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ABSTRACT With the growing adoption of audio based AI systems in high-stakes domains such as
healthcare, law enforcement, and social media, ensuring fairness particularly regarding gender bias has
become critically important. While prior work on fairness has predominantly focused on disparities in model
performance, bias inherent in training datasets remains underexplored. To address this gap, we propose
EuqAud, a novel, pre-trained and traceable fairness metric that quantifies gender bias in audio datasets
using raw acoustic features such as pitch, energy, amplitude, and voice activity. Unlike methods dependent
on demographic labels such as race, age or language, EuqAud is designed to be demographic and language
agnostic, enhancing its applicability across diverse contexts. The score is computed using an equation derived
from polynomial regression with L2 regularization (Ridge regression), yielding robust and generalizable
outputs. It spans a range from −10 to 10, where 0 denotes neutral, positive scores indicate male dominant
bias, and negative scores reflect female dominant bias. For clarity, bias severity is categorized into three
tiers: Neutral (EuqAud < 2), Moderate Bias (2 ≤ EuqAud ≤ 6), and Strong Bias (EuqAud > 6). Evaluation
across multiple datasets demonstrates high predictive performance, with R2 values between 0.95 and 0.99.
By focusing on dataset level bias rather thanmodel outcomes, EuqAud offers a scalable and rigorous solution
for advancing fairness in audio-based AI systems.

INDEX TERMS Audio datasets, bias detection, EuqAud, gender bias, polynomial regression,
responsible AI.

I. INTRODUCTION
The rapid advancement of Artificial Intelligence (AI) has
led to its increasing application in critical decision making
domains. AI systems are trained using various data modal-
ities, with audio being one of the most prominent. Beyond
the use of audio in voice assistants, audio-based AI mod-
els are now deployed in high-stakes applications such as
predicting neurodegenerative diseases like Parkinson’s [1],
Alzheimer’s [2], and related conditions [3], [4], as well as in
search and rescue operations [5] and forensic voice analysis
within law enforcement [6].
As these technologies are integrated into vital sectors,

the imperative for fairness and accountability becomes
paramount. AI systems must be designed and evaluated to
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ensure they do not perpetuate societal biases. According
to Dablain et al. [7], bias arises from unequal representation
or distortion of protected groups within a dataset, leading
to disparities in how models learn and generalize across
those groups. Such bias can arise from unrepresentative
training data that embeds existing social prejudices, flawed
algorithmic design, or real-world interactions that reinforce
disparities [8].

Recent advances in dataset-level fairness research empha-
size that harmful model behavior often originates from
structural imbalances within the data itself. Prior works such
as Gender Shades Buolamwini and Gebru [9], Suresh and
Guttag [10], Raji et al. [11], and Dablain et al. [7] demon-
strate that dataset composition can directly propagate
algorithmic harm, motivating the need for pre-model, dataset-
level bias evaluation. Additional works in dataset governance,
such as Datasheets for Datasets [12] and Data Cards [13],
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further underscore the importance of systematic dataset audit-
ing prior to model development.

Bias in audio-based AI systems, particularly in automatic
speech recognition (ASR), has been a growing concern. For
instance, the study ‘‘Racial disparities in automated speech
recognition’’ by Koenecke et al. (2020) found that lead-
ing commercial ASR systems had significantly higher word
error rates when transcribing African American Vernacular
English (AAVE) compared to Standard American English.
This disparity illustrates how underrepresentation and lin-
guistic variation in training data can lead to performance
gaps, disproportionately affecting certain racial groups [14].

Similarly, ASR systems integrated into social media
platforms such as Facebook, Instagram, and YouTube
have shown performance disparities across genders. In the
study ‘‘Twists, Humps, and Pebbles: Multilingual Speech
Recognition Models Exhibit Gender Performance Gaps’’
by Attanasio et al. (2024), it was observed that multilin-
gual models such as SeamlessM4T (developed by Meta) and
Wav2Vec 2.0 consistently performed better on male speakers.
These models form the foundation of several ASR systems
used in social media applications, further underscoring the
real-world implications of gender bias in widely deployed
technologies [15].

These real-world cases highlight the importance of iden-
tifying and mitigating bias in audio based AI systems.
This research focuses specifically on gender bias introduced
through underrepresented training datasets. The primary
objective is to develop a metric that can quantify the extent of
gender bias in audio datasets, independently of downstream
model performance. By addressing the dataset as a potential
source of bias, this work aims to support the creation of fairer
and more reliable AI systems in critical domains.

To address this challenge, this study proposes the EuqAud
metric and evaluates its effectiveness in detecting dataset-
level gender bias in audio data. The methodology,evaluation
and limitations of the proposed approach are presented
throughout the remainder of this paper. The remainder of this
paper is organized as follows, starting under Section II, rel-
evant related works and methodologies for bias detection in
audio-based AI systems are discussed. Section III details the
development of the proposed EuqAud metric, including fea-
ture selection, dataset construction, and regression modeling.
Section IV describes the testing and validation procedures
used to evaluate the accuracy and generalization capability
of EuqAud where the equation is tested on real world data.
Section V discusses the findings, limitations, and implica-
tions for future research. Finally, Section VI concludes the
study and outlines potential directions for extending EuqAud
to other demographic attributes and multimodal data.

II. RELATED WORKS AND METHODOLOGIES
Bias measures are used to quantify and detect whether a
system or dataset exhibits unfair treatment toward certain
demographic groups. Over the years, multiple approaches
have been developed to measure bias in audio based

AI systems, primarily focusing on performance based statis-
tical metrics.

