model to capture relationships between different
vocal modalities, improving the accuracy of RQoL predictions by up to 4.2% compared to
single-task models. The cross-attention mechanism demonstrated the value of leveraging
multiple voice tasks to develop more robust and comprehensive vocal biomarkers.

The findings highlight the feasibility of using voice analysis as a non-invasive tool for
monitoring RQoL. Vocal biomarkers, when combined with other clinical data, provide a
comprehensive and practical approach for continuous, remote monitoring. This approach is
particularly valuable for resource-constrained settings, where it offers a scalable,
cost-effective solution for respiratory health management. The potential to integrate such
models into digital health applications can facilitate rapid screening and personalized care,
supporting better management of chronic respiratory diseases.

A common thread across the three objectives of this thesis is the transformative potential of
vocal biomarkers as non-invasive, scalable tools for healthcare. Whether applied to
symptom monitoring in COVID-19 patients, screening for T2D, or assessing RQoL, the
integration of voice analysis into clinical practice holds the promise of improving early
detection, continuous monitoring, and personalized care. Each use case highlights the
power of voice as a rich source of information, capable of capturing physiological and
pathological changes across a range of health conditions. While these applications focus on
different diseases and symptoms, they collectively emphasize the potential of vocal
biomarkers to revolutionize telemedicine and healthcare, particularly in resource-limited
settings where traditional methods may be impractical. Moreover, the findings from all three
objectives demonstrate the importance of combining voice data with other health indicators
to enhance predictive accuracy and ensure a more comprehensive understanding of an
individual’s health status. Together, these contributions lay the groundwork for future
advancements in digital health, where vocal biomarkers could be integrated into a wide
range of telemedicine and healthcare applications.
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Perspectives

Research Perspectives
As vocal biomarkers evolve into a promising tool for symptom monitoring, disease screening,
and health status assessment, several research perspectives emerge that can drive future
advancements across all applications covered in this thesis:

Nuanced Symptom Evaluation and Longitudinal Studies
Across fatigue monitoring, T2D screening, and RQoL assessment, moving beyond binary
classifications is essential. In fatigue monitoring, adopting more detailed scales such as the
Fatigue Severity Scale (FSS) could provide richer insights into how varying levels of fatigue
impact vocal characteristics. Similarly, early-stage detection of T2D would benefit from
identifying subtle vocal changes that appear before more pronounced symptoms develop.
Longitudinal studies are crucial for understanding the progression of these symptoms or
conditions, providing real-time insights that can guide personalized interventions and
improve treatment outcomes.

Enhancing Generalizability Through Diverse Populations
Expanding datasets to include participants from diverse geographic, linguistic, and cultural
backgrounds is key to ensuring the generalizability of vocal biomarkers. Fatigue, T2D, and
RQoL are influenced by various demographic and cultural factors, and validating biomarkers
across these variables is essential for global applications. Cross-linguistic and cultural
validation will ensure that vocal biomarkers remain effective and reliable regardless of
population-specific nuances in vocal characteristics.

Multimodal Data Integration for Comprehensive Health Insights
Combining vocal biomarkers with additional health data, such as physical activity, glycemic
control, spirometry results, and environmental factors, will enhance the accuracy of
predictive models. This multimodal approach will create a more holistic view of health,
improving screening and monitoring outcomes. For instance, integrating comorbidities,
lifestyle factors and glycemic control with vocal biomarkers in T2D screening could yield
more accurate risk assessments. Similarly, in RQoL monitoring, combining voice data with
clinical measurements could improve the management of respiratory conditions.

Balancing Model Performance with Interpretability
While high-performing deep-learning models are central to advancing vocal biomarkers,
ensuring that these models are interpretable for clinical use is equally important. Healthcare
providers need to understand how these models function to confidently integrate them into
clinical workflows. Achieving this balance between accuracy and transparency is key for
clinical adoption across all application areas.

Real-World Integration and Scalability
To unlock the full potential of vocal biomarkers, integrating them into widely accessible
platforms like smartphones, telehealth systems, and wearables is essential. This will enable
continuous, remote monitoring, particularly benefiting resource-limited settings. Tools for
fatigue monitoring, T2D screening, and RQoL assessment could be embedded into
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user-friendly apps, allowing real-time symptom/condition tracking and personalized health
management. Ensuring scalability through such platforms will make these technologies
accessible to both patients and healthcare providers, offering cost-effective, non-invasive
solutions for widespread health monitoring.

Challenges in Implementing Voice AI in Healthcare
The integration of voice AI in healthcare, while promising, is fraught with several challenges
that may limit its broader adoption and effectiveness. One of the most significant issues is
the inherent biases that can arise from the data used to train the algorithms, which may not
be representative of the diverse patient populations they are meant to serve[117]. This lack
of diversity can skew algorithm performance and limit its applicability across different
demographic groups. Additionally, ethical challenges emerge, particularly concerning the
privacy and security of sensitive health data captured through voice recordings. Handling
such data raises concerns about consent and the potential for misuse, which must be
navigated carefully.

Furthermore, the field of voice AI suffers from a lack of reproducibility and standardization,
with varying methodologies and metrics used across studies, making it difficult to compare
results or establish best practices. The absence of clear guidelines exacerbates this issue,
leading to inconsistencies in how voice AI tools are developed and validated. Recognizing
these challenges, initiatives like Bridge2AI[118], led by Dr. Yael Bensoussan, have
emphasized the importance of establishing standardized protocols and developing ethically
sourced, diverse voice datasets[119,120]. These collaborative efforts aim to create a
large-scale, multimodal voice database that adheres to rigorous standards, facilitating
reproducibility and scalability in voice AI research. Transitioning these technologies from
research settings into clinical practice presents its own set of hurdles, including regulatory
approvals, integration into existing healthcare systems, and acceptance by healthcare
professionals and patients. Addressing these challenges through standardized protocols and
robust validation frameworks will ensure the efficacy, fairness, and ethical use of voice AI
applications in healthcare.

Broader Implications and Future Research Directions
Future research can explore the following directions to maximize the impact of vocal
biomarkers in healthcare:

External Validation and Replication Studies
Conducting external validation and replication studies is critical to establish the
generalizability, robustness, and trustworthiness of vocal biomarkers. These studies should
involve diverse populations in terms of age, gender, language, and socioeconomic
distribution to ensure the reliability of findings across different settings.

New Data Collection in Varied Settings
Collecting new data in varied settings and among diverse demographic groups will enhance
the generalizability and robustness of the vocal biomarkers. This approach will also help
identify any potential biases or limitations in the current models.
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Multimodal Approaches
The future of digital health lies in combining various data modalities to create a more
comprehensive picture of an individual's health. Beyond voice, incorporating signals from
wearable sensors, physiological data, and environmental factors can enhance the precision
of health assessments. This multimodal approach provides deeper insights into both chronic
and acute conditions, advancing applications such as precision health, hospital-at-home
care, and digital clinical trials (Figure 23).

Figure 23. Data modalities and opportunities for multimodal biomedical AI (from Acosta, J.N.,
Falcone, G.J., Rajpurkar, P. et al. Multimodal biomedical AI. Nat Med 28, 1773–1784

(2022)).

Shifting from Traditional Questionnaires to Contextual Voice Recordings
The reliance on self-reported questionnaires for health monitoring limits the potential of
voice-based analysis. Future research should explore innovative methods that move away
from these traditional approaches. One promising alternative is the use of contextual voice
recordings, where participants engage in guided conversations on relevant topics, such as
disease management, daily experiences, emotions, and mental states. This method allows
for a more natural and dynamic collection of vocal data, potentially revealing subtler and
more meaningful biomarkers related to a person's health status. By capturing real-world
vocal expressions, we can better harness the full potential of vocal biomarkers for real-time,
non-invasive health monitoring.
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Vocal Biomarkers Replication and Validation
Replicating and validating vocal biomarkers in different populations and settings is crucial to
ensure their effectiveness and reliability. To improve reproducibility across diverse
environments, it is essential to establish international standards and guidelines for the
development and deployment of these biomarkers. Defining these standards will help build
trust in vocal biomarker technologies and facilitate their integration into mainstream
healthcare, ensuring consistent and reliable outcomes worldwide.

Personalized Health Monitoring
Developing personalized health monitoring systems that adapt to an individual’s unique
characteristics and health conditions can improve the effectiveness of digital health
interventions. Tailoring these systems to account for personal variability will enhance patient
outcomes.

Ethical and Privacy Considerations
Addressing ethical and privacy concerns related to the use of vocal biomarkers is essential.
Ensuring that data collection, storage, and analysis comply with ethical standards and
privacy regulations will foster trust and acceptance among users.

Collaboration with Healthcare Providers
Collaborating with healthcare providers to integrate vocal biomarkers into clinical workflows
can enhance their practical utility. Engaging healthcare professionals in the development and
implementation process will ensure that these tools meet clinical needs and standards.

Funding and Policy Support
Securing funding and policy support for research on vocal biomarkers is vital for advancing
this field. Encouraging investment in digital health technologies and creating supportive
policies can accelerate the development and adoption of these innovative tools.
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Final reflections
As research on vocal biomarkers progresses, it becomes increasingly evident that voice AI
has the potential to revolutionize healthcare by providing non-invasive, accessible means to
monitor a wide range of health conditions. This potential is especially promising in the
context of telehealth, where continuous, real-time patient monitoring can enhance care
delivery, reduce the burden on healthcare systems, and offer solutions in situations where
traditional methods may not be feasible or accessible.

However, while the promise of vocal biomarkers is significant, we are still in the early stages
of this journey. There is a long path ahead with numerous challenges to refine these
technologies, ensure their accuracy, and integrate them safely into clinical practice. The
incorporation of AI and machine learning in health technology presents unique challenges,
particularly in maintaining robustness, and accuracy, and addressing ethical considerations
within clinical settings.

Ensuring the generalizability and robustness of vocal biomarkers across diverse populations
is therefore critical. This will require external validation studies, the development of
international standards and guidelines, and collaboration with healthcare providers to
integrate these tools into clinical workflows. Establishing such standards, alongside fostering
interdisciplinary partnerships, will be vital in building trust and promoting the widespread
adoption of vocal biomarkers in healthcare.

To advance these technologies further, one key future direction will involve moving beyond
traditional questionnaires, which often limit the potential of voice-based analysis. Contextual
voice recordings, where individuals engage in guided conversations about their daily
experiences, disease management, emotions, and mental states, could reveal more
nuanced biomarkers, offering a richer understanding of health status. When combined with
multimodal approaches that incorporate additional health data, these methods can provide a
more precise and comprehensive understanding of chronic and acute conditions.

I believe this work lays a strong foundation for future research, contributing to the
development of voice AI and its applications in healthcare. As we continue to innovate and
address the challenges ahead, I am optimistic that these efforts will lead to more precise,
reliable, and accessible use of vocal biomarkers. Ultimately, the goal is to improve patient
outcomes and make healthcare more personalized and responsive to individual needs,
transforming how we approach health and disease management.

88



Chapter 8
Contributions
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This chapter outlines the significant contributions made during my doctoral studies, spanning
various dimensions of research, development, and education. It details my active
participation in international conferences, including both oral and poster presentations, and
highlights my involvement in the TAILOR-funded exchange program[121], which enriched
my research experience. Furthermore, it discusses how my research and technical
developments in voice processing enabled the preparation, submission, and selection of a
research grant to valorize my work into a Luxembourg Institute of Health (LIH) spin-off.
Additionally, this chapter reflects on my contributions to related work and my role in the
academic growth of master’s students through co-supervision.

Vocalive Platform for Vocal Biomarker Development

Project background
I contributed significantly to the development of an innovative platform aimed at enhancing
the adoption of vocal biomarkers in healthcare. My primary contribution involved building a
robust pipeline to pre-process and process real-life voice recordings, thereby increasing the
reliability and robustness of vocal biomarkers in real-world settings. This involved developing
algorithms and methods to handle varying audio qualities, extract meaningful features, and
optimize the data for machine learning applications. This work forms the foundation of
Vocalive, a platform designed to leverage IP-protected technology to integrate vocal
biomarkers into healthcare. The project has gained significant traction and has been
supported by funding from the JUMP program facilitated by the National Research Fund
(FNR) in Luxembourg[121,122]. This effort exemplifies technology transfer and research
valorization, paving the way for Vocalive to become a spin-off company of the Luxembourg
Institute of Health (LIH).

Overview of Vocalive
Vocalive is a pioneering service platform designed for the development and deployment of
vocal biomarkers in healthcare. Using a proprietary voice processing algorithm, Vocalive
enables the use of voice recordings collected in non-controlled environments ("in the wild"),
a critical advancement over traditional methods that rely on highly standardized clinical
settings. This approach enhances the practical application of vocal biomarkers, making them
more adaptable for real-life patient monitoring, such as through telemonitoring solutions and
smartphone applications.

Services Provided by Vocalive
Vocalive offers a range of services tailored to improve the AI readiness of voice audio data
and support the development of custom vocal biomarkers:

Standard Automated Services: These include professional voice processing and audio
quality control, designed to enhance the quality of input audio data for third-party biomarker
algorithms.

Custom Services for Pharma and CROs: Vocalive provides comprehensive, end-to-end
services for developing vocal biomarkers tailored to specific health outcomes. This includes
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everything from data collection to the final analysis.

External Validation and Other Custom Services: Leveraging an existing database of
voice and labeled medical data, Vocalive offers external validation services, custom data
analyses, and tools for data collection and audio processing.

Vocal Biomarker Marketplace: In addition to service offerings, Vocalive plans to launch an
agnostic marketplace for evidence-based vocal biomarkers. This marketplace will feature
ready-to-use vocal biomarkers with detailed transparency cards that outline their intended
use, performance specifics, applicable languages, and limitations, supported by
peer-reviewed publications. This will facilitate easy access to validated biomarkers for
various stakeholders, promoting broader adoption and integration into clinical practices.

Workflow and Technical Aspects
The Vocalive workflow includes:

Real-World Data Collection: Capturing voice recordings via apps on mobile devices, with
storage in WAV format.

Audio Preprocessing: Harmonizing recordings of varying audio quality to prepare them for
biomarker development, including feature extraction and machine learning modeling.

Audio Quality Control: Assessing and ensuring the quality of preprocessed audio, with
detailed reports on the data quality and reasons for the exclusion of any recordings.

Health Data Integration: Collecting and preprocessing clinical data and patient-reported
outcomes, which can be integrated with audio features for comprehensive model training.

Future Outlook and Impact
Vocalive is positioned to transform the landscape of vocal biomarker development by making
it more accessible, efficient, and applicable in everyday health management. The platform's
emphasis on real-world data application, combined with its comprehensive service offerings
and forthcoming marketplace, underscores its potential to enhance preventive healthcare
and personalized medicine strategies.
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Participation in the TAILOR-Funded Exchange Program
During my PhD program, my research was greatly enriched by my participation in the
TAILOR-Funded Exchange Program, which facilitated a research visit to the Deutsches
Forschungszentrum für Künstliche Intelligenz (DFKI) in Germany. This collaboration enabled
me to work closely with experts in AI and healthcare, particularly focusing on the
development of advanced machine learning techniques, such as multitask learning, to
enhance the detection and monitoring of depressive symptoms using vocal biomarkers.

Contribution to Depression Detection and Monitoring
Depression affects approximately 4.4% of the global population, necessitating early and
accurate detection to reduce its long-term impact. Traditional methods, like self-reported
questionnaires, often lack objectivity and accuracy, leading to a growing interest in
voice-based biomarkers as an alternative. During my research at DFKI, I aimed to improve
the accuracy of these biomarkers by exploring the relationship between depressive
symptoms and other correlated symptoms, such as fatigue. By leveraging multitask learning,
we sought to enhance the model's ability to generalize across different languages and
demographics, using the large multilingual Colive Voice dataset. This approach aimed to
refine the prediction of depressive symptoms by incorporating multiple related health
indicators, thereby increasing the robustness and reliability of voice-based models.

