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Abstract— The COVID-19 pandemic intensified the
demand for rapid, accessible diagnostic methods. Machine
learning models using cough audio recordings have shown
potential for remote COVID-19 detection but often exhibit
performance disparities across demographic and clinical
subgroups. This study investigates fairness-aware machine
learning models for COVID-19 diagnosis using crowdsourced
data from the COVID-19 Sounds dataset. A Random Forest and
a VGGish-based deep neural network classifier were developed.
To mitigate bias, four different methods were applied and
comparatively evaluated, namely correlation remover as a pre-
processing approach, exponentiated gradient and adversarial
debiasing as in-processing approaches, and threshold optimizer
as a post-processing approach. Evaluation across sensitive
attributes including gender, age, recording device’s operating
system, and the intersection of age and gender revealed that
fairness could be substantially improved with minimal loss in
predictive accuracy. The best equalized odds ratio values were
0.956, 0.998, and 0.88 with respect to gender, age, and recording
device’s operating system, respectively. Similarly, for the
combination of gender and age the corresponding metric was
0.804. These findings support the feasibility of fair and reliable
audio-based diagnostic systems, emphasizing the importance of
integrating fairness into clinical machine learning pipelines.

Keywords—COVID-19, machine learning, audio processing,
fairness, bias mitigation, deep learning, VGGish

I. INTRODUCTION

The Coronavirus Disease 2019 (COVID-19) emerged
from infection by the novel SARS-CoV-2 virus and primarily
affects the respiratory system. In symptomatic individuals, it
resembles severe pneumonia and can involve a broad range of
symptoms [1]. In critical cases, COVID-19 can lead to death,
particularly among high-risk groups including the elderly and
individuals with pre-existing health conditions [2]. As of
January 2025, COVID-19 has claimed over 7.1 million lives
globally [2]. Despite progress in containment, it remains
present, having exposed critical vulnerabilities in healthcare
systems and spurring the need for early, accessible diagnostic
approaches.

Artificial Intelligence (Al), and more specifically Machine
Learning (ML), has emerged as a transformative tool in the
medical domain, offering significant benefits in both disease
diagnosis and treatment optimization. ML algorithms, fueled
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by diverse digital medical data such as electronic health
records, biomarkers, medical imaging, audio, and video
signals, can enhance the speed and accuracy of clinical
decision-making processes [3], [4], [5]. Furthermore, ML
facilitates the development of self-diagnosis tools that
promote preventative care with increased accessibility and
reduced cost [6], [7], [8].

In the context of COVID-19, the need for scalable
diagnostic approaches became especially urgent. As SARS-
CoV-2 primarily targets the respiratory system, it can alter the
acoustic signals produced by patients, making audio signal
processing a promising direction for ML-based diagnostic
models [9]. The continuous monitoring of COVID-19
progression has also led to the collection of vast quantities of
newly generated medical data, enabling the training of ML
models based on both images and sounds associated with
COVID-19 symptoms. Consequently, several mobile and
web-based applications were developed to capture audio
samples via device microphones, resulting in the creation of
large open-access audio datasets, which continue to support
diagnostic model training [10], [11], [12], [13]. A wide range
of ML models trained on these datasets have demonstrated
high levels of diagnostic accuracy, enabling fast, cost-
effective, and non-invasive COVID-19 detection [6], [14].

The ongoing integration of ML into healthcare has
significantly redefined disease diagnosis, prognosis, and
treatment. Thus, in addition to model performance, fairness is
considered a key evaluation criterion. Fairness in ML refers to
a model’s ability to make predictions without discriminatory
behavior across sensitive subgroups [15]. Especially in high-
stakes domains like healthcare, unfair treatment based on
sensitive attributes such as gender, age, ethnicity, spoken
language, socioeconomic status, or medical history, can lead
to severe consequences [3], [16], [17].

Several COVID-19 diagnostic models based on acoustic
data have recently been evaluated not only in terms of
predictive performance but also with respect to fairness [6],
[18], [19]. The findings indicate that certain models exhibited
systematic biases in their predictions, particularly across
sensitive attributes such as gender, age, and smoking
frequency, raising concerns about the ethical implications and
clinical reliability of such systems. In response to these



challenges, recent work has demonstrated that it is possible to
mitigate such demographic disparities through fairness-aware
interventions. As a result, enhanced versions of the original
models have shown reduced bias and more equitable
performance across demographic groups, marking a
significant step toward the responsible deployment of Al-
based diagnostic tools [18], [19]. However, fairness in ML for
healthcare remains a key challenge, as the balance between
equity and predictive accuracy is not yet well defined. While
some studies report a trade-off between fairness and
performance [16], [20], others show that preprocessing can
reduce bias without major accuracy loss [21], [22]. Fairness
outcomes depend heavily on data properties, sensitive
attribute selection, and training strategies, with ML systems
often at risk of reinforcing existing societal inequalities.