Traditional measures include False Positive Rate (FPR),
False Negative Rate (FNR), Equal Error Rate (EER), and
Minimum Detection Cost (minCDet) [16]. These metrics
quantify decision making disparities by evaluating a sys-
tem’s behavior across demographic groups. FPR and FNR
respectively capture the rates of incorrectly classified positive
and negative instances, while EER identifies the point at
which these two rates are equal across groups. The minimum
detection cost combines these error rates while weighing
false positives and negatives according to application specific
costs.

In addition to these base metrics, more customized
bias quantification methods have emerged. These include
G2mindiff, G2avg ratio, and G2avg log ratio, which derive
from comparisons across demographic groups using perfor-
mance metrics such as EER, FPR, FNR [17].

Specifically these methods each capture the following:
• G2mindiff captures the gap between the base perfor-
mance of a demographic group and the best-performing
group.

• G2avg ratio compares a group’s performance to the
average performance across all groups.

• G2avg log ratio offers a scaled log-based perspective on
these performance gaps.

G2mindiff = bg − bm (1)

G2avg Ratio
(
bg

)
=
bg
b

(2)

G2avg log Ratio
(
bg

)
= −ln

(
bg
b

)
(3)

→ bg is the base metric for the demographic group being
evaluated

→ bm is the metric of the best performing group
→ b is the average performance across all demographic

groups
For speech recognition systems, metrics such as Character

Error Rate (CER) [18] andWord Error Rate (WER) [19], [20]
are commonly used. CER measures the difference between
predicted and actual characters in transcriptions, while WER
compares predicted and actual word level transcriptions.

CER =
Number of in correctly predicted characters
Total number of characters in the transcription

(4)

WER =
Number of in correctly predicted words
Total number of words in the transcription

(5)

Whereas these performance based metrics effectively eval-
uate model bias, they primarily focus on outcome level
disparities after training. This makes them sensitive to both
algorithmic bias and data bias, without isolating the contri-
bution of the dataset itself. As a result, they do not directly
assess the inherent bias in the data used to train the models,
biases whichmay stem from demographic imbalances or poor
quality recordings.
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To address this limitation, Burkhardt et al. introduced the
Nkululeko framework [21], a tool designed to investigate
potential bias within audio datasets before model training.
Their approach involves:
• Extracting or predicting features such as gender, age,
emotional state (valence, arousal), and signal quality
(SDR, PESQ, MOS) using pretrained deep learning
models.

• Analyzing statistical correlations between these con-
founding variables and the dataset labels (e.g., depres-
sion, dysarthria diagnosis) using metrics such as
Cohen’s d and chi-square tests.

• Identifying biases where certain confounders
(e.g., gender or arousal) show strong influence on label
distribution.

Although this method begins to target dataset-level bias,
it still relies on model predictions, which are susceptible to
out of distribution (OOD) issues andmay introduce additional
bias due to the algorithms used, particularly when the datasets
differ significantly from the model’s training domain.

Recognizing this gap, the metric proposed in this work
specifically focuses on detecting inherent gender bias in
audio datasets. It takes a model agnostic approach, relying
solely on raw audio features such as pitch, energy, ampli-
tude, and voice activity. Rather than depending on predicted
attributes or evaluating post training model performance, the
metric compares distributional characteristics of male and
female audio samples to identify imbalances or disparities
in how gender is represented acoustically. This enables early
stage bias assessment without requiring labeled task out-
comes, making it especially valuable for dataset auditing
prior to model development.

whereas most of the existing literature focuses on model
performance disparities, and tools like Nkululeko bridge
toward label aware dataset analysis, the proposed metric con-
tributes a novel direction by offering a direct, traceable, and
gender specific bias score grounded entirely in the structure
of the audio data itself.

III. BUILDING EuqAud
The section presents the systematic development of EuqAud.
The methodology comprises a series of structured steps, each
represented as a dedicated subsection in this section. These
steps include what the metric is intended to measure, the
selection of relevant features informed by prior research,
construction of a training dataset through controlled aug-
mentation, and regression based modeling to derive the final
bias equation. Emphasis is placed on ensuring robustness,
interpretability, and independence from downstream model
performance. Each component is discussed in detail to high-
light the design rationale and demonstrate the generalizability
of EuqAud across diverse audio corpora.

A. WHAT DOES EuqAud MEASURE
The study defines bias as the systematic underrepresenta-
tion of one gender’s acoustic features relative to the other,

following the framing of what bias is in Dablain et al. [7].
This definition captures dataset-level phenomena such as
reduced speaking intensity or vocal attenuation, which can
make acoustic presence of one gender less prominent even
when sample counts appear balanced.

EuqAud is designed to directly measure this acoustic
underrepresentation, allowing developers to identify when
the underlying data may lead to unequal downstream model
performance across genders. Importantly, EuqAud is com-
puted entirely from dataset-level acoustic statistics; no ASR
system, classifier, or model predictions are used or required
at any stage of metric construction.

Once trained, EuqAud becomes a fixed, closed-form
regression equation. It does not undergo retraining for new
datasets. Instead, the same final equation is applied directly
to any audio dataset that includes reliable metadata linking
each audio clip to a speaker’s gender. Also as the metric
relies only on fundamental acoustic statistics and not on
language-specific features, EuqAud can be applied consis-
tently across datasets from different languages and recording
environments.

B. SELECTION OF FEATURES FOR EQUATION BUILDING
The selection of features for building EuqAud was based
on a review of previous research in audio-based gen-
der classification systems, focusing on the features most
used in these studies. The primary features identified were
pitch [22], amplitude [23], energy [24], formants, intonations,
and Mel-Frequency Cepstral Coefficients (MFCCs) [25],
[26], [27], [28].