Multitask Learning
Multitask learning is an approach where a single model is simultaneously trained on multiple
related tasks[123]. This methodology leverages commonalities across tasks, leading to
improved learning efficiency and prediction accuracy compared to training separate models
for each task. It is particularly effective when the tasks share underlying features but have
different outputs.

Figure 24. Multitask learning framework for speech analysis
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In the context of speech analysis, this workflow starts with speech recordings processed
through a pre-trained model to extract embeddings. These embeddings are then fed into
either a multi-head model, which has separate heads for each task, or a shared head model,
which uses a single head for all tasks (Figure 24). A custom multi-loss layer combines the
losses from multiple tasks into a single scalar value, weighted to determine the relative
importance of each task's loss. This setup allows for the simultaneous training of models on
multiple voice-related tasks, leveraging shared information to enhance overall performance
and efficiency.

Methodological Advancements
My research at DFKI involved developing neural network models trained on real-life voice
recordings to predict depressive symptoms, initially achieving an accuracy of 65%. To
improve performance, I integrated additional symptoms like fatigue and stratified the data by
gender and language to minimize biases. Using advanced feature extraction techniques like
BYOL-S and OpenSMILE, I conducted regression tasks on PHQ-9 and FSS scores to
establish a ground truth. This work faced challenges, such as data imbalance and
distribution issues, which we addressed by focusing on binary classification tasks and using
machine learning algorithms better suited for limited sample sizes. We further explored the
Net Reclassification Index (NRI) to assess how the integration of one classifier's output could
enhance another's performance, thus advancing our understanding of model interactions
and dependencies.

Collaborative Research and Knowledge Sharing
The collaborative environment at DFKI was instrumental in guiding my work, particularly in
handling complex, high-dimensional voice data and addressing data imbalance in AI models.
This experience not only improved my technical skills but also fostered a deeper
understanding of AI trustworthiness and explainable algorithms, which is crucial when
working with sensitive mental health data. The collaboration facilitated the exchange of best
practices and set the foundation for future joint research efforts, including the development
of a collaborative research paper to document our findings and methodologies.

Societal and Technical Impact
The research conducted during this exchange has significant societal and technical
implications. By improving the accuracy and generalizability of voice-based depressive
symptom detection models through multitask learning, we contribute to more reliable,
non-invasive screening methods that can be widely implemented, particularly in regions with
limited access to mental health professionals. Our work emphasizes the need for inclusive,
language-independent models to ensure fair and accessible mental health diagnostics
globally. Moreover, the technical advancements in incorporating additional symptoms and
refining AI models contribute to the field's progress in developing trustworthy and explainable
AI algorithms.

Future Directions
Building on this work, future efforts will focus on expanding the dataset to include more
diverse language groups to enhance model generalizability, addressing data imbalance
issues to improve predictive accuracy, and integrating additional symptoms to refine our
multitask learning approach. Continued collaboration with DFKI and other TAILOR partners
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will be key to further advancing the development of scalable, AI-driven healthcare solutions
that can improve early diagnosis and patient outcomes in mental healthcare.
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Contribution to related work
During my PhD, I have also contributed to related work through the co-supervision of three
master's students, each for six months. My role involved providing them with comprehensive
guidance and support throughout their research projects. This included holding weekly
meetings to track their progress, offering methodological and technical assistance to ensure
the successful execution of their work, and advising them on the preparation of their final
reports and defenses. My involvement in their projects aimed to foster their academic
development while ensuring they achieved the objectives set for their respective studies.

-Hugo Allemand:
Title: Identification of a digital vocal biomarker to predict Long COVID.
Abstract: COVID-19 is a complex disease that can lead to remaining symptoms after the
infection phase. This condition is called Long COVID and can take various forms, last from
several months to more than a year, and deeply affect the daily lives of people. The study
aimed to develop a digital vocal biomarker that could predict whether a person will develop
Long COVID, based on data collected from Predi-COVID study participants during the
COVID-19 acute phase. We used data from 181 participants who were followed up regularly
during 12 months. Based on the smartphone’s operating system, we created several models
and tested different sets of features using cross-validation. We obtained an accuracy of 66%
for iOS users and 74% for Android users. These preliminary findings support our initial
hypothesis but need to be completed with further analyses using more data.

-Léo Gerard:
Title: Voice-Based Health Mapping: Exploring Vocal Biomarkers for Health Conditions in the
General Population.
Abstract: In this work, we used DDRTree, an unsupervised machine learning algorithm, to
do a mapping of the health characteristics of the general population, and used it to compare
the voice characteristics of groups of people with different health conditions such as
COVID-19, diabetes, cancer, or respiratory diseases, to study the links between voice and
health. The dataset used contained the answers to a questionnaire regarding various health
conditions and symptoms and the audio features extracted from the audio recordings of the
Colive Voice study, composed of 4569 participants. We trained two trees, one using male
participants and one using female participants. For both trees, the horizontal axis was
associated with the general health status of the participants, and the vertical axis was
associated with their smoking habits. Moreover, for the one using exclusively female
participants, we observed that cardiovascular diseases and their risk factors were also
associated with their vertical axis. Our results established links between these conditions
and the different extracted audio features and may be the first step in the elaboration of a
new vocal biomarker estimating the health status of a patient.

-Maëlle Cornec:
Title: Vocal Biomarker for Fatigue Severity Monitoring.
Abstract: This study aims to develop voice-based digital biomarkers for detecting and
monitoring fatigue severity, as measured by the Fatigue Severity Scale (FSS) score, using
real-world data from the Colive Voice study, involving 4,232 participants. Given the
complexity and variability of fatigue as a symptom across different health conditions, our
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approach combines traditional audio feature extraction with advanced machine learning
techniques. We employed the OpenSMILE toolkit to extract various acoustic features and
analyzed their correlations with fatigue levels, revealing that certain voice features are
significantly correlated with fatigue, with differences observed across gender and language
groups. To enhance classification performance, we explored the application of transfer
learning models (YAMNet, VGGish, and FRILL) to generate embeddings that capture deeper
voice characteristics. Models trained on these embeddings demonstrated potential in
classifying fatigue levels, with varying performance across different classifiers and datasets.
Our findings suggest that using specific vocal features and transfer learning-based
embeddings can effectively discriminate fatigue levels, particularly in female participants.
The study highlights the potential of using voice as a non-invasive and scalable tool for
remote fatigue monitoring, contributing to precision health strategies and advancing digital
health solutions.

96



Conferences
Throughout my PhD, I have actively participated in various prestigious conferences,
presenting my research to the international academic community. These engagements have
provided opportunities for receiving feedback, networking with peers, and staying updated
with the latest advancements in the field. Below is a summary of my conference
participation:

Oral communications
SFD 2022 (Congrès annuel de la Société Francophone du Diabète), Nice-France:
Identification de biomarqueurs vocaux pour le dépistage et le suivi des personnes avec
diabète: premiers résultats de l’étude Colive Voice.

ML seminar 2024, Online-Luxembourg: Exploring Voice AI: Technologies, Algorithms, and
Applications in Healthcare.

EASD 2024 (European Association for the Study of Diabetes Annual Meeting),
Madird-Spain: Towards Non-Invasive And Accessible Type 2 Diabetes Screening Through
Voice AI Technology.

Poster presentations
ATTD 2022 (Advanced Technologies and Treatments for Diabetes International
Conference), Online: Identification of vocal biomarkers for screening diabetes and
monitoring the health of people with diabetes: preliminary results from the Colive Voice
study.

ADA 2024 (American Diabetes Association Scientific Sessions), Orlando-USA:
Towards Non-Invasive And Accessible Type 2 Diabetes Screening Through Voice AI
Technology.

PhD days 2024, Luxembourg: Towards Non-Invasive And Accessible Type 2 Diabetes
Screening Through Voice AI Technology.

Voice2AI 2024 (Awarded Best Poster for the topic "Voice Biomarkers Help Patient
Outcomes and Access"), Tampa-USA: Towards Non-Invasive And Accessible Type 2
Diabetes Screening Through Voice AI Technology.

Interspeech 2024, Kos-Greece: Multimodal Fusion for Vocal Biomarkers Using Vector
Cross-Attention.
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Abstract  

 

Objective 

To develop a vocal biomarker for fatigue monitoring in people with COVID-19. 

Design Prospective cohort study. 

Setting Predi-COVID data between May 2020 and May 2021. 

Participants 

A total of 1772 voice recordings was used to train an AI-based algorithm to predict 

fatigue, stratified by gender and smartphone’s operating system (Android/iOS). The 

recordings were collected from 296 participants tracked for two weeks following 

SARS-CoV-2 infection. 

primary and secondary outcome measures  

Four machine learning algorithms (Logistic regression, k-nearest neighbors, support 

vector machine, and soft voting classifier) were used to train and derive the fatigue 

vocal biomarker. The models were evaluated based on the following metrics: Area 

Under the ROC curve (AUC), accuracy, F1-score, precision, and recall. The Brier 

score was also used to evaluate the models’ calibrations.  

Results 

The final study population included 56% of women and had a mean (±SD) age of 40 

(±13) years. Women were more likely to report fatigue (P<.001). We developed four 

models for Android female, Android male, iOS female, and iOS male users with a 

weighted AUC of 86%, 82%, 79%, 85%, and a mean Brier Score of 0.15, 0.12, 0.17, 

0.12, respectively. The vocal biomarker derived from the prediction models 

successfully discriminated COVID-19 participants with and without fatigue. 

Conclusions 

This study demonstrates the feasibility of identifying and remotely monitoring fatigue 

thanks to voice. Vocal biomarkers, digitally integrated into telemedicine technologies, 

are expected to improve the monitoring of people with COVID-19 or Long-COVID. 

 

ClinicalTrials.gov Identifier: NCT04380987 
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Strengths and limitations 

-This is the first study supporting the hypothesis that fatigue can be accurately 

monitored based on voice in people with COVID-19. 

 

-The analyses were based on a multilingual database of standardized voice recordings 

collected in real-life from people with confirmed SARS-CoV-2 infection as determined 

by PCR. 

 

-There is no similar dataset available yet in the literature to replicate our findings. 

 

-The vocal biomarker is trained on a binary outcome (Fatigue, Yes/No) and does not 

reflect the entire spectrum of fatigue severity. Further work should be performed in that 

direction. 
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Introduction 

Coronavirus disease 2019 (COVID-19) is a global outbreak. More than 199 million 

confirmed cases of COVID-19 have been detected worldwide as of 4 August 2021, 

with more than 4 million deaths reported by the World Health Organization1. The 

worldwide population and healthcare systems have been greatly impacted by the 

COVID-19 pandemic. The pandemic has essentially put whole healthcare systems 

under pressure, requiring national or regional lockdowns2. Finding solutions that allow 

healthcare providers to focus on the more important and urgent patients, was, and still 

is, critical.  

 

This outbreak continues to impact people, with many patients suffering from a range 

of acute symptoms, such as fatigue. Fatigue is a common symptom in patients with 

COVID-19 that can impact their quality of life, treatment adherence, and can be 

associated with numerous complications3. Recent findings showed that fatigue is a 

major symptom of the frequently reported Long-COVID syndrome. After recovering 

from the acute disease caused by the SARS outbreak, up to 60% of patients reported 

chronic fatigue 12 months later4. This supports the need for long-term monitoring 

solutions for these patients. 

 

In general, fatigue can be of two types: physical and mental5 experiencing lack of 

energy, inability to start and perform everyday activities, and lack of desire to do things. 

In the context of COVID-19, determinants of fatigue were categorized as both central 

and psychological factors, the latest might also be indirectly caused by pandemic-

related fear and anxiety6,7. 

Fatigue affects men and women differently and has previously been shown to be 

reported differently in the two genders. Men and women have different anatomy and 

physiology, resulting in significant sex differences in fatigability8.  

  

Telemedicine, artificial intelligence (AI), and big data predictive analytics are examples 

of digital health technologies that have the potential to minimize the damaging effects 

of COVID-19 by improving responses to public health problems at a population level9.  

Using telemonitoring technologies to enable self-surveillance and remote monitoring 

of symptoms might therefore help to improve and personalize COVID-19 care 

delivery10. 

https://paperpile.com/c/YBNojZ/DyDQq
https://paperpile.com/c/YBNojZ/hxLrg
https://paperpile.com/c/YBNojZ/AICxM
https://paperpile.com/c/YBNojZ/T6AXo
https://paperpile.com/c/YBNojZ/T6AXo+8eJp2
https://paperpile.com/c/YBNojZ/QJpBv
https://paperpile.com/c/YBNojZ/A3ID1
https://paperpile.com/c/YBNojZ/uvBR3
https://paperpile.com/c/YBNojZ/AhGbE
https://paperpile.com/c/YBNojZ/AhGbE+Sbc5B
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Voice is a promising source of digital data since it is rich, user-friendly, inexpensive to 

collect, and non-invasive, and can be used to develop vocal biomarkers that 

characterize disease states. Previous research was mostly conducted in the field of 

neurodegenerative diseases, such as Parkinson’s disease11 and Alzheimer's 

disease12. There are also studies that confirm the relation of voice disorders to fatigue, 

e.g., in Chronic Fatigue Syndrome (CFS). Neuromuscular, neuropsychological and 

hormonal dysfunction associated with CFS can influence the phonation and 

articulation, and alter tension, viscosity and thickness of the tissue of the larynx, tongue 

and lips, leading to decreased voice quality13. Increased fatigue affects voice 

characteristics, such as pitch, word duration14 and timing of articulated sounds15. Vocal 

changes related to fatigue are more observed in consonant sounds that require a high 

average airflow16.  

 

In the context of the COVID-19 pandemic, respiratory sounds (e.g coughs, breathing, 

and voice) are also used as sources of information to develop COVID-19 screening 

tools17,18,19. However, no previous work has been devoted to investigating the 

association of voice with COVID-19 symptoms.  

We hypothesized that there is an association between fatigue and voice in patients 

with COVID-19 and that it is possible to train an AI-based model to identify fatigue and 

subsequently generate a digital vocal biomarker for fatigue monitoring. We used data 

from the large hybrid prospective Predi-COVID cohort study to investigate this 

hypothesis. 

 

Methods 

Study design  

This project uses data from the Predi-COVID study20. Predi-COVID is a hybrid cohort 

study that started in May 2020 in Luxembourg and involved participants who should 

meet all of the following requirements: (1) a signed informed consent form; (2) 

participants with confirmed SARS-CoV-2 infection as determined by PCR at one of 

Luxembourg’s certified laboratories; and (3) 18 years and older. 

 

This study combines data from the national surveillance system, which is used for 

virtually all COVID-19 positive patients. Biological sampling, electronic patient-

https://paperpile.com/c/YBNojZ/AhGbE+Sbc5B+o2CUH
https://paperpile.com/c/YBNojZ/1jnY3
https://paperpile.com/c/YBNojZ/TzVNh
https://paperpile.com/c/YBNojZ/TzVNh+ZS6nh
https://paperpile.com/c/YBNojZ/v8ts9
https://paperpile.com/c/YBNojZ/v8ts9+0GWOu
https://paperpile.com/c/YBNojZ/AhGbE+Sbc5B+o2CUH+KmKeX
https://paperpile.com/c/YBNojZ/v8ts9+0GWOu+l8ygY
https://paperpile.com/c/YBNojZ/UBSE8
https://paperpile.com/c/YBNojZ/n0meb
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reported outcomes, and smartphone voice recording were collected to identify vocal 

biomarkers of respiratory syndromes and fatigue in this study. More details about the 

Predi-COVID study can be found elsewhere20. 