In this study, faimess in ML models for COVID-19
detection based on cough audio signals is investigated. A
systematic assessment of variations in predictive performance
across demographic groups is performed and the effectiveness
of established bias mitigation techniques in reducing such
disparities is explored. To this end, a binary Random Forest
(RF) classifier and a VGGish-based deep neural network were
trained on audio data and evaluated with respect to sensitive
attributes including gender, age, and recording device’s
operating system, as well as the intersection of age and gender.
To address the observed disparities, four representative bias
mitigation methods were implemented and independently
assessed. These included correlation remover as a pre-
processing approach, exponentiated gradient and adversarial
debiasing as in-processing approaches, and threshold
optimizer as a post-processing approach. Through this
analysis, it was demonstrated that model fairness can be
significantly improved in several cases without major
degradation in accuracy. Beyond empirical findings, this work
contributes a structured evaluation of fairness-aware ML
strategies within the context of an audio-based biomedical
application, highlighting their effectiveness and limitations.
Furthermore, it emphasizes the importance of examining
fairness not only across individual sensitive attributes but also
at the intersection of demographic factors, offering a more
nuanced understanding of algorithmic bias in healthcare-
oriented Al systems.

II. METHODS

A. Proposed fairness-aware framework

The architecture illustrated in Fig. 1 outlines the proposed
fairness-aware pipeline for COVID-19 detection using cough
audio. It integrates two classification models, an RF classifier,
selected as a lightweight and interpretable baseline, and a
Convolutional Neural Network (CNN), based on VGGish [23]
pretrained model, followed by a fully connected classification
head. The two models are deployed alongside pre-processing,
in-processing, and post-processing bias mitigation techniques
applied to sensitive attributes including gender, age, recording
device’s operating system, and the intersection of gender and
age. Evaluation combines predictive accuracy with fairness
metrics to ensure both reliable and equitable model
performance.

B. Data

The dataset utilized was the COVID-19 Sounds dataset,
released by the University of Cambridge [10], containing
cough, breath, and speech recordings from individuals with
confirmed COVID-19, as well as healthy controls. Each
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Fig. 1. Schematic overview of the classification, bias mitigation, and
fairness evaluation workflow.

sample was accompanied by metadata including age, gender,
and recording device’s operating system. For the purpose of
this study, a specific subset of the original dataset was used,
tailored to the COVID-19 diagnosis task, comprising a total of
1,482 audio samples, with a balanced class distribution of 732
COVID-19 positive samples (49.4%) and 750 negative
samples (50.6%).

The distributions with respect to sensitive attributes are
shown in TABLE I. The dataset was relatively balanced in
terms of gender. The age groups, while unbalanced, presented
a relatively balanced distribution between the two classes.
Regarding the device’s operating system, the dataset’s
distribution was unbalanced and presented significant
differences across classes. These differences suggested a
potential association between device type and class label, able
to introduce bias in model training, and emphasized the need
to consider recording device’s operating system as a sensitive
attribute in fairness analysis.

Considering the intersection of gender and age, noticeable
distributional differences were observed. In younger (16-39
years) and older (above 60 years) age groups, male
participants were more represented than females, with the
gender imbalance being more pronounced in the above 60
years category. In the middle-aged group, females were
relatively more prominent. Analyzing class labels within these
intersectional subgroups revealed further asymmetries, with
some age-gender combinations showing a tendency toward
either COVID-19 positive or negative labels. These patterns
are summarized in TABLE II. Such imbalances across
intersected subgroups can potentially influence model
behavior, underscoring the importance of incorporating
intersectional fairness assessments in machine learning
models.