However, intonations [29], [30] and formants [31] are
dependent on the language and can vary among cultures and
ethnic groups. Since EuqAud is designed to be independent
of language and race, and focuses solely on detecting gen-
der bias in datasets, these features were excluded from the
metric. Additionally, as noted by Bailey et al., models using
raw audio are more robust to gender bias than those based
on hand-crafted features, such as mel-spectrograms [32].
Therefore, EuqAud focuses on raw audio-based features.

The number of audio samples and voice activity per gen-
der were also included in the metric. The number of audio
samples helps identify class imbalances, while voice activity
quantifies the balance between genders. Differences in voice
activity can significantly impact the performance of a model
trained on an imbalanced dataset.

Gender-based variations naturally exist in factors such as
pitch, amplitude, and energy levels. For example, pitch is typ-
ically higher for female speakers, while amplitude and energy
levels tend to be consistently higher or lower depending on the
gender. To ensure that these inherent characteristics do not
skew the bias measurement, the standard deviations of pitch,
amplitude, and energy levels were used in the metric.

In conclusion, EuqAud equation incorporates the follow-
ing features:
• Count of audio samples per gender
• Voice activity per gender
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• Standard deviation of amplitude, energy, and pitch per
gender

These features were selected to ensure that the metric
accurately detects gender bias without being influenced by
language or cultural variations.

C. EXTRACTING, BUILDING AND PROCESSING THE
DATASETS
To build EuqAud equation, a base dataset was first cre-
ated by extracting gender-specific acoustic statistics from
multiple real-world speech corpora. Each row in the base
dataset corresponds to one dataset split combination and
contains aggregated male and female counts, voice activity
duration, and the standard deviations of pitch, energy, and
amplitude. This base dataset represents the natural, unmod-
ified acoustic distributions present in real-world data. The
datasets used to build the base dataset included Common
Voice [33], LibriSpeech [34], LibriSpeechMulti-lingual [35],
TED-LIUM [36], and the AMI Meeting Corpus [37]. These
datasets consist of various splits and subsets for different
languages, resulting in a total of 420 rows of feature values.

Since existing bias detection metrics did not consider
the specific acoustics features used in the study, defin-
ing a ground truth bias value required the creation of
controlled conditions that systematically manipulate gender
representation.

To achieve this, a feature level augmentation technique
was applied that preserved the number of samples while
modifying acoustic prominence of each gender.

1. For the first half of the dataset, the extracted values
for male features: Voice activity, pitch, energy and
amplitude were kept constant, while the corresponding
female acoustic features were gradually reduced in
increments of 5% by multiplying original values by
0.95, 0.90, 0.85, . . . for successive steps, while main-
taining a constant number of samples.

2. For the second half, the values for female acoustic
features remained unchanged, while the male acoustic
features were gradually reduced in increments of 5%
using the samemultiplicative procedure under the same
conditions of the constant sample size.

The 5% incremental feature reduction simulates real-world
scenarios where one group’s vocal characteristics appear less
prominently in the training distribution, independent of sam-
ple count.

This increment used in the study was selected as a small,
controlled proportional perturbation designed to introduce
gradual and interpretable variations in the signal while pre-
serving natural acoustic characteristics through the analysis
of prior work.

However, prior work does not prescribe a specific 5% step
size, the speech-processing literature commonly employs
small multiplicative perturbations of similar magnitude.
For example, pitch- and frequency-based augmentations
often use modest scaling factors such as ± 3% to 6%
to generate realistic variants for robust training [38], [39].

Likewise, amplitude and gain perturbations in environmental-
robustness studies frequently operate within ±1% to 10%
to simulate changes in microphone conditions and loudness
without producing unnatural artefacts [40], [41]. Broader
augmentation methods such as time-scaling or frequency
warping typically use moderate ranges like 0.9 to 1.1 (±10%)
or even 0.8 to 1.2 [42], [43], demonstrating that pro-
portional manipulations are a well-established strategy for
generating realistic variability in speech signals. Follow-
ing this principle, the 5% step size provides a fine-grained
and conservative perturbation that enables progressive bias
analysis while remaining consistent and in range with
the magnitudes used in prior augmentation and robustness
studies.

By keeping the number of male and female samples
constant, this approach isolates bias arising from distorted
feature distributions rather than class imbalance. In this setup,
bias arises purely from acoustic underrepresentation, align-
ing with how demographic underrepresentation manifests in
practical audio corpora.

The resulting bias scores correspond to the degree of
reduction applied(0.0, 0.5, 1.0,. . . ) indicating the level of
bias in the dataset that EuqAud will quantify. Each of these
assigned bias scores serves as the target variable for training
the regression model. During training, the polynomial Ridge
regression model used the distorted acoustic features as the
input values and the numeric bias score as the ground truth
target. This enables EuqAud to predict the bias score for any
given datasets which reflects the degree and the direction of
gender bias.

Although this controlled feature-level augmentation
enables the creation of datasets with known bias levels, it may
not fully capture the complex patterns through which demo-
graphic imbalance emerges in natural datasets. Real-world
bias can arise frommultiple interacting factors such as record-
ing conditions, sociolinguistic differences, demographic
participation patterns, and data collection pipelines. There-
fore, the synthetic perturbations used in this study should
be interpreted as controlled approximations that allow the
regression model to learn a structured mapping between
acoustic disparities and bias scores. To mitigate this lim-
itation, EuqAud was subsequently evaluated on multiple
real-world datasets with naturally occurring gender distri-
butions, demonstrating that the learned equation generalizes
beyond the synthetic training conditions.