 

Health Inspection collaborators made the initial phone contact with potential 

participants. Those who consented to participate were contacted by a qualified nurse 

from the Clinical and Epidemiological Investigation Center (CIEC - Luxembourg 

Institute of Health), who outlined the study and arranged home or hospital visits.  

 

Patient and Public Involvement 

The Predi-COVID initiative was an emergency response from national research 

institutions grouped under ‘Research Luxembourg’ to fight the COVID-19 pandemic in 

Luxembourg and contribute to the general effort in the crisis. Therefore, for timing and 

safety reasons, patients with COVID-19 were not directly included to participate in the 

study design. However, the first participants included in Predi-COVID provided 

feedback on general workflow, data collection, questionnaires, and sampling, which 

was taken into account in an amendment to the protocol20. 

 

Data collection  

Participants were followed for up to a year using a smartphone app to collect voice 

data. To ensure a minimum quality level, participants were asked to record it in a quiet 

environment while maintaining a certain distance from the microphone, and an audio 

example of what was required was also provided.  

 

All the participants of this study were invited to record two audio types. The first, Type 

1 audio, required participants to read paragraph 1 of article 25 of the Declaration of 

Human Rights21, in their preferred language: French, German, English, or Portuguese; 

and the second, Type 2 audio, required them to hold the [a] vowel phonation without 

breathing for as long as they could (see Supplementary Online Material 1 for more 

details). 

 

Predi-COVID collects data in conformity with the German Society of Epidemiology's 

best practices guidelines22. To draft the manuscript, we followed the TRIPOD criteria 

https://paperpile.com/c/YBNojZ/n0meb
https://paperpile.com/c/YBNojZ/n0meb
https://paperpile.com/c/YBNojZ/b0xbl
https://paperpile.com/c/YBNojZ/b0xbl+MkrlT
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for reporting AI-based model development and validation, as well as the corresponding 

checklist. 

 

All Predi-COVID participants recruited between May 2020 and May 2021 who reported 

their fatigue status (“I feel well” as “No Fatigue” and “I am fatigued”/“I don’t feel well” 

as “Fatigue”) on the same day as the audio recordings during the 14 days of follow-up 

were included in this study23. As a result, several audio recordings for a single 

participant were available for both audio types24. 

Audio characteristics and vocal biomarker training 

The audio recordings were collected in two formats, 3gp format (Android devices) and 

m4a format (iOS devices). Based on the smartphone’s operating system and the 

user's gender (male/female), we trained one model for each category. This 

stratification was performed to minimize data heterogeneity and deal with sex as a 

potential confounding bias. 

 

 

Audio pre-processing  

All of the raw audio recordings were pre-processed (Figure 1). They were initially 

converted to .wav files, with audios lasting less than 2 seconds being excluded. Then, 

an audio clustering (DBSCAN) on basic features (duration, average, sum, and 

standard deviation of signal power, and fundamental frequency) was performed to 

detect outliers that were manually checked while excluding poor quality audios with 1) 

https://paperpile.com/c/YBNojZ/P3L6
https://paperpile.com/c/YBNojZ/iqAk
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too noisy, 2) incorrect text reading, 3) type 1 and type 2 audios mixed, or 4) extended 

silence in the middle. Finally, peak normalization was used to boost the volume of quiet 

audio segments, and leading and trailing silences longer than 350 milliseconds were 

trimmed. 

 

Feature extraction 

We used transfer learning for the feature extraction process since it is adapted for 

small training databases25. Transfer learning is a technique where a model is 

constructed and trained with a set containing a large amount of data and then transfer 

and apply this learning to our dataset on top of it. It has the advantage of reducing the 

amount of data required while shortening training time and improving performance 

when compared to models built from scratch26. 

Convolutional neural networks require a fixed input size, whereas audio instances in 

our dataset were of variable length. To deal with this issue, Zero-padding was used to 

set the duration of each audio file to 50 seconds (the maximum length in our database). 

To raise the amount of information fed to the classifiers, type 1 (text reading) and type 

2 ([a] phonation) audios were concatenated and used as a single input to the learning 

models. 

All the audio recordings were first resampled to 8kHz and then converted to Mel-

spectrograms using the Librosa library in Python. The hop-length was 2048 samples, 

and the number of Mel coefficients was set to 196. The Mel spectrograms were passed 

through VGG19 convolutional neural network architecture provided by Keras, which 

was pre-trained on the ImageNet database27. This approach, presented in Figure 2, 

may be considered as a feature extraction step, as it converts audio recordings to 512 

feature maps, each of a size 6x6, leading to a total of 18432 features.  

 

https://paperpile.com/c/YBNojZ/b0xbl+MkrlT+Z41zB
https://paperpile.com/c/YBNojZ/0q3q3
https://paperpile.com/c/YBNojZ/aNyhD
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This large number of features is computationally expensive. Principal Component 

Analysis (PCA)28 is therefore used for dimensionality reduction and to select the 

number of relevant components explaining the maximum of the variance in the data. 

 

Statistical analysis 

We divided our data into “Fatigue” and “No Fatigue” groups based on the participant’s 

reported answers for the inclusion and daily fatigue assessment of Predi-COVID. To 

characterize participants, descriptive statistics were used, which included means, 

standard deviations for quantitative variables, and counts and percentages for 

qualitative variables. The two population groups (3gp (Android users) and m4a (iOS 

users)) were compared using a student test for continuous variables, and a χ2 test for 

categorical variables.  

A 10-fold cross-validation procedure was conducted on the training cohort participants 

to evaluate four classification models (logistic regression (LR), k-nearest neighbors 

(KNN), support vector machine (SVM), and soft voting classifier (VC), scikit-learn 

implementation in Python) at different regularization levels via a grid search, with the 

following evaluation metrics: area under the ROC curve (AUC), accuracy, F1-score, 

precision, and recall. The Brier score was also used to evaluate the calibration of the 

selected models. 

The predicted probability of being classified as fatigued from the best model was 

considered as our final vocal biomarker, which may be used as a quantitative metric 

to monitor fatigue.  

 

Results 

Study population characteristics  

The final study population is composed of 296 participants of whom 165 were women 

(56%), with an average age of 40 years (SD = 13). To record both audio types,109 

(37%) participants utilized Android smartphones (3gp format), whereas 187 (63%) 

used iOS devices (m4a format). We found no difference in the distribution of age, 

gender, body mass index, smoking, antibiotic usage, and asthma, between the two 

types of devices (P-value>.05). The overall rate of comorbidities in this study was 

relatively low: there were 31 (10%) participants who used antibiotics and only 12 (4%) 

participants with asthma. More details are shown in Table 1.  

https://paperpile.com/c/YBNojZ/ONacy
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Table 1: Study population characteristics  

The clinical data in the table above describe the overall population of the study. The 

total number and its percentage are used to represent all categorical data. The table 

below summarizes general information for describing audio data. 

All p-values comparing iOS (m4a) and Android users (3gp) were calculated using chi2 

and Student's t-tests. 

 
All 

m4a 3gp P-values 

(m4a, 3gp) Female Male Female Male 

Participants 

(N) 
Total 296 107 80 51 58 - 

Age (years) mean (SD) 40.3 (12.6) 38.8 (13.4) 42.9 (12.7) 37.8 (11.6) 41.5 (11.3) 0.28 

Body Mass 

Index (kg/m²) 
mean (SD) 24.1 (4.7) 24.6 (5.5) 26.5 (4.1) 24.1 (3.8) 26.6 (4.17) 0.95 

Antibiotic (%) 
No 265 (90%) 93 (87%) 73 (91%) 44 (86%) 55 (95%) 

0.87 
Yes 31 (10%) 14 (13%) 7 (9%) 7 (14%) 3 (5%) 

Asthma (%) 
No 284 (96%) 104 (97%) 75 (94%) 47 (92%) 58 (100%) 

0.82 
Yes 12 (4%) 3 (3%) 5 (6%) 4 (8%) 0 (0%) 

Smoking (%) 

Never 199 (67%) 77 (72%) 51 (64%) 36 (71%) 35 (60%) 

0.41 Former smoker 53 (18%) 19 (18%) 20 (25%) 9 (18%) 13 (22%) 

Current smoker 44 (15%) 11 (10%) 9 (11%) 6 (11%) 10 (18%) 

 

Audio 

recordings 

Total 1772 584 499 345 344 

<0.001 No Fatigue 1222 (69%) 394 (67%) 370 (74%) 190 (55%) 268 (78%) 

Fatigue 550 (31%) 190 (33%) 129 (26%) 155 (45%) 76 (22%) 

Mean (SD) and 

maximum of 

audio 

recording per 

participant in 

the 14-day 

follow-up 

period 

mean (SD) 6 (5) 6 (5) 6 (5) 6 (5) 6 (5) 

- 
max 16 14 16 15 14 

Participants reported their fatigue status on average 6 days during the first 14 days of 

follow-up, resulting in the analysis of 1772 audio recordings for each audio type (type 
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1 and type 2) when all inclusion criteria were met, including 550 audio recordings for 

participants with fatigue. In both audio sets, women reported experiencing fatigue at a 

higher rate than men (P-value<.001). Women constituted 155 (60%) of all fatigued 

Android users and 190 (67%) of all fatigued iOS users. 

 

Prediction models 

We reduced the extracted features from Mel-spectrograms to 250 top components 

with PCA, explaining 97% and 99% of the variance in the data for iOS and Android 

audio sets respectively. We then compared the performances of the machine learning 

algorithms to select the best models for the derivation of the vocal biomarkers. 

 

The voting classifier was the best model selected for the development of the vocal 

biomarker for male iOS users, with an AUC of 85% and overall accuracy, precision, 

recall, and f1-score of 89%. The model selected for female iOS users was SVM with 

an overall precision of 79% and an AUC of 79%. For male Android users, the selected 

model is the voting classifier with precision, recall an f1-score of 84%, and a weighted 

AUC of 82%. For female Android users, the SVM was selected with an overall 

precision of 80% and an AUC of 86%. More details are shown in Table 2. 

As shown in Figure 3, the calibrations of the selected models were good (Mean Brier 

Scores = 0.15, 0.12, 0.17, and 0.12 respectively for Android female users, Android 

male users, iOS female users, and iOS male users). 

 

Derivation of the digital fatigue vocal biomarker 

Based on the model selected for each audio set, we derived the trained vocal 

biomarkers which quantitatively represent the probability of being labeled as fatigued.  
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KNN: K-Nearest Neighbors, LR: Logistic Regression, Ov. : Overall, SVM: Support Vector Machine, VC: Voting Classifier 

 

Table 2: Results of the prediction models 

The selected models were selected using Recall_1 and weighted AUC and are highlighted in bold. Class 0: No fatigue, Class 1: 

Fatigue 

Audio_format Gender ML model Accuracy Ov.Precision Precision_0 Precision_1 Ov.Recall Recall_0 Recall_1 Ov.f1score f1-score_0 f1-score_1 Weighted AUC 

3gp (Android) 

Female 

LR 0.77 0.77 0.81 0.73 0.77 0.76 0.77 0.77 0.78 0.75 0.85 

KNN 0.72 0.73 0.70 0.77 0.72 0.87 0.55 0.72 0.78 0.64 0.76 

SVM 0.80 0.80 0.80 0.79 0.80 0.84 0.74 0.80 0.82 0.77 0.86 

VC 0.78 0.78 0.81 0.75 0.78 0.79 0.77 0.78 0.80 0.76 0.86 

Male 

LR 0.78 0.79 0.87 0.50 0.78 0.85 0.53 0.79 0.86 0.52 0.81 

KNN 0.83 0.83 0.83 0.80 0.83 0.98 0.27 0.79 0.90 0.40 0.84 

SVM 0.84 0.83 0.88 0.67 0.84 0.93 0.53 0.83 0.90 0.59 0.82 

VC 0.84 0.84 0.89 0.64 0.84 0.91 0.60 0.84 0.90 0.62 0.82 

m4a (iOS) 

Female 

LR 0.72 0.72 0.80 0.56 0.72 0.77 0.61 0.72 0.79 0.58 0.75 

KNN 0.68 0.65 0.72 0.50 0.68 0.86 0.29 0.65 0.78 0.37 0.67 

SVM 0.79 0.79 0.81 0.75 0.79 0.91 0.55 0.79 0.86 0.64 0.79 

VC 0.77 0.76 0.80 0.69 0.77 0.89 0.53 0.76 0.84 0.60 0.78 

Male 

LR 0.73 0.74 0.83 0.48 0.73 0.80 0.54 0.73 0.81 0.51 0.80 

KNN 0.89 0.89 0.89 0.89 0.89 0.97 0.65 0.88 0.93 0.76 0.81 

SVM 0.85 0.84 0.86 0.76 0.85 0.95 0.58 0.84 0.90 0.67 0.85 

VC 0.89 0.89 0.89 0.89 0.89 0.97 0.65 0.88 0.93 0.76 0.85 
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Discussion 

In this study, we built an AI-based pipeline to develop a vocal biomarker for both 

genders and both types of smartphones (male/female, Android/iOS) that effectively 

recognize fatigued and non-fatigued participants with COVID-19.  

 

We stratified the data to prevent data heterogeneity, which is considered 

contamination and makes it difficult to build a reliable and consistent classification 

model(s), resulting in poorer prediction performance. This contamination is caused by 

two factors: first, significant gender differences in fatigability, since it has previously 

been shown that men and women experience and report fatigue differently, and 

second, different microphone types incorporated in both smartphone devices used by 

the participants (iOS and Android), which have a direct impact on the quality of the 

recorded audios (machine learning algorithms separate the audio formats rather than 

the fatigue status if there is no constant microphone. (see Supplementary Online 

Material 2 for more details). 

 

With the increased interest in remote voice analysis as a noninvasive and powerful 

telemedicine tool, various studies have been carried out, mostly in neurological 

disorders (eg, Parkinson’s disease11 and Alzheimer’s disease29) and mental health 

(eg. stress and depression30). Recently, a significant research effort has evolved to 

employ respiratory sounds for COVID-19 and the main focus was on the use of 

cough17,31 and breathing32 to develop a COVID-19 screening tool. However, no 

previous work has been devoted to investigating the association of voice with COVID-

19 symptoms, precisely fatigue. 

 

Fatigue is one of the commonly reported symptoms of COVID-19 and Long-COVID 

syndrome33, which can persist regardless of how severe COVID-19's acute stage is34.  

A variety of cerebral, peripheral, and psychosocial factors35,7 play a role in the 

development of fatigue. It may also occur from chronic inflammation in the brain and 

at neuromuscular junctions. New evidence shows that patients with Long-COVID 

syndrome continue to have higher measures of blood clotting, thrombosis36, which 

may also explain the persistence of fatigue. COVID-19 is associated with variations in 

airway resistance37. This narrowing of the airway is manifested in the increase in 

https://paperpile.com/c/YBNojZ/o2CUH
https://paperpile.com/c/YBNojZ/rklas
https://paperpile.com/c/YBNojZ/hmxAD
https://paperpile.com/c/YBNojZ/5XZwG+KmKeX
https://paperpile.com/c/YBNojZ/5XZwG+KmKeX+q2wnx
https://paperpile.com/c/YBNojZ/UGFve
https://paperpile.com/c/YBNojZ/UGFve+r7LnC
https://paperpile.com/c/YBNojZ/UGFve+r7LnC+mkYcr
https://paperpile.com/c/YBNojZ/A3ID1
https://paperpile.com/c/YBNojZ/A3ID1+h8rKZ
https://paperpile.com/c/YBNojZ/Nxjs8
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audible turbulence in both sighing and yawning, which is frequently associated with 

fatigue38. 