Only cough recordings were used in this study. Audio files
were downsampled to 16kHz and converted into mono-

TABLE L. DATASET DISTRIBUTION OF SENSITIVE ATTRIBUTES
Healthy | Covid-19 positive | Total
Gender Male 49.3% 50.7% 51.2%
Female 51.9% 48.1% 48.8%
16-39 48.6% 51.4% 51.1%
Age 40-59 50.9% 49.1% 40%
>60 60.8% 39.2% 8.9%
iO0S 56.5% 43.5% 65.3%
Device Android 40.9% 59.1% 33.5%
Web 0% 100% 1.2%
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TABLE IL. DATASET DISTRIBUTION FOR AGE-GENDER INTERSECTION

Covid-19 Total
Healthy positive

16-39 Male 48.4% 51.6% 51.3%
Female 48.6% 51.4% 48.7%

40-59 Male 48.4% 51.6% 47.4%
Female 53.1% 46.9% 52.6%

>60 Male 56.5% 43.5% 65.9%
Female 70.5% 29.5% 34.1%

channel WAV format. Samples were amplitude-normalized,
in accordance with the requirements of the pre-trained
VGGish model. A row-wise filtering for missing values was
applied to exclude rows with null feature vectors from failed
audio processing, ensuring better quality control. Participants
with incomplete or ambiguous metadata were excluded. For
each recording, two types of feature representations were
extracted. First, digital signal processing features were
extracted for use in traditional classifiers. More specifically,
68 values of statistical audio features were extracted from each
cough signal using digital signal processing methods,
including Zero-Crossing Rate, MFCCs, Spectral Centroid,
and Root Mean Square Power. The extracted features were fed
as input to the RF classifier. Second, mel-spectrograms served
as input to the CNN model. The VGGish model, which is a
CNN pre-trained on a large-scale YouTube audio dataset [23],
was used for feature extraction. Input audio segments were
transformed into 96x64 Mel-spectrogram patches with 10ms
hop size. The extracted 128-dimensional embeddings from
VGGish were used as input features for classification.

C. Bias mitigation

To address bias across sensitive attributes (gender, age, and
recording device’s operating system), bias mitigation methods
were implemented at the pre-processing, in-processing, and
post-processing stages of the ML pipeline:

e Pre-processing methods intervene before model
training by transforming the data to reduce inherent
correlations between input features and sensitive
variables, without sacrificing predictive information.
In this study, the correlation remover algorithm was
employed, which performs linear transformations to
decorrelate features from sensitive attributes while
preserving information content.

e In-processing methods aim to mitigate biases by
modifying the model architecture or incorporating
fairness objective functions and constraints. Two state-
of-the-art in-processing methods were implemented.
The first is exponentiated gradient, which is an
iterative optimization technique that minimizes
classification loss while enforcing fairness constraints
(e.g., equalized odds). The other method is adversarial
debiasing. This method trains the main predictor
alongside an adversarial network. While the predictor
aims to maximize accuracy, the adversary attempts to
infer sensitive attributes. The competition between the
two guides the model toward representations that are
informative for prediction yet agnostic to sensitive
attributes.

o Post-processing methods adjust the outputs of a pre-
trained model to reduce fairness violations. In this
work, the threshold optimizer was applied, which
customizes classification thresholds for each
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demographic subgroup independently, with the goal of
equalizing fairness constraints across groups to
directly address disparities in decision outcomes.

Among the above methods, adversarial debiasing was
applied in the case of the CNN classifier, due to its suitability
for joint optimization of fairness and predictive objectives in
deep models. The remaining mitigation methods were
implemented on the RF classifier, selected for its robustness
and compatibility with non-deep bias mitigation techniques.

D. Evaluation framework

The dataset was divided using a fixed stratified split into
training (70%), validation (10%), and test (20%) subsets to
maintain class balance between positive and negative
COVID-19 cases. To prevent data leakage, user-level
grouping was enforced, ensuring that all recordings from a
given participant were allocated exclusively to a single subset.
Additionally, to facilitate a focused fairness analysis,
participants with unknown sensitive features or those from
underrepresented groups, such as ‘other’ in gender, were
excluded.

Classification performance was assessed using standard
evaluation metrics including accuracy, precision, recall, and
F1-score. To assess model fairness across sensitive attributes
a comprehensive set of group fairness metrics was used. These
included the equal opportunity, equalized odds, demographic
parity, and accuracy parity. Each of these metrics was
calculated across subgroups to capture disparities in model
performance. To gain further insight into subgroup-specific
behavior, additional class-specific metrics including true
positive rate (TPR), false positive rate (FPR), false negative
rate (FNR), and true negative rate (TNR) were computed
independently for each subgroup.