D. SELECTION OF MODELING APPROACH FOR EuqAud
DEVELOPMENT
The training dataset was generated by applying a con-
trolled data augmentation technique to the base dataset
which contains aggregated acoustic statistics such as counts,
voice activity, and standard deviations of pitch, energy, and
amplitude extracted from real-world speech corpora. This
augmentation procedure systematically reduced either male
or female acoustic feature values in fixed increments of 5%
while keeping sample counts constant, generating a series
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of datasets with known, controlled levels of representational
bias.

Given the objective of developing a predictive equation
using linear regression, it was essential to assess whether
the dataset met the fundamental assumptions required for
this modeling technique. These assumptions include linearity,
independence of observations, homoscedasticity, normality
of residuals, and the absence of multicollinearity.

However, the results of assumption checks revealed sev-
eral violations. The Durbin-Watson statistic was calculated
as 1.027, suggesting potential autocorrelation in the resid-
uals, thereby violating the independence assumption. The
Breusch-Pagan test confirmed heteroscedasticity, with an
LM statistic of 82.087 (p-value = 1.95 × 10−13) and an
F-statistic of 9.741 (p-value = 8.54 × 10−15). White’s test
also supported the presence of heteroscedasticity, returning
a test statistic of 210.34 with 88 degrees of freedom and a
p-value of 5.12 × 10−12. To assess the normality of residu-
als, the Shapiro-Wilk test produced a test statistic of 0.957
(p-value = 2.41 × 10−10), and the Kolmogorov-Smirnov
test reported a statistic of 0.293 (p-value = 1.33 × 10−35),
both indicating strong deviations from normality. Given these
violations, simple linear regression was deemed unsuitable.

Further, the dataset exhibited significant multicollinear-
ity, as indicated by the Variance Inflation Factor (VIF)
values. Several features showed VIFs well above the com-
monly accepted threshold of 10, such as count_female
(VIF = 55.88), voice_activity_female (VIF = 56.20), and
count_male (VIF = 46.79). These values indicate that these
variables are highly correlated with other predictors in the
model, which can distort the estimation of regression coeffi-
cients and reduce model interpretability. Even other features
like energy_male (VIF = 21.14) and voice_activity_male
(VIF = 42.17) showed substantial collinearity.

To further understand the relationships between features
and the target bias score, Pearson’s correlation coefficients
were calculated. energy_male showed the strongest positive
correlationwith the score (r= 0.753), followed by pitch_male
(r = 0.628) and amplitude_male (r = 0.427). In contrast,
features such as energy_female (r = −0.786) and pitch_
female (r = −0.605) demonstrated strong negative corre-
lations, implying opposing contributions to the bias score.
These insights further guided feature selection and model
development.

Due to these statistical challenges, such as violations
of normality, homoscedasticity, independence, and multi-
collinearity, alternative regression approaches were explored,
after which Polynomial regression with L2 (Ridge) regu-
larization was selected for constructing the bias detection
equation.

E. BUILDING THE EQUATION USING POLYNOMIAL
REGRESSION WITH RIDGE(L2) REGULARIZATION
The augmented dataset was used to train an Elastic Net
Regression model. The model was trained to predict ground
truth bias scores ranging from 0 to 10 based on input acoustic

feature statistics. Producing a continuous EuqAud value that
quantifies dataset level gender bias.

A grid search over multiple hyperparameter combina-
tions was conducted, where values for alpha were selected
from 0.001, 0.01, 0.1, 1.0, 10.0 and l1_ratio from 0.0, 0.1,
0.5, 0.9, 1.0. The optimal configuration was found to be
alpha= 0.01 and l1_ratio= 0.0, which corresponds to Ridge
regression behavior. This configuration achieved a Mean
Squared Error (MSE) of 0.0016 and an R-squared (R2) value
of 0.9998, indicating an excellent fit. The resulting regression
equation was used as EuqAud.

The resulting equation which is EuqAud presents as
follows:

EuqAud = −0.0125+ (0.0001Cmale)+
(
−0.0001Cfemale

)
+ (0.0005Vmale)+

(
−0.0005Vfemale

)
+ (0.0044Emale)+

(
−0.0034Efemale

)
+ (−0.0004Amale)+

(
−0.0004Afemale

)
+ (−0.0334Pmale)+

(
−0.0325Pfemale

)
+

(
0.0002P2male

)
+

(
−0.0002PmalePfemale

)
+ (0.0002P2female)

Cmale : Count of male audios

Cfemale : Count of female audios

Vmale : Voice activity male

Vfemale : Voice activity female

Emale : Standard deviation of energy male

Efemale : Standard deviation of energy female

Amale : Standard deviation of Amplitude male

Afemale : Standard deviation of Amplitude female

Pmale : Standard deviation of Pitch male

Pfemale : Standard deviation of Pitch female (6)

The equation was extensively tested to evaluate the
generalization of EuqAud across multiple synthetic as
well as real-world datasets. Throughout the testing the
regression outputs consistently reflected the intended direc-
tion of bias, producing positive EuqAud values when
male acoustic features dominated and a negative value
when female acoustic features dominated, as demonstrated
in Figure 1 and Figure 2. EuqAud exhibited a posi-
tive value when the datasets were biased toward male
speakers and negative values when biased towards female
speakers.
EuqAud increased consistently as the level of gender bias

intensified in either direction. This behavior demonstrated the
model’s ability to capture proportional relationships between
input features and the resulting bias score.
However, the raw output values of EuqAud were not

directly interpretable in terms of quantifying the severity of
bias. To address this, min–max scaling technique was applied
to normalize EuqAud to the range [−10, 10], enhancing
interpretability and consistency across datasets.
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FIGURE 1. EuqAud score as a function of the manually specified male
bias percentage in the dataset.