 

Human voice is produced by the flow of air from the lungs through the larynx, which 

causes the vocal fold vibrations, generating a pulsating airstream39. The process is 

controlled by the laryngeal muscle activation40 but involves the entire respiratory 

system to provide the air pressure necessary for phonation. Decreased pulmonary 

function in COVID-19 patients can cause reduced glottal airflow that is essential for 

normal voice production41. Furthermore, in case of increased fatigue, the voice 

production process may be additionally disturbed due to reduced laryngeal muscle 

tension, resulting in dysphonia that appears in up to 49% of COVID-19 patients41.  

 

Study Limitations 

This study has several limitations. First, although our data was stratified based on 

gender and smartphone devices, the mix of languages might also result in different 

voice features subsequently, in different model performances. There is presently no 

comparable dataset with similar audio recordings for further external validation of our 

findings. Thus, more data should be collected to improve the transferability of our vocal 

biomarker to other populations. Second, our data labeling was only based on a 

qualitative self-reported fatigue status. A fatigue severity scale would allow a 

quantitative assessment of fatigue severity in a uniform and unbiased way throughout 

all participants. Finally, time series voice analysis for each participant was not included 

in the study. More investigation, including time series analysis, would establish a 

personalized baseline for each participant, potentially enhancing the performance of 

our vocal biomarkers. 

 

Conclusion 

In this study, we demonstrated the association between fatigue and voice in people 

with COVID-19 and developed a fatigue vocal biomarker that can accurately predict 

the presence of fatigue. These findings suggest that vocal biomarkers, digitally 

incorporated into telemonitoring technologies, might be used to identify and remotely 

monitor this symptom in patients suffering from COVID-19 as well as other chronic 

diseases. 

 

https://paperpile.com/c/YBNojZ/2rH0i
https://paperpile.com/c/YBNojZ/Ojk5q
https://paperpile.com/c/YBNojZ/hzV4s
https://paperpile.com/c/YBNojZ/d2mUm
https://paperpile.com/c/YBNojZ/d2mUm
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Abstract

Background

The pressing need to reduce undiagnosed type 2 diabetes (T2D) globally calls for innovative

screening approaches. This study investigates the potential of using a voice-based algorithm

to predict T2D status in adults, as the first step towards the development of a non-invasive

and scalable screening method.

Methods

We analyzed pre-specified text recordings from 607 US participants from the Colive Voice

study registered on ClinicalTrials.gov (NCT04848623). We used the hybrid BYOL-S/CvT

embeddings to construct gender-specific algorithms to predict T2D status. These algorithms

were evaluated using cross-validation, based on their accuracy, specificity, sensitivity, and

Area Under the Curve (AUC). Performance of the best models was stratified by key factors

such as age, BMI, and hypertension, and compared to the American Diabetes Association

(ADA) score for T2D risk assessment using a Bland-Altman analysis.

Results

The voice-based algorithms demonstrated good overall predictive capacity (AUC=75% for

males, 71% for females) and correctly predicted 71% of male and 66% of female T2D cases.

Performances are improved in females aged 60 years or older (AUC=74%) and individuals

with hypertension (AUC=75%). We observed an overall agreement above 93% with the ADA

risk score.

Conclusion

Our findings suggest that voice-based algorithms could serve as a more accessible,

cost-effective, and noninvasive screening tool for T2D. While the results are encouraging,

further validation is needed, particularly while targeting early-stage T2D cases and more

diverse populations.
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Introduction

Diabetes mellitus (DM) is an endocrine system illness in which the body cannot regulate

blood glucose levels. It is one of the most severe and common chronic diseases of our time,

as it was responsible for 6.7 million deaths in 2021[1]. In 2022, about 1 in 10 people in the

world is living with DM, and the number is expected to grow from 537 million adults, up to

643 million by 2030 and 783 million by 2045, as the result of population aging, economic

development, urbanization, unhealthy eating habits, and sedentary lifestyle[1]. In the USA,

according to the 2022 National Diabetes Statistics Report from the CDC[1,2], 37.3 million

people, or 11.3% of the population, have diabetes. This total includes 28.7 million diagnosed

cases and an estimated 8.5 million people who are living with undiagnosed diabetes.

One of the most urgent public health challenges in DM is reducing the number of

undiagnosed cases worldwide. Currently, almost one in every two people with type 2

diabetes (T2D) is undiagnosed worldwide, and as a result, cannot begin treatment or

preventive measures to avoid or delay complications[3]. It was demonstrated that

undiagnosed DM is associated with a higher death risk when compared to normoglycemic

individuals[4], as one-third of T2D patients do not present symptoms until complications

appear[5]. From a health economics perspective, it has been previously reported that any

undiagnosed diabetes case costs $4,250 per year in the USA[6], generating preventable

healthcare expenditures.

Nowadays, screening campaigns rely on invasive blood glucose analysis that costs around

825 billion dollars per year[7], which might be difficult to deploy at a large scale or to

implement in countries or settings with limited resources and/or infrastructures. Alternative

methods include scores to identify individuals at risk of developing diabetes during the next 5

to 10 years. The FINDRISC score[7,8] is widely used, although it is based on a
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questionnaire with limited detection capacities (AUC around 76 %) and can be prone to

errors or desirability biases.

In the United States (USA), The American Diabetes Association (ADA) diabetes risk test[9]

was developed as a screening tool to classify high-risk subjects in the community and to

raise awareness of modifiable risk factors and healthy lifestyles (5). The ADA diabetes risk

test scoring includes seven questions (total score of 0–11) regarding age, gender,

gestational diabetes mellitus (GDM), family history of diabetes, high blood pressure, physical

activity, and obesity (based on body mass index (BMI) via a weight-height chart). Those

having scores of 5 and more are considered to be at high risk of having diabetes.

With the advancement of digital technologies and artificial intelligence, significant effort is

being directed towards detecting diabetes through noninvasive methods. These methods

range from human facial block color analysis using sparse representation classifiers[10], hair

analysis through elemental composition[11–13], specialized eye exams aimed at detecting

diabetic retinopathy[14], to voice analysis, which stands as one of the most promising

technologies in healthcare applications. This includes early diagnosis of neurodegenerative

diseases[15] and assisting in screening and monitoring symptoms of conditions like

COVID-19[16] through the analysis of subtle speech pattern alterations and vocal

biomarkers.

Previous works have suggested that people with diabetes have different voice features than

people without diabetes. People with T2D with poor glycemic control or with neuropathy are

also more likely to have phonatory symptoms compared to controls[17], namely a higher

average score for vocal grading, straining[18], and hoarseness[19] that are affecting

patients’ quality of life. From an acoustic perspective, it has been shown that voice

parameters like jitter, shimmer, smoothed amplitude perturbation quotient, noise-to-harmonic

ratio, relative average perturbation, mean fundamental frequencies, maximum phonation
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time, and amplitude perturbation quotient show significant differences in their values

between T2D patients and people without diabetes[20], [21]. However, previous studies relied

on relatively small sample sizes, a lack of diversity in the participant profiles, and a lack of

validation with audio recordings captured in real-world settings.

Building on this groundwork, our study distinguishes itself by leveraging data from the Colive

Voice program to develop and assess the performance of a voice-based AI algorithm for

T2D status detection in the adult population in the USA. This initiative not only serves as a

first step toward using voice analysis as a first-line T2D screening strategy but also offers

insights into the complex nature of T2D and its interaction with voice characteristics.

Accordingly, we place special emphasis on considering a wide array of demographic and

health-related parameters. This holistic approach is crucial as these factors can significantly

affect voice characteristics and, consequently, their potential as indicators for disease states.

Methods

Study population

In 2021, the Luxembourg Institute of Health initiated a worldwide, multilingual research

program named Colive Voice. Its ongoing project serves as a screening platform for vocal

biomarkers, for screening or monitoring various chronic diseases and frequent health

symptoms. To ensure diversity, Colive Voice collects voice recordings from participants

above the age of 15 years, regardless of their health status and conditions, in English,

French, German, and Spanish globally. Each participant contributes with standardized vocal

tasks which are then annotated with clinical and demographic data.

Ethics Statement
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Colive Voice is registered on ClinicalTrials.gov (NCT04848623) and was approved by the

National Research Ethics Committee of Luxembourg (study number 202103/01) in March

2021. All participants provided informed consent to take part in the study.

Collected Data

Colive Voice participants are invited to complete a comprehensive questionnaire to gather a

diverse range of information: demographic characteristics, lifestyle habits, anthropometric

data, symptoms, drug use, and history of chronic diseases. Regarding diabetes, Colive

Voice gathers data on the diagnosis, type of diabetes, duration since diagnosis as well as

treatment categories, and HbA1c levels. For the present work, we included English-speaking

participants from the USA and we analyzed each gender separately. Participants were

invited to record a standardized reading task using the 25th article from the Human Rights

Declaration (Fig 1). All the collected raw audio data was processed and quality-checked to

ensure consistency throughout the study. There was no missing data in this study, ensuring

a robust and complete dataset for analysis.

Voice feature extraction

OpenSmile

OpenSmile[22] is an open-source toolkit, popularly used for generating handcrafted low-level

descriptors (LLD) from audio inputs. These descriptors encapsulate key characteristics of

audio signals over time such as pitch, intensity, and spectral properties. OpenSmile

computes functionals on these LLD contours, capturing statistical attributes like peaks,

means, and ranges to provide a higher-level overview of the audio signal. Among the feature

sets that OpenSmile offers, the ComParE set stands out. Comprising 6373 static features,

ComParE is notable for its comprehensive nature, offering a rich and extensive array of data

points. This vast collection of features facilitates the detection of complex patterns in the

audio data, offering an in-depth understanding of the audio source.
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BYOL-S/CvT

The hybrid model, BYOL-S/CvT[23], is a new method that detects cognitive and physical

load in speech. It uses both data-driven features from the self-supervised BYOL-S model

trained on Audioset and handcrafted features from OpenSmile. This mix improves the

model's performance and helps it learn speech patterns better than traditional methods. The

BYOL-S/CvT model is also efficient and fast, needing only a single step during the

decision-making stage, and produces 2048-dimensional embeddings.

Data analysis

In this study, the authors adhered to the TRIPOD criteria (the Transparent Reporting of a

Multivariable Prediction Model of Individual Prognosis Or Diagnosis) standards for the

reporting of AI-based algorithm development and validation and used the corresponding

checklist to guide the drafting of the manuscript.

To mitigate gender bias and manage imbalanced data challenges in our machine learning

algorithm training, we first stratified the dataset based on gender. Following this, we used a

simple random sampling technique to generate balanced group sizes, ensuring a more

equitable and effective training process. Individuals without endocrine diseases, including

diabetes, were selected randomly from the general USA population to create a control group

that matched the size of the group of participants with T2D.

To enhance our algorithm’s performance, we first normalized the extracted features and

embeddings using a standard scaler, which helps ensure consistent variance across all

features. As high-dimensional inputs could lead to overfitting and poor generalization in

machine learning algorithms, we used Principal Component Analysis (PCA) to reduce the
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dimensionality of the BYOL-S/CvT embeddings. For OpenSmile features, we used feature

selection using the SelectKBest function from scikit-learn.

Once the normalization, reduction, and feature selection processes were complete, the

resulting features were fed into three different classifiers: Logistic Regression (LR), Support

Vector Machine with a radial basis function kernel (SVM RBF), and Multi-Layer Perceptron

classifiers (MLP).

To evaluate the performance and compare the classifiers, we used stratified 5-fold

cross-validation, ensuring no data leakage via the Pipeline functionality from scikit-learn.

This pipeline handled scaling and PCA reduction for the BYOL-S embeddings, as well as

scaling and feature selection for OpenSmile features. We measured the algorithms'

performances using accuracy, specificity, sensitivity, and AUC metrics.

For optimal results, we fine-tuned the number of PCA components and the algorithms'

hyperparameters using the grid search function from scikit-learn. We then used the best

feature-classifier combination to select the most performant algorithm for each gender.

Influence of cofactors and their impact on algorithms’ performance metrics

In order to highlight how different cofactors influence the efficacy of our predictive algorithms,

we conducted a performance stratification analysis. This analysis was segmented by age

(below and over 60 years), BMI (below and over 25-29.9 kg/m²). Additionally, we examined

conditions including hypertension, migraine, diagnosed depression, smoking, stress, and

fatigue (measured by the Fatigue Severity Scale[24]), designating each condition's status as

either ‘present’ and ‘absent’ or ‘severe’ and ‘mild’. To reinforce confidence in our

performance metrics and facilitate comparisons, we employed a bootstrapping technique.

This involved generating multiple subsamples for each combination of comorbidity and its
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status. The bootstrapping process, repeated for each comorbidity, involves sampling with

replacement from the original dataset and subsequently recalculating the metrics for each

subsample.

With the objective of developing a screening tool in mind, the assessment of specificity and

sensitivity metrics was prioritized, but AUC was also reported. High sensitivity guarantees

that true cases are not missed, while high specificity reduces false alarms, optimizing

resource use and building user trust. Performance metrics were computed independently for

each bootstrap iteration within the respective groups. To evaluate the statistical significance

of performance differences between categories, we employed the Mann-Whitney U test.

Finally, to account for multiple comparisons, we adjusted the p-values obtained from these

statistical tests using a Bonferroni correction.

Sensitivity analysis

As a sensitivity analysis, we conducted a Bland-Altman analysis between the voice-based

algorithms and the ADA risk score, which serves as a gold standard for assessing T2D risk

in the USA population[9]. Due to data limitations, physical activity levels and family history of

diabetes were not available in Colive Voice and were set to zero for all participants by

default. In this context, the modified ADA risk score ranges from zero, denoting no T2D risk,

to seven, indicating a high risk.

Results

Population characteristics

We analyzed 323 females and 284 males based on T2D status. The majority were identified

as white: 73.3% of females with T2D, 76.5% of females without T2D, 77.5% of males with

T2D, and 71.8% of males without T2D.
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Significant differences were identified across the groups, including age, BMI (t-test p-value <

0.001), and prevalence of hypertension (chi2 p-value < 0.001). Those with T2D, in both

genders, had higher average ages and BMIs than those without T2D. Specifically, females

with T2D had an average age of 49.5 years and a BMI of 35.8 kg/m², compared to 40.0

years and 28.0 kg/m² in those without T2D. Male participants with T2D had an average age

of 47.6 years and BMI of 32.8 kg/m², whereas those without averaged 41.6 years and 26.6

kg/m².

Hypertension was more prevalent among the T2D group. Among females with T2D, 50%

reported hypertension, compared to 11.18% in the group without T2D. For males, a similar

trend was observed, with 58.5% of those with T2D having hypertension, compared to 12.7%

without the condition.
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Depression diagnosis history also was more prevalent in those with T2D (chi2 p-value <

0.001), especially in females: 61.7% with T2D reported depression, compared to 45.3%

without T2D. Among males, the rates were 48.6% for those with T2D and 31.7% for those

without T2D. Other health conditions and scores are included in Table 1.