Fairness disparities were quantified using both absolute
differences and proportional ratios between the best-
performing and worst-performing subgroups per metric.
While absolute differences reflect the magnitude of disparity,
ratio-based comparisons provide a relative measure of fairness
that facilitates comparisons across attributes with uneven
distributions. Among these fairness measures, particular
emphasis was placed on the equalized odds ratio (EOR),
which accounts for both TPR and FPR, thereby offering a
balanced perspective on subgroup treatment. This is especially
relevant in healthcare settings, where both false positive
predictions and false negative predictions can lead to
significant clinical consequences. EOR is calculated as:

EOR = min (| min(TPRgroup ) | | Min(FPRgroup i) |> )

|maX(TPRgruup ])l ’ max(FPRgroup ])l

with an ideal value of 1.0, and was considered alongside
predictive performance metrics to ensure robust and equitable
model assessment.

III. RESULTS

The obtained results of the classification performance and
fairness evaluation are presented for both the traditional
Random Forest (RF) classifier and the deep learning model
(VGGish-based CNN) under various bias mitigation
scenarios. Evaluation was conducted across the sensitive
attributes of gender, age, and recording device’s operating
system, as well as the intersectional category combining
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gender and age. Fig. 2 and Fig. 3 summarize the fairness and
classification performance before and after applying the
selected bias mitigation strategies.

Fairness evaluation revealed notable disparities across
demographic groups, with variability in how each model
responded to different debiasing techniques. For the gender
attribute, the RF model exhibited relatively balanced
performance at baseline, achieving an EOR of 0.832. This
high initial score may be attributed to the relatively balanced
gender distribution in the dataset. Applying the correlation
remover significantly improved fairness, increasing the EOR
to 0.956. This suggests that pre-processing techniques can be
highly effective even when initial disparities are moderate.
Conversely, the CNN started with a slightly lower EOR of
0.785, but achieved a notable improvement to 0.874 via
adversarial debiasing.

For the age attribute, fairness differences were more
pronounced, particularly in the RF model, which recorded a
low baseline EOR of 0.600. This indicates potential
disadvantages for underrepresented age groups, especially the
one with individuals aged over 60. Application of the
correlation remover led to a substantial improvement in
fairness, with an EOR of 0.998, approaching perfect parity.
The CNN showed more favorable baseline fairness with EOR
0f 0.858 and also benefitted from adversarial debiasing, which
increased the EOR to 0.900, though the magnitude of
improvement was smaller compared to RF.

In terms of recording device’s operating system (e.g., i0S,
Android, web browser), the RF exhibited significant bias, with
a baseline EOR of just 0.338. This can be attributed to the data
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threshold optimizer for the RF classifier and adversarial debiasing for the
CNN classifier).
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imbalance across platforms as well as hardware-related
discrepancies in microphone characteristics. Both the
correlation remover and threshold optimizer improved
fairness, with the former achieving the best outcome with an
EOR 0f 0.880. By contrast, the CNN presented higher baseline
fairness, reaching a 0.657 EOR value, which remained stable
across all bias mitigation methods, suggesting more
robustness, but also resistance to fairness improvement
regarding this attribute.

For the intersection of gender and age, the RF model again
showed poor baseline fairness, with an EOR of 0.459. This
can be explained by the fragmentation of data into smaller
subgroups, which affects label balance and learning capacity.
Among the tested methods, only the correlation remover led
to a meaningful improvement of EOR to 0.804. The CNN
outperformed RF in this category at baseline with an EOR
value of 0.676, which reached 0.78 following adversarial
training. This result emphasizes the need for fairness
evaluation beyond individual attributes, particularly in
intersectional contexts where disparities are often amplified.

Regarding classification performance, both models
achieved relatively low accuracy scores prior to the
application of fairness interventions. The RF’s baseline
accuracy was 0.548, and although bias mitigation slightly
influenced its performance, no clear improvement pattern was
observed. Minor fluctuations across methods suggest that the
RF's predictive capacity remained relatively stable, regardless
of the fairness enhancement technique applied. In the CNN
model, baseline accuracy was modest at 0.600. However, the
application of adversarial debiasing led to a small decline in
performance. This degradation occurred despite the improved
fairness metrics, indicating a possible trade-off between
equity and accuracy, particularly in high-capacity models,
where fairness constraints may compete with loss
minimization during training.