The final normalized EuqAud score spans from−10 to 10,
where 0 indicates a neutral dataset, positive values indicate
male bias, and negative values indicate female bias. To apply
this normalization, different bounds were used based on
the sign of the raw score. When the raw EuqAud value
was positive (male biased), the maximum bound was set
by minimizing female associated feature values, and the
minimum bound was set using equal values for both male
and female features. Conversely, when the raw score was
negative (female biased), the process was reversed. This min-
max scaling strategy ensured that the score reflected both
the direction and severity of bias consistently across datasets,
making EuqAud intuitive for comparative analysis and prac-
tical auditing.

To further aid interpretability, a tier-based classification
system was developed based on the magnitude of the scaled
EuqAud score: Strong Bias (>6), Moderate Bias (2–6), and
Neutral (<2). The sign of the score indicates the direction of
bias, positive for male and negative for female, providing a
clear and traceable assessment of dataset fairness.

It is important to emphasize that EuqAud is a fixed regres-
sion equation. Once trained, the model is not retrained for
each new dataset; instead, the same polynomial Ridge regres-
sion equation is applied directly to any dataset’s extracted
acoustic features to compute its EuqAud score.

F. EuqAud BIAS MEASUREMENT ALGORITHM
EuqAud follows a stepwise process to calculate bias. There-
fore, to improve reproducibility and clarity of implementa-
tion, this section provides Algorithm 1 which presents the
step-by-step procedure used to compute the EuqAud bias
score.

IV. EVALUATION OF EuqAud
The evaluation of EuqAud is conducted through a multi-
stage process designed to assess its mathematical accuracy,
sensitivity to real-world dataset imbalance, interpretability
through its tiered bias structure, and relevance to down-
stream model behavior and system-level WER disparities.
The final stage compares EuqAud against human perceptual

Algorithm 1 Calculating EuqAud
Require: Cmale,Cfemale,Vmale,Vfemale,Emale,

Efemale,Amale,Afemale,Pmale,Pfemale
1. EuqAud raw←

Computed using Equation 6.
2. EuqAud ←

min_max_scale(EuqAud raw,−10, 10)
3. If | EuqAud | < 2 then

Bias← Neutral
4. else if 2 ≤| EuqAud |≤ 6 then

Bias←Moderate
5. else

Bias← Strong
6. end if
7. return EuqAud

FIGURE 2. EuqAud score as a function of the manually specified female
bias percentage in the dataset.

judgements to ensure that the fairness metric remains trace-
able and intuitively meaningful.

Importantly, because no established ground-truth method
exists for measuring dataset-level gender bias in audio
corpora, the validation strategy necessarily relies on mul-
tiple complementary proxies, including performance dis-
parities (F1-score), representation patterns (gender/VAD
dominance), synthetic manipulations, and WER behavior.
Every stage captures different aspects of bias which when
combined provide a near comprehensive validation frame-
work. This multi-angle evaluation is essential for demon-
strating that EuqAud reliably captures dataset bias in a
model-agnostic and empirically verifiable manner.

A. REGRESSION-LEVEL EVALUATION OF EuqAud
To evaluate the generalization capability and robustness of
the proposed EuqAud, it was tested on 10 diverse datasets
spanning multiple languages and recording conditions.

A key challenge in this process was the lack of absolute
ground truth labels for bias. To address this, the datasets were
manually manipulated to reflect varying levels of gender bias,
allowing the assignment of known ground truth labels.

The augmentation was designed to ensure that the testing
datasets remained independent from the training datasets,
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which had been previously augmented in 5% increments.
To achieve this, the test datasets were augmented using vary-
ing levels of reduction ranging from 1% to 10%, applied
to the extracted acoustic features rather than sample counts.
Specifically, for each test dataset, one gender’s features (voice
activity, pitch, energy, amplitude) were gradually reduced
while the other gender’s features remained unchanged. For
example, LibriSpeech subsets were manipulated by 2% per
step, while the TedLium dataset was augmented by 7%, with
corresponding ground truth scores assigned based on the level
of feature reduction (e.g., LibriSpeech scores: 0.2, 0.4. . . ;
TedLium scores: 0.7, 1.4. . . ). This approach preserved natural
sample distributions while introducing controlled variations
in acoustic prominence, allowing EuqAud to be tested on
realistic yet systematically biased conditions

Following the augmentation process, EuqAud was cal-
culated for each feature set. Following the score compu-
tation, several statistical and regression-based evaluation
metrics were calculated to assess the accuracy, consistency,
and correlation strength of EuqAud. These metrics include
R-squared (R2), Pearson’s Correlation Coefficient, and
Spearman’s Rank Correlation, the results are presented
in Table 1.

TABLE 1. Regression performance and correlation analysis of the EuqAud
equation across multiple datasets. Abbreviations: LBS – LibriSpeech,
MLT – Multilingual LibriSpeech, CMV – Common Voice.

The results demonstrate the effectiveness and reliability
of EuqAud in capturing and quantifying gender bias across
diverse datasets. The high R2 values (ranging from 0.9638
to 0.99985) indicate that the metric closely approximates the
actual degree of bias.

Moreover, the strong correlation values, particularly for
Pearson, and Spearman highlight EuqAud’s consistency in
ranking and aligning with the actual bias configurations.