Table 1: Study population characteristics

The table presents clinical data describing the overall population of the study. Categorical data are

represented by total numbers and percentages, with the calculated p-values derived from chi-square

tests. Continuous data are represented by mean and standard deviation, with p-values calculated

using the Student's t-test.
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Female group Male group

T2D status Without T2D With T2D P-value Without T2D With T2D P-value

Participants (N) 161 162 - 142 142 -

Age (year) 40.0 (13.5) 49.5 (12.1) <0.001 41.6 (14.0) 47.6 (13.4) <0.001

Body Mass Index (kg/m²) 28.0 (7.3) 35.8 (8.9) <0.001 26.6 (5.5) 32.8 (8.5) <0.001

Ethnicity: White 118 (73.3%) 124 (76.5%)

0.28

110 (77.5%) 102 (71.8%)

0.59Ethnicity: Black 20 (12.4%) 21 (13.0%) 10 (7.0%) 12 (8.5%)

Ethnicity: Other 23 (14.3%) 17 (10.5%) 22 (15.5%) 28 (19.7%)

Fatigue Severity Scale 32.3 (13.4) 40.3 (12.3) <0.001 31.3 (12.8) 40.3 (12.3) <0.001

Perceived stress (% yes) 38 (23.6%) 49 (30.3%) 0.48 29 (20.4%) 38 (26.7%) 0.16

Smoking (% yes) 28 (17.4%) 19 (11.7%) 0.22 32 (22.5%) 34 (23.9%) 0.24

Migraine (% yes) 33 (20.5%) 43 (26.5%) 0.25 16 (11.3%) 19 (13.4%) 0.72

Thyroidic disease (% yes) 0 (0%) 37 (22.8%) <0.001 0 (0%) 10 (0.7%) <0.01

Hypertension (% yes) 18 (11.2%) 81 (50.0%) <0.001 18 (12.7%) 83 (58.5%) <0.001

Diagnosed depression (% yes) 73 (45.3%) 100 (61.7%) <0.01 45 (31.7%) 69 (48.6%) <0.01

HbA1c (%) - 7.14 (1.8) - - 7.20 (1.7) -

Diabetes treatment (% yes) - 126 (77.8%) - - 114 (80.3%) -

Diabetes duration (year) - 8.9 (7.3) - - 9.1 (7.6) -



Algorithms’ performances

In both genders, MLP classifiers trained with BYOL-S/CvT embeddings significantly

outperformed those trained solely on OpenSMILE features in both males and females (Table

2).

Table 2: Results of the prediction models.

Table 2 presents the mean and standard deviation (in parentheses) of the performance metrics across

cross-validation folds. The selected algorithm for each gender group is highlighted in bold. Logistic

Regression (LR), Multi-layer Perceptron (MLP), Support Vector Machine Radial basis function kernel

(SVM RBF).

For the prediction of T2D in females, the classifier achieved a sensitivity of 0.67±0.11,

specificity of 0.66±0.04, an AUC of 0.71±0.07 and a Brier score of 0.31. For the prediction of

T2D in males, the reported performance metrics were a sensitivity of 0.73±0.03, specificity of
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Features

Dimensionality

reduction Classifier Accuracy Specificity Sensitivity AUC

Female

group

Opensmile

ComParE

2016 (6373)

200 selected

features

LR 0.60 (0.03) 0.60 (0.03) 0.62 (0.07) 0.62 (0.02)

MLP Classifier 0.63 (0.02) 0.61 (0.02) 0.74 (0.02) 0.66 (0.02)

SVM RBF 0.57 (0.02) 0.57 (0.02) 0.63 (0.03) 0.61 (0.01)

Byol-S

embeddings

(2048)

PCA,

n_components=

n_samples

LR 0.67 (0.04) 0.68 (0.04) 0.65 (0.11) 0.70 (0.06)

MLP Classifier 0.67 (0.04) 0.66 (0.04) 0.67 (0.11) 0.71 (0.07)

SVM RBF 0.66 (0.04) 0.65 (0.07) 0.67 (0.11) 0.71 (0.05)

Male group

Opensmile

ComParE

2016 (6373)

100 selected

features

LR 0.56 (0.02) 0.55 (0.01) 0.58 (0.05) 0.61 (0.05)

MLP Classifier 0.61 (0.05) 0.61 (0.06) 0.63 (0.06) 0.64 (0.05)

SVM RBF 0.57 (0.05) 0.57 (0.06) 0.54 (0.05) 0.57 (0.05)

Byol-S

embeddings

(2048)

PCA,

n_components=

100

LR 0.69 (0.04) 0.66 (0.07) 0.72 (0.03) 0.73 (0.06)

MLP Classifier 0.71 (0.02) 0.70 (0.02) 0.73 (0.03) 0.75 (0.05)

SVM RBF 0.70 (0.04) 0.64 (0.05) 0.76 (0.03) 0.78 (0.05)



0.70±0.02, an AUC of 0.75±0.05 and a Brier score of 0.22 (Fig 2). The predicted probability

of having T2D is then used for the sensitivity analysis with ADA risk score.

Performance stratification

The specificity and sensitivity metrics showed variability across various subgroups.

When stratifying by key demographics, notable differences were observed for females

across age categories, with females aged 60 and above exhibiting higher specificity

(0.74±0.12), sensitivity (0.74±0.07), and AUC (0.74±0.07) compared to females aged below

60 for both specificity and sensitivity (0.65±0.04), and for AUC (0.65±0.03) (Table 3).

Table 3: Performance stratification of voice-based T2D status detection algorithms.
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Females Males

Specificity Sensitivity AUC Specificity Sensitivity AUC

Demographics

Age
<60 y 0.65 (0.04) 0.65 (0.04) 0.65 (0.03) 0.70 (0.04) 0.74 (0.04) 0.72 (0.03)

≥ 60y 0.74 (0.12) 0.74 (0.07) 0.74 (0.07) 0.70 (0.11) 0.70 (0.10) 0.70 (0.07)

Body Mass

Index

<25 kg/m² 0.68 (0.06) 0.58 (0.12) 0.63 (0.07) 0.70 (0.06) 0.78 (0.09) 0.74 (0.05)

≥ 25 kg/m² 0.65 (0.05) 0.68 (0.04) 0.67 (0.03) 0.69 (0.05) 0.72 (0.04) 0.71 (0.03)

Comorbidities

Hypertension
Present 0.76 (0.11) 0.75 (0.05) 0.75 (0.06) 0.72 (0.11) 0.76 (0.05) 0.74 (0.06)

Absent 0.65 (0.04) 0.61 (0.05) 0.63 (0.03) 0.69 (0.04) 0.70 (0.05) 0.70 (0.03)

Migraine
Present 0.86 (0.07) 0.75 (0.07) 0.80 (0.05) 0.67 (0.12) 0.71 (0.11) 0.69 (0.09)

Absent 0.62 (0.04) 0.65 (0.04) 0.65 (0.04) 0.70 (0.04) 0.74 (0.04) 0.72 (0.03)

Lifestyle

factors and

symptoms

Smoking
Present 0.60 (0.09) 0.53 (0.12) 0.57 (0.07) 0.74 (0.09) 0.76 (0.07) 0.75 (0.06)

Absent 0.67 (0.04) 0.69 (0.04) 0.68 (0.03) 0.69 (0.04) 0.72 (0.04) 0.71 (0.03)

Depressive

symptoms

Severe 0.75 (0.05) 0.71 (0.05) 0.73 (0.03) 0.71 (0.07) 0.71 (0.06) 0.71 (0.04)

Mild 0.58 (0.05) 0.61 (0.06) 0.60 (0.04) 0.69 (0.05) 0.75 (0.05) 0.72 (0.03)

Stress
Present 0.76 (0.07) 0.62 (0.07) 0.69 (0.05) 0.69 (0.09) 0.77 (0.07) 0.72 (0.06)

Absent 0.63 (0.04) 0.70 (0.04) 0.66 (0.03) 0.70 (0.04) 0.72 (0.04) 0.71 (0.03)

Fatigue
Severe 0.68 (0.06) 0.68 (0.05) 0.68 (0.04) 0.71 (0.06) 0.73 (0.05) 0.72 (0.04)



This table provides an overview of various metrics, differentiated by gender across different

demographic factors, comorbidities, and lifestyle factors. The statistical significance of

performance differences between categories was evaluated using the Mann-Whitney U test,

with all results being statistically significant (p < 0.001).

Conversely, no noticeable disparities were observed among males.

When considering comorbidities, hypertension emerged as a significant enhancer of the

algorithm's performance in both genders. The presence of hypertension enhanced the

sensitivity (0.75±0.05 for females and 0.76±0.05 for males), highlighting the algorithm's

efficiency in detecting T2D in individuals with hypertension. On the other hand, for females,

migraine considerably increases specificity to 0.86±0.07 and sensitivity to 0.75±0.07, while

for males with migraine, both specificity (0.67±0.12) sensitivity (0.71±0.11) is lower. This

suggests that migraine has a more pronounced impact on the accuracy of T2D detection in

women than in men.

Lifestyle factors and symptoms also influence performance. The presence of depressive

symptoms significantly impacts the algorithm’s performance in women, increasing both

specificity (0.75±0.05) and sensitivity (0.71±0.05). Conversely, for men, the impact of

depressive symptoms are less prominent, with a slight decrease in sensitivity (from

0.75±0.05 to 0.71±0.06) yet a stable specificity of 0.71±0.07. This demonstrates enhanced

accuracy in detecting T2D in women with depression. Smoking and stress revealed

gender-specific impacts; smoking led to higher sensitivity in males (0.76±0.07) compared to

a decreased sensitivity in females (0.53±12). Similarly, stress resulted in increased

sensitivity for men (0.77±0.07) but decreased for women (0.62±0.07). Fatigue showed a

uniform impact on specificity in both genders yet an increase in sensitivity in females with

severe fatigue (0.68±0.05) compared to a stable sensitivity for males of (0.73±0.05).

Overall, the data indicates that the algorithm's specificity and sensitivity are influenced by

demographic factors, comorbidities, and lifestyle factors, with notable differences observed
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Mild 0.65 (0.05) 0.66 (0.06) 0.65 (0.04) 0.69 (0.05) 0.73 (0.06) 0.71 (0.04)



between genders. These findings underscore the importance of considering these variables

in the development and refinement of diagnostic tools, ensuring more accurate and

gender-specific healthcare strategies in managing and diagnosing T2D.

Agreement with ADA risk score

In the Bland-Altman analysis, the mean difference indicates the average bias between the

algorithm's scores and the ADA risk scores. This analysis indicates that the algorithm has a

mean difference of 0.57 for females and -0.15 for males compared to the ADA risk score,

with over 93% agreement within acceptable limits for both genders, showing consistent

agreement across genders (see Supplemental Figure).

Furthermore, we calculated the AUC for the ADA score and found comparable results to the

voice-based algorithm's performance: AUC for the ADA risk score was 0.72 for females and

0.71 for males, compared to the algorithm's AUC of 0.71 (0.07) for females and 0.75 (0.05)

for males. These findings indicate that our voice-based algorithm performs similarly to the

established ADA risk score, further supporting its potential as a reliable screening tool for

T2D.

Discussion

In this study, using a large sample from the USA population, we developed voice-based

algorithms to detect T2D status. Our goal was to explore the possibility of using a rapid,

user-friendly voice recording as a T2D status predictor. We observed that the performance of

the predictive algorithms was maximal when trained using the hybrid BYOL-S/CvT

embeddings, achieving AUC scores of 0.75 and 0.71 for the male and female groups,

respectively. Besides demonstrating overall fair to good performances, we also examined

the influence of cofactors on voice-based T2D status prediction, which allowed us to identify

key subgroups of the population with enhanced performances. In a sensitivity analysis, we
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have confirmed a strong agreement with the currently used questionnaire-based ADA risk

score, a gold standard for T2D risk assessment in the USA.

Undiagnosed T2D or delayed diagnosis can accelerate the occurrence of serious

diabetes-related complications, including cardiovascular diseases, neuropathy, retinopathy,

and nephropathy[25]. One potential under-investigated effect of T2D is its impact on voice,

which may be due to the disease’s influence on respiratory and neuromuscular

functions[19,20,26]. It was already shown that pulmonary function is reduced in people with

T2D compared to those with no diabetes[27]. For speech production, an individual needs a

sufficient air intake, which then travels through the trachea and larynx, causing vocal fold

vibrations. Articulating these vibrations into speech requires various small muscles in the

neck and throat, connected by a large nerve network. Diabetes is commonly linked to

peripheral neuropathy, but it can also impact other systems[28]. This includes potential nerve

damage in the throat and neck region, which is vital for speech production. Research has

suggested that diabetes can lead to voice changes, especially in those with poor glucose

control, causing symptoms like hoarseness and strain[18,28]. These patients often have

reduced maximum phonation times, indicating neuromuscular and respiratory

alterations[18,20,28]. Building upon this, our study, with its larger sample size, offered a

comprehensive exploration of the vocal and physiological complications associated with

T2D. By assessing cofactors, we also highlighted how they influence voice patterns,

providing valuable insights for future diagnostic strategies.

Key demographic indicators, mainly age, were central in T2D status prediction using voice,

especially for women. This aligns with existing research that emphasizes the importance of

this variable as a critical determinant of diabetes risk[29,30]. We observed that older females

(≥60) exhibited higher specificity, sensitivity, and AUC compared to younger ones (<60), but

no difference was observed in males. An adult woman's average fundamental frequency

range is 165 to 255 Hz, while a man's is 85 to 155 Hz[31]. In females, hormonal changes

related to menopause can affect vocal cords and larynx and, consequently, cause a drop in

the fundamental frequency of the voice[32]. These hormonal variations may interact with the
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metabolic disruptions caused by diabetes, leading to observable changes in voice pitch. On

the other hand, males, not subject to the same degree of hormonal fluctuations, may exhibit

less noticeable alterations in fundamental frequency.

Additionally, hypertension emerged as a key influencer in T2D status detection using voice,

improving the predictive performance for both genders by up to 6%. While hypertension is

known to be associated with diabetes development[33], it is not commonly incorporated into

standard T2D risk assessment tools and its correlation with voice changes remains relatively

unexplored[33,34].

Another distinguishing feature of our study is the gender-specific analysis of voice-based

algorithms. We found that while certain determinants of T2D status were consistently

influential across genders, others displayed gender-specific variations. Discrepancies

observed in the impact of conditions such as migraines and on the voice-based T2D status

detection algorithm’s performance might be traced back to inherent gender-based

physiological differences. Women are also more likely to experience migraine than men, with

more frequent and severe attacks[35]. Besides, migraine and diabetes have already been

shown to be associated with women[36], and our study confirms that this association can be

captured by changes in female voices[37]. The varying impact of smoking on the algorithm’s

performances between genders may reflect gender-specific vocal changes caused by

smoking[37,38]. Depression affects voices differently between men and women, suggesting

that depression is linked to a higher risk of diabetes in women, but not in men[39,40]. This

gender-specific association might explain the observed disparities in voice changes. The

physiological and psychological stresses associated with depression may induce subtle

voice changes that vary between genders, potentially due to hormonal or neurological

differences. This variation might be more pronounced in women due to the combined impact

of hormonal disruptions related to both diabetes and depression. Stress and fatigue, both of

which can affect voice quality[41,42], seem to influence the algorithm’s performance in a

gender-specific manner. These factors, known to play roles in glucose metabolism and

insulin resistance[43], likely contribute to the voice patterns identified by the algorithm as
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indicative of T2D risk.

Such a sensitivity analysis is rarely performed in the field of vocal or digital biomarkers, as

authors frequently report overall performances only. Our approach underscores that

integrating the analysis of the influence of key demographic and health parameters is

essential before developing any reliable voice-based screening tool. This helps to

understand the potential physiological influence of these factors on either voice features or

the health outcome of interest. Identifying the key sub-groups in the population is crucial to

determining where the performance of these tools could be optimal.

Strengths and limitations

This work has several strengths. First, we used the most comprehensive sample of USA

participants with standardized voice ecological recordings, collected in a real-life setting,

compared to existing datasets. Additionally, we performed the analysis separately, stratified

for males and females, to account for major gender differences in voice characteristics and

to mitigate gender bias. Voice features can vary significantly between males and females

due to physiological and hormonal differences, which can affect the accuracy and

performance of the algorithm if not accounted for. By developing separate models for each

gender, we were able to fine-tune the algorithms for the specific characteristics of males and

females, improving overall predictive performance and ensuring fairness and generalizability.