Overall, the results highlight that fairness improvements
are attribute- and model-dependent, and that no single
mitigation method is universally optimal. The RF classifier,
though simpler, showed high responsiveness to pre-
processing, while the CNN benefitted more from in-
processing debiasing. Importantly, some mitigation strategies
improved fairness with minimal performance cost, supporting
their adoption in real-world systems where equitable decision-
making is critical.

IV. DISCUSSION

The results show that applying debiasing methods
significantly improves fairness metrics, especially the EOR,
across individual and intersected sensitive attributes. The
adversarial debiasing and correlation remover methods
yielded the most consistent fairness gains, whereas the
threshold optimizer was less effective in post-hoc balancing
subgroup outcomes.

Notably, the initially high fairness scores observed for the
gender attribute may be partly attributed to the relatively
balanced distribution of male and female participants in the
dataset. In contrast, larger fairness disparities were detected
for age, likely due to significant underrepresentation of
individuals over 60 years old, which impacts subgroup
balance during training and evaluation. The sensitive attribute
of recording device’s operating system further revealed that
the device used for audio capture can influence prediction
outcomes. This effect may stem from hardware-specific
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characteristics such as microphone quality and frequency
response differences across platforms, particularly relevant in
audio-based classification tasks. Lastly, the intersectional
category of gender combined with age exhibited greater
unfairness compared to individual attributes. This is possibly
due to the division of the dataset into smaller subgroups,
which disrupts label distribution balance and magnifies
disparities in predictive performance across intersectional
categories.

In the case of the CNN model, a performance drop in the
range of approximately 5% to 10% was observed following
the application of adversarial debiasing, which was
accompanied by a substantial enhancement in fairness, with
the EOR improving by up to 28.66%, demonstrating the
capacity of adversarial debiasing to effectively correct learned
biases within deeper architectures. This compromise could be
justified in healthcare applications where equity is a primary
concern. The closest value to the ideal EOR (1.0) was
achieved for the gender attribute, reaching 0.903. Although a
deterioration in fairness was observed for certain attributes,
the relative decreases in EOR were generally limited,
indicating that the method did not introduce substantial
fairness degradation.

The RF model exhibited overall lower predictive accuracy
compared to the CNN. Nevertheless, it showed only slight
fluctuations in performance before and after the application of
bias mitigation methods. In terms of fairness, the correlation
remover yielded the most favorable results, with EOR values
being closer to the ideal. The highest proximity to the ideal
EOR value (1.0) was observed for the age attribute, reaching
0.998 with the correlation remover. Additionally, the largest
relative improvement in EOR was achieved for the recording
device’s operating system attribute, with a 59.54% increase
following the application of the correlation remover.

Despite small trade-offs in classification accuracy, the
fairness improvements suggest a positive fairness-accuracy
trade-off, which is acceptable in medical applications
prioritizing ethical Al deployment. Moreover, the methods
used are modular and generalizable, making them suitable for
other medical sound-based detection tasks (e.g., asthma,
COPD). The approach also aligns with ethical Al principles,
promoting equity in ML applications where clinical decision-
making may be influenced by biased predictions. In the
context of future pandemics or telemedicine frameworks, such
audio-based tools can support remote screening in
underserved populations, provided they are trained and
validated responsibly.

The observed partial improvements in fairness metrics
following the application of individual bias mitigation
strategies suggest promising directions for further research. In
particular, future work could explore the combined or
sequential application of multiple mitigation techniques
across pre-processing, in-processing, and post-processing
levels, to assess whether synergistic effects may lead to
greater gains in both fairness and predictive performance.
Additionally, expanding the dataset to include a broader and
more representative sample with increased coverage and
numerical balance across sensitive attributes may significantly
improve model fairness, especially within intersectional or
minority subgroups.
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V. CONCLUSION

In this study, the integration of fairness-aware ML
methods into audio-based COVID-19 diagnostic pipelines
was investigated. Using a dataset of cough recordings, both an
RF classifier and a CNN model were trained and evaluated
while representative bias mitigation techniques across pre-
processing, in-processing, and post-processing stages were
deployed. Our analysis revealed that methods such as
correlation remover and adversarial debiasing can
significantly enhance group fairness without incurring
substantial losses in predictive accuracy. The importance of
addressing intersectional subgroups and technical factors such
as recording hardware was also highlighted, as they can subtly
influence model behavior. Although classification accuracy
remained modest, the achieved fairness gains demonstrated
the feasibility of ethical and equitable audio-based
diagnostics. These findings underscore the need for fairness to
be treated as a core evaluation criterion in clinical ML
systems.
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