B. COMPARISON BETWEEN SIMPLE BASELINE METRICS
AND EuqAud
Baseline metrics provide a useful point of reference by
demonstrating howwell a proposed method performs relative
to straightforward statistical measures derived directly from
the dataset. By comparing EuqAud with baseline approaches,

it becomes possible to assess whether the proposed metric
captures bias patterns more comprehensively than individual
feature-based indicators.

The baseline metrics used for the comparison were the
most used and intuitive metrics of Underrepresentation which
were:
• Male to female speaker count ratio
• male-to-female voice activity duration ratio
• pitch difference between male and female speakers.
• amplitude and energy differences across channels.
For each baseline, a Kruskal–Wallis H test was per-

formed across the five bias tiers. The results revealed that
the count ratio and voice-activity ratio baselines showed
moderate discriminatory ability (ε2 ≈ 0.39–0.42), indicat-
ing that simple gender representation metrics are somewhat
sensitive to strong imbalances. However, pitch, amplitude,
and energy differences exhibited weak or non-significant
separation across tiers (ε2 < 0.18), demonstrating limited
usefulness as bias indicators.

In contrast, EuqAud achieved a substantially larger effect
size (ε2 = 0.845) with strong statistical significance
(p < 4.1 × 10−17), outperforming all simple baseline mea-
sures by a wide margin. These results confirm that EuqAud
captures structured and systematic representational dispar-
ities that cannot be detected by trivial heuristics such as
raw gender counts or duration ratios. This comparison pro-
vides empirical evidence that EuqAud adds explanatory value
beyond simple imbalance metrics and strengthens the validity
of the metric for real-world gender bias assessment.

Having established that EuqAud outperforms trivial base-
line metrics, we next evaluate its performance on diverse
real-world audio datasets to confirm its practical utility and
robustness.

C. EuqAud ON REAL-WORLD DATASETS
To evaluate how EuqAud works on real world datasets, the
best approach, considering the lack of ground truth, was to
compare Gender distribution ratio and voice activity (VAD)
ratios on real world dataset. Three separate tests were con-
ducted to evaluate EuqAud across diverse real world audio
Corpora.

1) TEST 1: TESTING EuqAud PERFORMANCE ON LibriSpeech
The original LibriSpeech dataset provides only a few stan-
dard splits (e.g., train, dev, test). To increase the diversity
of evaluation, each split was further broken down into ran-
dom sample subsets of varying sizes. From each subset, the
count of audios, Voice activity detection, pitch, amplitude
and energy were extracted separately for male and female
speakers. These features across all subsets were compiled into
structured dataset.

This dataset was passed through EuqAud equation and
the Scaling process and then each row was assigned to a
tier label based on the EuqAud score the tiers ranged from
neutral, moderate and strong. The counts per each tier level
was as Neutral: 30, Strong Male-Dominant: 23, Moderate
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Male-Dominant: 13, Moderate Female-Dominant: 7, Strong
Female-Dominant:3.

Kruskal–Wallis tests confirmed significant differences in
both gender ratio dominance (H = 44.85, p < 4.28 × 10−9)
and voice activity dominance (H= 42.91, p < 1.08× 10−8).
This test revealed notable variation across splits in both
gender and voice activity ratios, with male-dominant sub-
sets consistently yielding higher EuqAud scores. Overall, the
dataset exhibited greater variability compared to subsequent
tests, demonstrating EuqAud’s sensitivity to representational
differences across naturally occurring splits.

2) TEST 2: TESTING EuqAud PERFORMANCE ON COMMON
VOICE
The second test used Common Voice datasets, covering mul-
tiple language splits and same as Test one the count of audios,
Voice activity detection, pitch, amplitude and energy were
extracted separately for male and female speakers. Which
were then compiled into one structure dataset.

The process of assigning bias tier labels was done to the
structure dataset. Counts per bias tier were more evenly dis-
tributed, with 56 Neutral, 28 Moderate Female-Dominant,
28 Moderate Male-Dominant, 24 Strong Male-Dominant,
and 24 Strong Female-Dominant subsets.

The Kruskal–Wallis tests showed much higher H statistics
for both gender ratio (H = 90.4437, p = 1.06 × 10−18)
and voice activity dominance (H = 136.2273, p = 1.8121 ×
10−28), reflecting the greater variability across languages.

Compared to LibriSpeech, the Common Voice dataset
was more balanced overall, yet EuqAud remained respon-
sive to subtle representational differences, indicating that
the metric can detect bias patterns across multilingual
datasets.

3) TEST 3: TESTING EuqAud PERFORMANCE ON
MULTILINGUAL LibriSpeech
The third test used Multilingual LibriSpeech Datasets which
same as Common voice datasets cover multiple languages.
The same steps were taken to create the structured dataset
and to assign tier labels. The dataset exhibited lower vari-
ability, with counts per bias tier of 21 Neutral, 9 Strong
Male-Dominant, 7 Moderate Male-Dominant, 4 Moderate
Female-Dominant, and 1 Strong Female-Dominant.

Despite this relative homogeneity, Kruskal–Wallis tests
still revealed significant differences in both gender ratio
(H = 15.7850, p = 0.003322) and voice activity dominance
(H = 21.1115, p = 3.0095 × 10−4), demonstrating that
EuqAud is sensitive even to subtle bias patterns in more
balanced datasets.

Together, these three tests illustrate EuqAud’s robustness
and consistent responsiveness to representational disparities
across datasets of varying sizes, languages, and gender dis-
tributions. The tier-based evaluation confirms that the metric
can effectively differentiate between datasets with distinct
bias profiles.