Besides displaying overall good performances, we also performed additional analyses to

identify important subgroups where the voice-based algorithms would perform even better.

Our comparative analysis of cofactors emphasized the complex nature of T2D and its

interaction with voice characteristics, providing some levels of interpretability and

explainability to the algorithms. Importantly, we have been able to benchmark the

voice-based algorithms against an existing screening strategy in the USA, and we

demonstrated a strong agreement with the ADA risk score. This concordance reinforces the

potential use of voice-based analysis as a viable first-line screening tool for T2D.
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There is also scope for further refinement before such algorithms can be considered ready

for implementation as a screening tool and several limitations have to be acknowledged in

our study. First, due to data constraints in ADA score calculation, missing values for

parameters, namely physical activity and family history of diabetes were assigned a value of

zero for all participants by default. While this approach might introduce less variability in the

ADA scores, the potential for misclassification arises. However, the impact of this limitation is

somewhat limited since the ADA score is primarily driven by age and BMI, which are

available in our study. Even though they represent different constructs, we have still

observed a strong agreement between the voice-based algorithms and the ADA risk score.

Another limitation is that our study relied on a sample of English speakers only, with diverse

T2D durations. To robustly establish and reinforce the performance of a future screening tool

in predicting T2D, a more diverse and large dataset is needed, while specifically targeting

early-stage T2D and prediabetes cases. Additionally, conducting longitudinal studies will

help to better understand how changes in voice characteristics correlate with the

development and progression of T2D. This approach will provide insights into the main

clinical diabetes-related parameters, such as glycemic control and diabetes-related

complications, and help establish causal relationships. Furthermore, it is also important to

generalize this research across different populations, with diverse backgrounds and

languages. Expanding datasets will allow a deeper examination of nuanced factors,

comorbidities, and their interactions affecting voice-based screening tools in predicting T2D.

Conclusion and Perspectives

This work demonstrates the potential of using voice analysis in a diabetes context. A voice

recording could soon potentially be used as a scalable, non-invasive first-line diabetes

screening strategy. Future research should focus on targeting individuals with early-stage

T2D and prediabetes and expanding our findings to other populations in prospective studies.

Given the high societal costs of undiagnosed diabetes in the USA, our findings open new
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perspectives to improve secondary prevention, reduce the impact of diabetes and prevent

severe complications and premature diabetes-related mortality.
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Figure Legends

Fig 1: General workflow.
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Fig 2: Voice-based T2D status detection algorithms' overall performance.

A: Predicted probability distribution by T2D status

B: Confusion matrix of the selected models

C: AUC-ROC curve of the selected mode
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Supplementary Figure: Bland-Altman plot showing the agreement between the

voice-based algorithms’ predicted probability and the ADA risk score for both gender groups

(A: Female group, B: Male group).

Note: The predicted probability was scaled by a factor of 7 for harmonization.

A.

B.
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Abstract

Regular monitoring of the respiratory quality of life (RQoL) is essential in respiratory healthcare,

facilitating prompt diagnosis and tailored treatment for chronic respiratory diseases. Voice alterations

resulting from respiratory conditions create unique audio signatures that can potentially be utilized

for disease screening or monitoring. Analyzing data from 1908 participants from the Colive Voice

study, which collects standardized voice recordings alongside comprehensive demographic,

epidemiological, and patient-reported outcome data, we evaluated various strategies to estimate

RQoL from voice, including handcrafted acoustic features, standard acoustic feature sets, and

advanced deep audio embeddings derived from pretrained convolutional neural networks. We

compared models using clinical features alone, voice features alone, and a combination of both. The

multimodal model combining clinical and voice features demonstrated the best performance,

achieving an accuracy of 70.34% and an AUC of 0.77. A model utilizing voice features alone reached

an accuracy of 65.57% and an area under the curve (AUC) of 0.70, improving over the clinical features

by 1.5%. Our digital voice-based biomarker is capable of accurately predicting RQoL, either as an

alternative to or in conjunction with clinical measures, and could be used to facilitate rapid screening

and remote monitoring of respiratory health status.

Introduction

Monitoring chronic respiratory diseases or other conditions that affect breathing is a foundation of

respiratory healthcare. Telemonitoring solutions can help in reducing the workload of clinicians,

decrease hospital admissions and shorten clinician response time, thus enabling more timely

intervention. Remote monitoring is of utmost importance for identifying clinically relevant

deterioration in the Respiratory Quality of Life (RQoL) and may be used as a prognostic tool for

chronic respiratory conditions, such as Chronic Obstructive Respiratory Disease (COPD) or asthma. A

recent study proves that a decrease in RQoL by 4 points over a period of one year, measured by the St

George's Respiratory Questionnaire (SGRQ)1, was associated with increased hospitalization and

mortality. Besides SGRQ, other questionnaires have been also developed for estimating RQoL,

including Chronic Respiratory Disease Questionnaire (CRDQ)2, Breathing Problems Questionnaire

(BPQ)3, and VQ114, just to name a few. Although questionnaires are considered essential in

epidemiological studies, they are subjective, prone to biases and time-consuming; therefore,

investigating alternative methods, such as analyzing voice characteristics, may provide valuable,

scalable, easy-to-use solutions into assessing RQoL, requiring no invasive or cumbersome equipment,

only a smartphone to record the voice.

The voice is a result of the airstream initiated in the lungs and respiratory airways, and passed

through the larynx, causing the vibration of vocal folds, and furthermore through the oral and nasal

cavity, where the sound is shaped and articulated. Respiratory diseases can alter the voice production

process, resulting in distinctive changes in voice. Previous studies have shown that inspiratory closure

of vocal folds, which causes refractory breathlessness, occurs frequently in COPD5. Changes in

breathing and voice are highly correlated with altered lung function in patients with COPD6, most

likely affected by respiratory and muscle damage7. Acoustic features extracted from the speech are

clearly distinctive during COPD exacerbation and stable periods8, and are even distinguishable up to 7

days before the onset of symptoms6. Therefore, they could be used as an early warning system for

COPD exacerbation.
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Decreased voice-related quality of life, persistent cough and laryngeal dysfunction are also associated

with up to 88% of patients with severe asthma9. Abnormal movements of vocal folds are caused by

muscle tension in the vocal folds and larynx9. Vocal signatures extracted from voice recordings can be

used to identify asthma worsening as a substitute to measures of lung function10.

There are multiple advantages of monitoring respiratory diseases using voice recordings. The

technology is non-invasive, cost-efficient and practical, requiring only smartphones to capture the

voice; thus, could be used from patients' homes for real-life remote monitoring in-between clinical

visits or as a screening tool. Vocal biomarkers extracted from smartphone voice recordings were

already used to identify pulmonary hypertension11, and to monitor the recovery process of patients

with influenza12. A number of studies for screening of COVID-19 from voice and cough smartphone

recordings has recently appeared, either for the detection of COVID-1913–16, or for discriminating

between the symptomatic and asymptomatic cases17.

Contrary to the previous research works which were mostly focused on the identification and/or

monitoring of respiratory diseases from voice, in this paper we investigated whether RQoL can be

assessed from voice features. Instead of targeting a single respiratory disease, we analyze RQoL in a

general population containing participants with multiple respiratory conditions (e.g. asthma, COPD)

as well as participants with no history of respiratory diseases, by stratifying them according to VQ11

scores, and comparing voice signatures extracted from sustained vowel phonation recordings. As an

objective measure, vocal biomarkers can increase the reliability of screening based only on subjective

self-reports. To support this hypothesis, we used data from the international, multilingual Colive Voice

initiative to show that voice can be utilized as a universal biomarker for monitoring chronic

respiratory conditions, either alone, or in addition to clinical parameters extracted from

self-administered questionnaires. To our knowledge, this is the first study that proposes a multimodal

approach combining voice features with clinical data.

Results

Study design

Colive Voice (https://www.colivevoice.org) is an international digital health study established and led

by the Luxembourg Institute of Health which aims at identifying vocal biomarkers for remote

monitoring and screening of various chronic diseases and frequent health symptoms. The multilingual

audio databank is collected in four languages (English, French, German and Spanish) and contains

recordings of multiple vocal tasks, including sustained vowel phonation, coughing, breathing, reading

and counting. Voice recordings are associated with annotated clinical and demographic data,

providing an in-depth patient characterization with validated disease-specific questionnaires on

symptoms, treatments and quality of life. Colive Voice has been hosted online since June 2021 and is

open for participation to anyone, under the condition that: 1) they sign the consent form and 2) they

are at least 15 years old.

Assessment of respiratory quality of life (RQoL)

Part of the study is dedicated to the investigation of RQoL in the general population with voice

recordings collected via a large-scale crowdsourced campaign, and accompanied with annotations of

RQoL via self-administered VQ11 questionnaire, as well as clinical and demographic data.
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Unlike SGRQ and BPQ, which are extensive (76 items in SGRQ and 33 items in BPQ) with complex

scoring, making them unsuitable for repeated evaluations in clinical practice as well as a regular use

in real life, VQ11 is a brief questionnaire with only 11 items distributed across functional components

(3 items), psychological components (4 items) and social components (4 items). Although much

simpler and faster to record, VQ11 shows a high correlation with SGRQ4. Each item in VQ11 is

represented by five categories (not at all, a little, moderately, much, extremely) which reflect the

participant’s feeling about the statement associated with a particular item, and can be represented by

a value from 1 to 5. The total score is obtained by summing all individual items, leading to a score

between 11 and 55 with a lower value indicating better RQoL4. We stratify the participants in the

study into two categories using the cut-off VQ11 score of 22: 1) Impaired RQoL (VQ11≥22), and 2)

normal RQoL (VQ11<22)18,19.

Since the number of participants with impaired RQoL was significantly lower than the normal RQoL,

we select a balanced subset matched by age and gender composed of 1908 sustained vowel

recordings in total, equally distributed between two groups.

Voice recording task

We use in this paper sustained phonation of a single vowel /a/ produced at a comfortable pitch and

loudness as long as possible, since it provides valuable information about the pulmonary function,

and in addition, it is less susceptible to language bias, which may be present in the multi-lingual data

collection. Reduced pulmonary function leads to decreased airflow necessary to support phonation20,

which in turn is reflected in reduced RQoL.

Evaluation of RQoL from socio-demographic/clinical data

Before evaluating the relevance of vocal biomarkers for estimating RQoL, we set up a baseline

experiment where only socio-demographic data (Body Mass Index (BMI), smoking habits) and clinical

data (day and night coughing, chest pain, sore throat, as well as associated diseases such as asthma

and COPD) from the participants’ self-reports were used for prediction of RQoL status. Categorical

variables were encoded as one-hot representations, leading to 23 features in total. Performance is

averaged over 5 folds (Table 1), with the best area under the receiver operating characteristic curve

(AUC) of 0.70, and accuracy of 64.1% obtained using the Logistic Regression (LR) classifier. We also

presented the feature importance based on the mean impurity decrease for the Random Forest (RF)

model in Figure 1, revealing that BMI is the most important socio-demographic variable, followed by

clinical symptoms related to day and night coughing.

Evaluation of RQoL from voice recordings

We investigated whether voice-related information could be used as a digital biomarker for RQoL. To

that end, we extracted a set of handcrafted audio features (Suppl. Table 1), as well as two widely used

general audio feature sets (eGeMAPS and ComParE). In addition to this, four state-of-the-art deep

audio embeddings are evaluated (VGGish, YAMNet, OpenL3, BYOL-A) which proved to be highly

competitive across multiple audio tasks. The features were either fed directly to the classifier, or in

the case of deep audio embeddings, underwent Principal Component Analysis (PCA) to reduce the

dimensionality of feature vectors. The results for the assessment of RQoL from voice were provided in

Table 2, with the best performance reaching AUC equal to 0.7 and accuracy of 65.57% using BYOL-A
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deep audio embeddings. BYOL-A substantially outperforms all other feature extraction techniques by

over 2%.

To highlight the characteristics of sustained vowel phonation labeled with normal and impaired RQoL,

we showed in Figure 2 spectrograms of two participants matched by age and gender (males, 67 years

old): one with normal RQoL without the history of pulmonary diseases, but with a diagnosed

COVID-19 more than 3 weeks before the recording was made; and one with extremely impaired RQoL

(VQ11 score: 46) diagnosed with asthma-COPD overlap syndrome. Even though the normal RQoL

example is actually a boundary case (VQ11 score: 21, cut-off value 22), the differences in

spectrograms are clearly visible. While the normal RQoL recording is represented by uninterrupted

phonation, with clearly distinctive harmonics (Figure 2a), impaired RQoL recording is characterized by

strangled voice with multiple stoppages and voice breaks, and increased energy areas in higher

frequency bands, which are most likely caused by aperiodic noise produced at a glottal constriction

(Figure 2b). Furthermore, the absence of higher harmonics above 1kHz can be observed throughout

the spectrogram, and as phonation progresses, even the adjacent lower harmonics become smeared

and more difficult to distinguish. However, for the impaired RQoL voice recordings with VQ11 score

closer to cut-off value, the differences are not so distinct.

Evaluation of RQoL from fused socio-demographic/clinical data and

voice recordings

Finally, by fusing socio-demographic/clinical with voice features, we can quantify how much voice

features can boost the performance of the socio-demographic and clinical data, uncovering the full

potential of the multimodal data fusion. The results for the assessment of RQoL from multimodal

features are provided in Table 3, whereas the comparison of the best-performing machine learning

model for the socio-demographic/clinical features only, voice features only and multimodal features

obtained after their fusion is presented in Figure 3. By using intermediate fusion (feature level fusion)

we show that clinical data extracted from questionnaires and voice features obtained as the

higher-level representations extracted from raw audio signals are complementary, leading to a

substantial performance boost (accuracy equal to 70.34% and AUC equal to 0.77 using the

combination of BYOL-A audio embeddings and socio-demographic/clinical features). Note that

specificity is, in general, higher than sensitivity for all models, i.e. the models are still better at

predicting normal than impaired RQoL. This is also visible from the confusion matrix of the

best-performing model (fused BYOL-A and socio-demographic/clinical features, trained with LR

classifier) shown in Figure 4a, where it is clear that the number of false negatives is substantially

larger than the number of false positives. Using the Brier score as a measure of calibration, the same

multimodal model achieves the lowest average Brier score over all folds equal to 0.19 with a nearly

linear calibration curve, as shown in Figure 4b. Figure 4c displays the ROC curve of the

best-performing model.

Finally, since our objective was to quantify how much the vocal biomarkers increase the reliability of

screening based only on subjective self-reports, net reclassification improvement (NRI) was used to

estimate the improvement in performance after fusing vocal biomarkers with

socio-demographic/clinical predictors. Table 3 reveals that vocal biomarkers indeed improve the

predictive capability of demographic and clinical variables for all acoustic features, with the biggest

improvement measured by NRI of 0.19 for eGeMAPS features modeled with SVM.
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Discussion

In this large international study, we have developed a digital voice-based biomarker for monitoring of

RQoL using a combination of standard self-reported clinical information and voice-related features.

We have shown that voice brings complementary information to improve the performances of the

predictive model and increase the reliability of screening based only on subjective self-reports,

reaching a full potential when both clinical and voice modalities are used conjointly in a multimodal

setup.

RQoL has been evaluated from socio-demographic and clinical factors in various respiratory diseases,

but mainly focusing on a single disorder, such as COPD21 22, asthma23, idiopathic pulmonary fibrosis24,

or COVID-1925. There were also attempts to investigate the effect of several respiratory diseases

simultaneously on RQoL by using a multicase-control design, where the use cases were COPD,

asthma, allergic and non-allergic rhinitis26. However, limited efforts were made to evaluate RQoL in

the general population. A large five-year cohort study in Malawi was carried out to investigate the

high prevalence of reduced lung function in Sub-Saharan Africa and its association with RQoL in the

general population27.