D. NUMERICAL STABILITY ANALYSIS OF EuqAud
As amanner to evaluate the numerical stability and robustness
of EuqAud, we conducted a bootstrap uncertainty analysis
across three independently constructed datasets. Each dataset
was resampled 1,000 times with replacement, and the mean
scaled EuqAud score was recomputed for every bootstrap
sample. The process allows to quantify the sensitivity of the
metric to dataset perturbations and helps verify whether the
directionality and magnitude of detected bias remain stable
under resampling.

TABLE 2. Bootstrap stability analysis of EuqAud across three datasets.
Mean scaled scores, standard deviation, and 95% confidence intervals
demonstrate low variability and stable bias direction under resampling.

As displayed on the table the test done across the three
independent datasets, EuqAud was consistent and displayed
low variance behavior. Dataset 1 produced a mean scaled
EuqAud score of 0.86 with a 95% confidence interval (CI) of
[0.14, 1.83], reflecting an overall balanced distribution with
only minor fluctuations. Dataset 2 yielded a mean of 2.21
(95% CI: [0.87, 3.56]), corresponding to mild-to-moderate
male bias that remained stable across all bootstrap itera-
tions. Dataset 3 produced a mean score of 1.58 (95% CI:
[0.57, 2.64]), indicating mild male bias with consistently
positive bounds.

Importantly, the confidence intervals for all three datasets
remained within the Balanced-to-Moderate range of the
EuqAud tier structure. None crossed zero into female bias,
and none approached the ±6 threshold defining Strong Bias.
This demonstrates that bias directionality is preserved under
perturbation. Standard deviations ranged from 0.51 to 0.70,
reflecting low variability and confirming that EuqAud
exhibits stable, well-behaved performance even when the
underlying dataset is resampled.

These findings collectively validate EuqAud as a reliable
and numerically stable metric for dataset-level gender bias
estimation.

E. VALIDATING EuqAud’S TIER STRUCTURE
A manually augmented dataset was created by combining
feature values extracted from the AMI corpus and TEDLIUM
datasets to simulate varying levels of gender bias in a con-
trolled setting. The EuqAud model was then used to compute
scores and assign tier labels.

The distribution of labels was approximately balanced
across five classes: 20 samples in Strong Male and Strong
Female Bias tiers, 44 in each Moderate Bias class, and
40 labeled as Neutral.
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AKruskal–Wallis H test on the EuqAud values across these
tiers produced a statistically significant result (H = 140.12,
p < 2.7 × 10−29), with a large effect size (ε2 = 0.8351).
Dunn’s post-hoc test confirmed significant differences
between most pairs, validating the tier system’s discrimina-
tive power.

This test demonstrates that EuqAud scores respond
strongly to controlled, manually augmented variations, show-
ing a significant increase in performance when datasets are
systematically biased. This provides the confirmation that
EuqAud works similarly for both Synthetic and Real-world
datasets. To further confirm the validity of the tiering sys-
tem and the discriminative power of EuqAud in a controlled
setting, we conducted tests on a manually augmented dataset
with known bias levels.

F. USING EuqAud TO INTERPRET MODEL BEHAVIOR
F1-score differences between male and female speakers were
used as a primary measure to assess model level gender per-
formance disparities. The decision to use F1-Scorewas unlike
accuracy, F1-score balances precision and recall, making it
robust in the presence of label imbalance. By considering the
absolute F1-score difference, the analysis isolates the magni-
tude of performance disparity without regard to directionality,
offering an interpretable proxy for fairness.

To clarify, whereas F1-score is influenced by class distri-
bution, EuqAud measures dataset-level acoustic underrepre-
sentation independent of model outputs. F1-score differences
are used here purely as a validation tool to assess whether
EuqAud tiers correspond to observable disparities in model
performance, not as a direct measure of dataset bias.

To provide empirical evidence for this relationship, a sim-
ple neural classifier was trained using MFCC features from
the Common Voice Assamese dataset. The architecture
included a 40-dimensional input layer, one hidden layer
with 64 ReLU units, and an output layer trained with
the Adam optimizer. Evaluation metrics included accuracy,
F1-score, and confusion matrices. The results confirmed that
Across multiple Common Voice datasets, F1-score differ-
ences were found to correlate strongly with EuqAud tiers.
Datasets labeled as strongly biased according to EuqAud
exhibited F1-score differences approaching 1.0, whereas
neutral-tier datasets yielded near-zero differences as dis-
played on the Table 3. As an example, Amharic andAssamese
datasets, which had EuqAud above 6, showed stark perfor-
mance gaps, whereas datasets like Korean and Armenian
showed minimal disparities.

These findings demonstrate that the EuqAud and its tier
system not only reflect dataset-level imbalance but can also
serve as reliable indicators of expected fairness in down-
stream models.

Table 3 summarizes the relationship between EuqAud
scores, tier assignments, and gender-wise F1-scores. While
some of the F1-scores in Table 4 take extreme values such
as 0 or 1, this behavior is intentional and illustrative rather
than indicative of implementation errors. These edge-case

scores arise because certain real-world datasets contain audio
samples from only a single gender. Including these datasets
demonstrates that EuqAud can correctly detect cases of per-
fect bias, where the representation of one gender is entirely
absent. This confirms that EuqAud can capture bothmoderate
and extreme levels of dataset-level gender bias, providing a
meaningful and interpretable validation of the metric across
the full spectrum of real-world conditions.

TABLE 3. Relationship between EuqAud scores, bias tiers, and absolute
gender-wise F1-score differences across selected common voice datasets.
Results show that higher EuqAud magnitudes correspond to larger
model-level performance disparities.