To establish a baseline for evaluation of RQoL from vocal biomarkers in the general population, we

first estimated RQoL based on a number of socio-demographic (BMI, smoking habits) and clinical

variables (day and night coughing, chest pain, sore throat, asthma, COPD). The feature importance

analysis revealed that BMI is the most important socio-demographic variable. This confirms previous

findings that BMI is significantly correlated with RQoL in COPD28 and asthma29, suggesting

furthermore that RQoL of obese patients improves after weight reduction28.

We further investigated whether digital biomarkers extracted from voice can act as a substitute for

standard clinical measures estimated from questionnaires. Contrary to questionnaires which are

mostly done during on-site clinical visits and can be tedious, voice recordings allow quick and

easy-to-use data collection at patients’ homes; thus, substantially facilitating remote patient

monitoring30. Our vocal biomarkers outperformed socio-demographic/clinical predictive factors by

approximately 1.5% in terms of accuracy, confirming their potential to be a surrogate for clinical

measures. The best-performing features are BYOL-A, which are general-purpose audio

representations extracted with a model pretrained on a large amount of out-of-domain audio data in

a self-supervised manner, i.e. requiring no annotations31. After freezing the convolutional layers, only

the classification head is fine-tuned with the sustained vowel phonation collected within the Colive

Voice study. This allows training the deep neural network models even with limited available voice

data, and furthermore enables deploying for real-time inference, in applications that require low

latency. However, deep audio embeddings such as BYOL-A suffer from limited interpretability, which

might be an issue in a clinical application. Therefore, trade-off between performance and

interpretability has to be considered when selecting the audio features.

Finally, fusing clinical and voice features in a multimodal setup allows focusing on different aspects of

RQoL, localizing a broad range of information extracted from different modalities, and enabling more

robust prediction models. The fusion of audio features with textual (word embeddings) and vision

features (facial action units) has already been shown to improve the performance of unimodal

approaches for the detection of clinical depression32 33. A deep multimodal fusion model that learns

indicators of Alzheimer’s disease from audio and text modalities, as well as disfluency features,

increases the predictive power of audio features34. Fusion of speech, handwriting and gait data

enables accurate evaluation of neurological state in different stages of Parkinson's disease35. To the
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best of our knowledge, there were no previous attempts to combine voice features with clinical data

for application in healthcare. By using intermediate feature level fusion we proved that voice features

and clinical variables extracted from self-administered questionnaires are indeed complementary,

leading to improved performance in comparison to both unimodal approaches by almost 5% in terms

of accuracy, and up to 7% in terms of AUC. The intermediate fusion has an advantage in flexibility of

extracting marginal representations appropriate for each modality, and arguably reflects more closely

the relationships between the modalities36. To avoid producing high-dimensional joint feature

representations, PCA was used to reduce the dimensionality of feature vectors coming from different

modalities to the same length.

To further evaluate not only the ability of the model to accurately predict the class labels, but also the

associated probability, the Brier score was used. The well-calibrated model is neither underconfident,

nor overconfident, i.e. the true frequency of the positive label (impaired RQoL score in our case)

against its predicted probability is approximately linear. This is confirmed by a solid average Brier

score, and a calibration curve that does not deviate substantially from the perfectly calibrated model.

A major strength of this study is the fact that the dataset is acquired via a mobile app at participants’

homes, i.e. in uncontrolled conditions close to real-world circumstances. This confirms the feasibility

of using a digital voice-based biomarker to provide quantitative measurements of RQoL, and enable

regular remote monitoring in real life without relying on costly, invasive or cumbersome equipment;

thus, facilitating personalized and more timely treatment, according to the patient’s needs and

general health status. It is a step towards the development of scalable, non-invasive, easy-to-use and

low-cost solutions for remote monitoring and rapid screening of respiratory health status.

However, a crowdsourced data collection poses multiple challenges and could be also observed as a

limitation. There is a risk of acquiring low-quality answers from the self-administered questionnaires

and introducing noise in the data, making it more difficult to infer the ground truth labels. We

mitigated this risk by using a well-known, clinically validated questionnaire to assess RQoL. Recording

voice using multiple devices, different qualities of microphones, and various recording conditions

make data collection additionally challenging, resulting in different quality of audio recordings. For

this purpose, we developed a proprietary data processing pipeline that harmonizes recordings and

performs quality checks, but we cannot entirely exclude the possibility of having some low-quality

recordings in our dataset.

To summarize, in this paper we developed a digital voice-based biomarker for monitoring RQoL in the

general population. Our results confirm that vocal biomarkers can be a viable surrogate for standard

clinical measures estimated from questionnaires, but also that the ultimate capacity is unlocked in a

multimodal setup when clinical and voice data are used together. The best performance was obtained

with a feature-level fusion of BYOL-A deep audio embeddings and socio-demographic/clinical

variables, reaching an accuracy of over 70% and AUC of 0.77, a performance boost of over 2% in

comparison to handcrafted acoustic features.

Methods

Data analysis pipeline

A full workflow of RQoL monitoring from data acquisition to the prediction of RQoL is shown in Figure

5. RQoL is estimated based on the VQ11 score and classified into impaired RQoL (VQ11≥22) or normal

RQoL (VQ11<22).
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Data acquisition and preprocessing

Participants were recruited via an online crowdsourced campaign or through partnerships with

various patient associations, academic institutions, hospitals, or other research initiatives (including

Les Sentinelles and the ComPaRe study, AP-HP). The full list of partners is available on the Colive Voice

website. Participants were invited to use an app (https://app.colivevoice.org/) accessible from

participants’ devices equipped with microphones (smartphone, tablet or laptop). Socio-demographic

data include BMI and smoking habits, while clinical data contains information about day and night

coughing, chest pain, sore throat, as well as associated diseases such as asthma and COPD from the

participants’ self-reported questionnaires. Categorical variables were encoded as one-hot

representations, leading to 23 features in total.

Participants were advised to make voice recordings in a quiet environment without the external noise

in order to preserve high-quality recordings. However, given that data is collected in uncontrolled

conditions and to account for the challenges related to the use of different devices, microphones, and

recording conditions for data collection, audio preprocessing using a proprietary pipeline was

performed to harmonize and prepare the recordings and prepare them for the subsequent steps.

Statistical analysis

We utilized an independent two-tailed t-test to compare the means of groups with normal and

impaired RQoL for continuous variables. For categorical variables, we applied a chi-square test. A

p-value less than 0.05 indicates a statistically significant difference. Only variables that were

statistically significant were used as socio-demographic and clinical features in further processing.

Table 4 provides the study population characteristics.

Feature extraction and fusion

We first extracted a set of 72 handcrafted audio features, that contain time domain, spectral, cepstral,

prosodic, and nonlinear dynamics features (Suppl. Table 1). Audio features were extracted using

Surfboard37, a Python library for feature extraction with application to the medical domain, as well as

Parselmouth38, a Python interface to Praat. We selected the audio features that are shown to be

relevant for vocal biomarker research across multiple diseases.

In addition to this, we used standard audio feature sets, i.e. extended Geneva Minimalistic Acoustic

Parameter Set (eGeMAPS)39 and ComParE, extracted using the openSMILE40. The eGeMAPS is a

minimalistic set of acoustic parameters for paralinguistic or clinical speech analysis which is composed

of 88 energy/amplitude, frequency, spectral and temporal features, as well as statistical functionals

applied to them (arithmetic mean, standard deviation, percentile). ComParE is a brute force audio

feature set that contains 65 low-level acoustic descriptors and various statistical functionals applied to

them, leading to a total of 6737 audio features.

Finally, we experiment with 4 different types of deep audio embeddings, i.e. VGGish41, YAMNet,

OpenL342, and BYOL-A31, which are state-of-the-art general audio features pretrained on large audio

collections that are successfully used for a number of downstream tasks. Characteristics of different

audio embeddings are provided in Suppl. Table 2.

VGGish is a pretrained convolutional neural network (CNN) mostly inspired by the VGG network used

in computer vision. The network is adapted to accept 96x64 bin log-mel spectrograms at its input and

extracts 128-dimensional embeddings from 960 ms segments of an audio signal. YAMNet employs the
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Mobilenet v1 depthwise separable convolution architecture used with the same input as VGGish, but

outputs 1024-dimensional embeddings for each 960 ms audio segment. Both VGGish and YAMNet are

pretrained on the large-scale Audio Set dataset for audio event classification which contains more

than 2 million of 10 s YouTube clips of sounds classified into 632 audio events. To summarize features

across different audio segments and output the equal size feature vectors from recordings of different

lengths average pooling was used.

OpenL3 uses CNN-based L3-Net for self-supervised learning via audio-visual correspondence, to learn

whether a particular video frame corresponds to an audio frame; thus, requiring no annotations. The

model is pretrained on two subsets of Audio Set, i.e. music and environmental subset, containing

296K and 195K clips respectively, and uses either 128 or 256 band Mel-spectrograms at the input,

while the output audio embedding is 512 or 6144-dimensional vector for each 1s audio segment. We

use a model pretrained on an environmental subset, with 256 band Mel-spectrograms and

6144-dimensional embeddings.

BYOL-A uses the Bootstrap Your Own Latent (BYOL) method for self-supervised learning of

general-purpose image representations, adapted to work with audio. Normalized 96x64 bin log-mel

spectrograms are used as an input, and two augmented versions of the input are created by shifting

pitch and stretching time, which are further fed into two parallel networks (online and target

network). The online network predicts the output representation of the target network, which is then

iteratively updated as the exponential moving average of the parameters of the online network. The

model is pretrained on the Audio Set dataset and produces 512, 1024 or 2048-dimensional

general-purpose audio embeddings. We use 2048-dimensional embeddings.

In addition to voice features, we extracted the demographic/clinical data relevant for RQoL from the

subjective self-reports. We used socio-demographic variables that were found statistically significant

(body mass index (BMI), smoking habits), symptoms (day and night coughing, chest pain, sore throat),

and associated diseases that can affect RQoL (asthma, COPD), as shown in Table 4. All categorical

variables were encoded as one-hot representations, except for ensemble-based models (Random

Forest, Extreme Gradient Boosting), where single feature representation was kept. One-hot encodings

produce sparse feature vectors, which are not suitable for tree-based models, since splitting on such

features produces a small gain, and is typically ignored in favor of continuous variables. Features were

standardized before feeding them to classification models to put them on the same scale, i.e. all

features have zero mean and unit standard deviation.

Given that the size of the audio feature vectors is substantially larger than the size of

demographic/clinical features (up to 250 times larger for ComParE features), PCA was applied to

audio embeddings prior to data fusion, to reduce their dimensionality to the first 23 principal

components that explain most of the variance, to put the features from different modalities to equal

dimension.

RQoL prediction

Features extracted in the previous section were fed into several classifiers: Logistic Regression (LR),

Support Vector Machines (SVM), Random Forest (RF), Extreme Gradient Boosting (XGBoost), and

Multilayer Perceptron (MLP).

LR with L2 regularization is used to handle overfitting, as well as SVM with radial basis function

kernel, where the model hyperparameters, i.e. the regularization parameter C and the kernel
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coefficient γ are optimized using a grid search. Two ensemble models include RF and XGBoost. RF was

composed of 500 fully grown trees (the optimal number of trees was determined after

hyperparameter tuning), expanded until all leaves were pure or contained less than 2 samples, with

the Gini index as the criterion for splitting the node, and the number of features at each split equal to

the square root of the total number of features. All models are implemented using the scikit-learn

1.1.3 Python library.

XGBoost is a flexible and distributed gradient boosting algorithm, that allows for custom loss

functions, as well as regularization techniques to mitigate the overfitting. We use XGBoost with 500

trees, L2 regularization and log loss objective function. XGBoost is implemented using the xgboost

1.5.0 Python library.

MLP was composed of two hidden layers with 256 neurons each and a ReLU activation function,

followed by dropout layers for preventing overfitting with a dropout rate equal to 0.3, and an output

layer with a sigmoid activation function is utilized in this paper. We used Adam optimizer, binary cross

entropy loss function, batch size equal to 32, while the optimal learning rate (0.0001) and the number

of epochs (30) are determined via grid search. Note that Adam has an adaptive per-parameter

learning rate, which is computed using the initial learning rate as an upper limit. MLP is implemented

using Tensorflow 2.9.1.

Evaluation

For evaluation of the model performance, we use accuracy, sensitivity, specificity, area under the

receiver operating characteristic curve (AUC ROC), Brier score and NRI. Accuracy is the ratio of the

number of correctly classified observations and the total number of observations. Sensitivity (true

positive rate, recall) is the proportion of participants detected with impaired RQoL (true positives)

among those who have impaired RQoL (true positives + false negatives), and shows the model’s

ability to correctly identify cases. Specificity (true negative rate) is the proportion of participants

detected with normal RQoL (true negatives) among those who have normal RQoL (true negatives +

false positives), and refers to the model’s ability to correctly identify healthy controls. ROC curve plots

sensitivity against false negative rate (1-specificity) at different classification thresholds, while AUC is

an aggregated performance measure, which summarizes the ROC curve, with a value of 0.5 denoting

random guess, and 1 denoting perfect classification.

To assess model calibration, i.e. the consistency between the predicted probability and the

observations, the Brier score was used, which is the mean squared deviation of the predicted

probability from the actual target. It is a value between 0 and 1, with a lower value indicating a better

model.

Given the size of the dataset, to get reliable and robust performance estimates and preserve the class

distribution across folds, we used stratified 5-fold cross-validation43. Data is split into five folds, four

merged and used for training, and the remaining one for testing. The process is repeated 5 times, so

that each fold was used exactly once for testing, and the performance is then averaged over all folds.

Finally, since our aim was to quantify how much voice-related information can improve the reliability

of RQoL screening on top of standard clinical features, we used NRI to estimate the improvement in

performance due to adding vocal biomarkers to a set of socio-demographic and clinical predictors.

The value can range from −2 to 2, with a bigger value indicating a larger improvement.
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Data availability

The dataset generated and analysed during the current study is not publicly available due to the

sensitivity of the data. Voice can be used as biometric data to uniquely identify an individual,

therefore constitutes sensitive personal data. Anonymised voice data will be made available for

academic research upon reasonable request directed to the principal investigator Guy Fagherazzi,

guy.fagherazzi@lih.lu, and signing a Data Transfer Agreement.

Code availability

The underlying code for this study is not publicly available for proprietary reasons.
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Table 1 RQoL assessment based on demographic and clinical features

ML model Accuracy [%] Sensitivity [%] Specificity [%] AUC Brier score

LR 64.1 (1.71) 59.64 (3.98) 68.55 (4.86) 0.70 (0.03) 0.22 (0.01)

SVM 62.79 (2.11) 54.4 (6.48) 71.17 (4.74) 0.67 (0.03) 0.23 (0.01)

RF 61.43 (2.02) 53.25 (4.8) 69.59 (5.57) 0.66 (0.03) 0.24 (0.01)

XGBoost 62.26 (2.41) 53.25 (4.7) 71.27 (5.44) 0.66 (0.03) 0.24 (0.01)

MLP 63.84 (2.17) 56.39 (3.94) 71.27 (4.37) 0.70 (0.03) 0.22 (0.01)

Table 2 RQoL assessment based on handcrafted voice features, standard acoustic feature sets, and deep audio

embeddings

ML model Features Accuracy [%] Sensitivity [%] Specificity [%] AUC Brier score

LR

Handcrafted 60.48 (3.42) 56.3 (4.75) 64.68 (4.64) 0.67 (0.03) 0.23 (0.01)

eGeMAPS 59.54 (2.37) 53.25 (2.08) 65.82 (3.34) 0.64 (0.03) 0.23 (0.01)

ComParE 62.58 (1.84) 54.62 (3.17) 70.55 (1.49) 0.67 (0.02) 0.23 (0)

VGGish 61.69 (1.82) 59.86 (3.51) 63.52 (1.15) 0.66 (0.02) 0.23 (0.01)

YAMNet 61.53 (2.63) 53.67 (2.74) 69.39 (3.32) 0.67 (0.01) 0.23 (0.01)

OpenL3 62.16 (2.86) 56.71 (4.04) 67.61 (2.25) 0.67 (0.03) 0.23 (0.01)

BYOL-A 65.57 (1.66) 59.96 (3.46) 71.17 (1.92) 0.70 (0.02) 0.22 (0)

SVM

Handcrafted 62.11 (3.84) 55.15 (4.65) 69.07 (4.56) 0.67 (0.04) 0.23 (0.01)

eGeMAPS 58.91 (1.91) 45.91 (2.97) 71.90 (3.95) 0.63 (0.02) 0.23 (0)

ComParE 63.37 (1.49) 47.70 (3.58) 79.04 (1.47) 0.66 (0.03) 0.23 (0.01)

VGGish 60.74 (1.38) 52.62 (2.13) 68.87 (1.79) 0.66 (0.02) 0.23 (0)

YAMNet 62.06 (1.69) 48.12 (2.55) 76.00 (2.30) 0.67 (0.01) 0.23 (0)

OpenL3 63.58 (2.10) 57.23 (2.46) 69.92 (2.11) 0.67 (0.03) 0.23 (0.01)

BYOL-A 63.99 (1.58) 52.2 (3.10) 75.79 (2.37) 0.69 (0.02) 0.22 (0.01)

RF

Handcrafted 60.64 (2.95) 58.49 (4.38) 62.79 (4.17) 0.65 (0.03) 0.23 (0.01)

eGeMAPS 58.65 (2.17) 55.45 (2.96) 61.85 (2.03) 0.62 (0.02) 0.24 (0)

ComParE 61.16 (1.92) 55.98 (3.06) 66.35 (2.29) 0.64 (0.03) 0.23 (0.01)

VGGish 60.38 (1.52) 57.23 (1.77) 63.52 (1.99) 0.64 (0.02) 0.23 (0)

YAMNet 61.79 (1.45) 57.34 (3.49) 66.25 (2.11) 0.66 (0.02) 0.23 (0)

OpenL3 62.26 (1.66) 55.77 (3.26) 68.76 (0.75) 0.66 (0.03) 0.28 (0.01)

BYOL-A 62.37 (2.50) 58.18 (3.75) 66.56 (1.89) 0.67 (0.03) 0.23 (0.01)

XGBoost

Handcrafted 58.07 (2.75) 57.23 (3.05) 58.91 (4.98) 0.62 (0.02) 0.31 (0.01)

eGeMAPS 57.91 (1.18) 56.50 (1.32) 59.33 (2.75) 0.61 (0.01) 0.32 (0.01)

ComParE 58.12 (2.28) 54.52 (4.90) 61.74 (2.39) 0.62 (0.03) 0.32 (0.02)

VGGish 56.87 (1.12) 56.40 (1.49) 57.34 (1.58) 0.60 (0.02) 0.33 (0.01)

YAMNet 58.76 (2.98) 57.97 (4.36) 59.54 (3.17) 0.63 (0.02) 0.32 (0.02)

OpenL3 57.71 (2.70) 54.72 (2.78) 60.7 (4.32) 0.63 (0.02) 0.32 (0.01)

BYOL-A 58.75 (2.72) 56.40 (3.15) 61.11 (3.86) 0.63 (0.02) 0.32 (0.01)

MLP

Handcrafted 61.58 (3.10) 58.08 (5.43) 65.09 (3.01) 0.66 (0.03) 0.23 (0.01)

eGeMAPS 60.95 (1.56) 52.62 (1.50) 69.29 (2.88) 0.64 (0.02) 0.24 (0.01)

ComParE 58.81 (2.30) 54.94 (7.62) 62.68 (5.99) 0.63 (0.03) 0.25 (0.01)

VGGish 60.22 (2.63) 57.03 (5.72) 63.42 (3.63) 0.65 (0.03) 0.23 (0.01)

YAMNet 62.26 (0.55) 54.72 (2.23) 69.81 (3.00) 0.67 (0.01) 0.23 (0)

OpenL3 60.69 (1.72) 56.92 (5.83) 64.47 (2.83) 0.64 (0.02) 0.24 (0.01)

BYOL-A 62.53 (3.27) 54.20 (5.21) 70.86 (5.05) 0.67 (0.03) 0.23 (0.01)
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Table 3 RQoL assessment based on fused socio-demographic/clinical and voice features

ML model Features Accuracy [%] Sensitivity [%] Specificity [%] AUC Brier score NRI

LR

Handcrafted 67.77 (2.07) 63.42 (2.47) 72.12 (2.06) 0.74 (0.01) 0.20 (0.01) 0.15

eGeMAPS 67.14 (2.24) 61.53 (2.98) 72.74 (3.27) 0.73 (0.02) 0.21 (0.01) 0.16

ComParE 68.92 (0.85) 64.26 (2.17) 73.59 (0.78) 0.75 (0.02) 0.20 (0.01) 0.14

VGGish 68.92 (2.18) 65.62 (3.55) 72.22 (1.56) 0.75 (0.02) 0.20 (0.01) 0.14

YAMNet 69.34 (1.65) 64.05 (2.27) 74.63 (2.60) 0.76 (0.02) 0.20 (0.01) 0.17

OpenL3 69.76 (2.82) 65.83 (3.15) 73.69 (2.53) 0.76 (0.02) 0.20 (0.01) 0.16

BYOL-A 70.34 (1.82) 66.78 (4.60) 73.90 (1.44) 0.77 (0.02) 0.19 (0.01) 0.10

SVM

Handcrafted 67.87 (1.24) 60.38 (1.80) 75.37 (2.40) 0.74 (0.01) 0.20 (0) 0.12

eGeMAPS 67.24 (1.38) 56.08 (1.75) 78.41 (1.67) 0.73 (0.01) 0.21 (0.01) 0.19

ComParE 66.98 (1.79) 58.70 (2.49) 75.26 (2.07) 0.72 (0.03) 0.21 (0.01) 0.13

VGGish 68.66 (1.41) 61.01 (2.57) 76.31 (1.97) 0.75 (0.02) 0.20 (0.01) 0.16

YAMNet 68.76 (1.94) 57.65 (2.75) 79.88 (2.65) 0.76 (0.02) 0.20 (0.01) 0.16

OpenL3 62.95 (1.42) 61.64 (2.34) 64.26 (2.84) 0.69 (0.02) 0.25 (0.01) 0

BYOL-A 69.18 (1.36) 61.75 (2.90) 76.63 (2.19) 0.76 (0.01) 0.20 (0) 0.13

RF

Handcrafted 66.41 (1.51) 64.89 (3.39) 67.92 (2.53) 0.74 (0.02) 0.21 (0) 0.12

eGeMAPS 65.09 (2.04) 61.53 (2.61) 68.66 (1.76) 0.72 (0.02) 0.21 (0) 0.13

ComParE 67.98 (2.18) 64.58 (4.37) 71.39 (2.22) 0.73 (0.02) 0.21 (0) 0.14

VGGish 66.88 (2.03) 64.89 (2.92) 68.87 (2.36) 0.73 (0.02) 0.21 (0) 0.13

YAMNet 67.98 (1.74) 65.94 (3.02) 70.02 (0.86) 0.74 (0.02) 0.21 (0) 0.13

OpenL3 68.08 (1.92) 65.31 (3.22) 70.86 (1.22) 0.74 (0.02) 0.24 (0.02) 0.13

BYOL-A 67.35 (1.51) 65.00 (3.82) 69.71 (0.93) 0.75 (0.01) 0.21 (0) 0.10

XGBoost

Handcrafted 65.04 (1.34) 64.15 (2.58) 65.94 (3.14) 0.71 (0.01) 0.27 (0.01) 0.14

eGeMAPS 63.84 (2.63) 62.68 (2.51) 64.99 (4.39) 0.70 (0.01) 0.27 (0.01) 0.12

ComParE 66.14 (1.37) 62.79 (3.11) 69.50 (1.92) 0.70 (0.02) 0.27 (0.02) 0.16

VGGish 65.36 (2.08) 64.47 (2.26) 66.25 (3.08) 0.70 (0.02) 0.27 (0.02) 0.17

YAMNet 65.31 (2.89) 64.36 (3.22) 66.25 (2.87) 0.71 (0.02) 0.27 (0.02) 0.13

OpenL3 64.21 (1.86) 62.47 (2.24) 65.94 (2.58) 0.71 (0.02) 0.27 (0.02) 0.13

BYOL-A 66.04 (2.41) 63.10 (2.39) 68.97 (3.26) 0.72 (0.02) 0.26 (0.01) 0.14

MLP

Handcrafted 67.92 (1.57) 64.89 (2.78) 70.96 (1.00) 0.74 (0.02) 0.21 (0.01) 0.13

eGeMAPS 66.46 (2.75) 61.33 (4.1) 71.59 (2.18) 0.73 (0.03) 0.21 (0.01) 0.12

ComParE 63.52 (2.96) 59.66 (6.18) 67.40 (5.17) 0.68 (0.03) 0.23 (0.01) 0.09

VGGish 67.46 (2.69) 63.74 (4.77) 71.17 (0.91) 0.74 (0.02) 0.21 (0.01) 0.14

YAMNet 68.97 (1.70) 64.58 (4.61) 73.37 (2.14) 0.76 (0.01) 0.20 (0.01) 0.07

OpenL3 63.58 (2.09) 59.23 (5.56) 67.93 (2.44) 0.69 (0.02) 0.23 (0.01) 0.06

BYOL-A 68.45 (2.23) 63.21 (3.21) 73.70 (3.3) 0.75 (0.02) 0.20 (0.01) 0.13
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Table 4 Socio-demographic and clinical data

Total

Normal Respiratory

Quality of life

(VQ11<22)

Impaired Respiratory

Quality of Life

(VQ11≥22)
p value

Participants 1908 954 (50%) 954 (50%) NA

Mean VQ11 score 21.6 (8.2) 15 (3) 28.3 (6.1) <0.0001

Gender

F M O F M O F M O

1
1280

(67.1%)

608

(31.9%)

20

(1%)

640

(67.1%)

304

(31.9%)

10

(1%)

640

(67.1%)

304

(31.9%)

10

(1%)

Age 42.4 (14.2) 42.4 (14.1) 42.5 (14.2) 0.948

BMI [kg/m2]

Underweight 66 (3.5%) 35 (3.7%) 31 (3.2%)

<0.0001
Normal weight 792 (41.5%) 490 (51.3%) 302 (31.7%)

Overweight 466 (24.4%) 224 (23.5%) 242 (25.4%)

Obesity 601 (30.6%) 205 (21.5%) 379 (39.7%)

Smoking

status

Not at all 1533 (80.4%) 806 (84.5%) 727 (76.2%)

<0.0001Less than daily 98 (5.1%) 50 (5.2%) 48 (5%)

Daily 277 (14.5%) 98 (10.3%) 179 (18.8%)

Day

coughing

No 1181 (61.9%) 704 (73.8%) 477 (50%)

<0.0001Transient 597 (31.3%) 235 (24.6%) 362 (38%)

Frequent 130 (6.8%) 15 (1.6%) 115 (12%)

Night

coughing

No 1414 (74.1%) 802 (84%) 612 (64.2%)

<0.0001Transient 396 (20.8%) 137 (14.4%) 259 (27.1%)

Frequent 98 (5.1%) 15 (1.6%) 83 (8.7%)

Chest pain Yes 191 (10%) 43 (4.5%) 148 (15.5%) <0.0001

Sore throat Yes 190 (10%) 71 (7.4%) 119 (12.5%) 0.0002

Asthma Yes 306 (16%) 118 (12.4%) 188 (19.7%) <0.0001

COPD Yes 73 (3.8%) 18 (1.9%) 55 (5.8%) <0.0001

F - Female; M - Male; O - Other; NA - Not Applicable; BMI - Body Mass Index; p<0.05 is considered

statistically significant.
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Figure 1 Feature importance for socio-demographic and clinical features based on the mean impurity decrease

a) b)

Figure 2 Spectrograms of sustained vowel phonation of participants matched by age and gender (male, age 67)

with a) normal RQoL (VQ11 score: 21); and b) impaired RQoL (VQ11 score: 46). Normal RQoL spectrogram is

represented by uninterrupted phonation, with clearly distinctive harmonics. Impaired RQoL spectrogram is

characterized by strangled voice with multiple stoppages and voice breaks, and increased energy areas in higher

frequency bands. The absence of higher harmonics above 1kHz can be observed, and as phonation progresses,

the adjacent lower harmonics become smeared and more difficult to distinguish.
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Figure 3 Accuracy with the best-performing machine learning model for socio-demographic/clinical features

only, voice features only and fused clinical and voice (multimodal) features. Models with both clinical and voice

data (“Fused”) systematically outperformed models where clinical variables only or voice features only were

used. Error bars represent the standard deviation.
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a) b)

c)

Figure 4 a) Confusion matrix; b) Probability calibration curve; and c) ROC curve of the best-performing model

(fused BYOL-A deep audio embeddings and socio-demographic/clinical features, trained with logistic regression

classifier). Light blue lines denote the ROC curves across 5 cross-validation folds, whereas a thick blue line

represents the average ROC curve. Standard deviation is highlighted with the shaded area.

Figure 5 Workflow of RQoL monitoring
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Supplementary information

Supplementary Table 1 Handcrafted audio features

ID Feature Domain Computation parameters

1-26 MFCC Cepstral Mean and standard deviation of 13 MFCCs

27 RMS power Time None

28 Zero crossing rate Time None

29 Crest factor Time None

30 Dominant frequency Spectral None

31 Spectral centroid Spectral None

32 Spectral rolloff Spectral None

33 Spectral spread Spectral None

34 Spectral skewness Spectral None

35 Spectral kurtosis Spectral None

36 Spectral bandwidth Spectral None

37 Spectral flatness Spectral None

38 Spectral standard deviation Spectral None

39 Spectral slope Spectral None

40 Spectral decrease Spectral None

41 Maximum phonation time Time None

42-44 Aperiodicity features Time Fraction of locally unvoiced frames, Number of voice breaks,

Degree of voice breaks

45-54 Tremor Time Frequency contour magnitude, amplitude contour magnitude,

frequency tremor cyclicality, amplitude

tremor cyclicality, frequency tremor frequency,

amplitude tremor frequency, frequency tremor intensity index,

amplitude tremor intensity index, frequency

tremor power index, amplitude tremor power index

55-59 Jitter Time Local, local absolute, RAP, ppq5, ddp

60-65 Schimmer Time Local, local [dB], apq3, apq5, apq11, dda

66 Detrended fluctuation analysis Nonlinear dynamics None

67 Shannon entropy Nonlinear dynamics None

68 Harmonic to noise ratio Time None

69-70 Fundamental frequency (F0) Prosodic Mean, standard deviation

71-72 F0 contour Prosodic Mean, standard deviation
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Supplementary Table 2 Characteristics of the deep audio embeddings

Audio embedding Learning method Dataset Input Embedding size

VGGish Supervised Audio Set
64 band log-mel

spectrograms 128

YAMNet Supervised Audio Set
64 band log-mel

spectrograms 1024

OpenL3 Self-supervised
Music/environmental subset

of the Audio Set

128/256 band

mel-spectrograms 512/6144

BYOL-A Self-supervised Audio Set
64 band log-mel

spectrograms 512/1024/2048
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