Overall, this validation confirms that EuqAud tiering aligns
with observed model performance disparities and provides an
interpretable, robust measure of gender representation bias in
audio datasets.

G. COMPARING EuqAud WITH SYSTEM-LEVEL WER
To validate the effectiveness and reliability of the proposed
EuqAud, WER was used as it is a widely accepted met-
ric for evaluating speech recognition performance and has
commonly been used to measure disparities in recognition
accuracy between male and female speakers.

However, WER reflects the combined influence of both
the dataset and the underlying speech recognition model,
including factors such as model architecture, pretraining,
and optimization strategies. In this study, WER is therefore
used only as a validation benchmark for EuqAud. As there
are currently no well-established dataset-based validation
measures specifically designed for bias detection in audio
datasets. Consequently, WER provides a practical point of
reference for evaluating the effectiveness of the proposed
metric.

In the validation process which yielded the results dis-
played in Table 4WERwas calculated using theWhisper-tiny
speech recognition model developed by OpenAI [44]. Each
dataset split was transcribed using this model, and WER val-
ues were computed separately for male and female speakers.
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TABLE 4. Side-by-side comparison between the WER values for male and
female speakers Vs the dataset bias direction inferred from EuqAud.
Abbreviations: LBS – LibriSpeech, MLT – Multilingual LibriSpeech,
CMV – Common Voice.

EuqAudwas used to calculate the biasness of the respective
dataset split which WER was calculated for. Table 4 consists
of result of the validation done across the two methods.

As displayed in Table 4 In most cases, the bias direction
identified by the WER values and EuqAud are aligned, sup-
porting the validity of EuqAud as a metric to identify gender
bias in audio datasets. However, a few discrepancies were
observed. for example, in the Polish subset of Multilingual
LibriSpeech, WER indicates a female bias, whereas EuqAud
reveals a strong male bias. Similarly, languages with low
overall WER values (e.g., Portuguese, WER < 1.3) still
exhibit notable bias scores according to EuqAud.

These observations in Table 4 indicate that there are
some discrepancies between EuqAud and WER. These are

expected, as WER reflects not only dataset composition but
also model-specific factors such as architecture, pretraining,
optimization strategies, and error-correction mechanisms as
explained by Xu et al. [45] and Jain and Bhowmick [46].
However, this does not completely write out the effect of
dataset on the WER. This is a very present fact as explained
by Schettino et al., 2025 [47]. But the discrepancy still arises
as EuqAud only uses acoustic features such as Pitch andVoice
activity extracted from dataset.

Despite these expected differences, for approximately 80%
of the dataset splits, the bias directions identified by EuqAud
and WER are aligned.

This demonstrates that EuqAud successfully captures gen-
der imbalance independently of model effects using acoustic
features from the dataset, while also validating that its
assessments correspond closely to system-level performance
disparities in most cases.

H. ALIGNMENT BETWEEN EuqAud AND HUMAN
PERCEPTION
To assess how well EuqAud aligns with perceived gen-
der representation in speech, a user study was conducted.
Participants were presented with 9 short audio clips sampled
from a diverse set of Common Voice datasets (e.g., Korean,
Afrikaans, Assamese, Albanian, Amharic, Hindi, Armenian,
Asturian) representing different tiers of EuqAud scores. Each
participant was asked to rate the perceived gender repre-
sentation of each clip using the following scale: Strong
Male Representation, Moderate Male Representation, Neu-
tral, Moderate Female Representation, and Strong Female
Representation.

This survey aimed to validate whether the EuqAud met-
ric’s tiered outputs align with human perceptions of gen-
der dominance in audio samples, irrespective of language.
Participants were instructed to focus on vocal expression
attributes (e.g., pitch, tone, vocal presence) rather than con-
tent meaning.

Survey responses were aggregated and compared to the
tier classifications derived from the EuqAud. Results showed
strong agreement between perceptual labels and EuqAud
tiers, particularly for strongly biased clips. For example, clips
with high positive EuqAud values (e.g., > 6) were predom-
inantly perceived as male-dominant, while highly negative
EuqAud values (e.g., < −6) aligned with strong female rep-
resentation perceptions.

Table 5 summarizes the alignment between the EuqAud
determined tier and the dominant perception reported by
human participants for each clip. The Agreement column
indicates the percentage of participants whose perception
matched the tier predicted by EuqAud. High agreement
scores across most clips, particularly for extreme bias values,
indicate that EuqAud effectively captures bias in a way that
is traceable and observable to human listeners. Notably, clips
with scores close to zero (e.g., Korean or Armenian) resulted
in more mixed human responses, reflecting the subtler
nature of perceived neutrality and confirming the sensitivity
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TABLE 5. The table displays the similarities between the EuqAud bias
tiers and listeners perceived bias for each audio clip, reporting the
percentage of participant responses that matched the actual bias level of
the provided audio.

FIGURE 3. Illustrates the distribution of participant responses for each
audio clip, showing how listeners perceived the speaker’s gender.
Responses are categorized into five perception levels such as Strong
male, Moderate male, Neutral, Moderate female, and strong female
biased audio clips, highlighting the variation in gender assumptions
across the provided audio samples.

of EuqAud in detecting gradations of bias. While Figure 3
complements this by visually depicting the distribution of
participant responses per audio clip, reinforcing the consis-
tency between EuqAud tiers and perceptual judgments across
the five gender representation categories.

These findings suggest that EuqAud not only captures
statistical and performance-based disparities, but also aligns
with real-world perceptual judgments, further supporting its
utility as a model-independent and traceable fairness metric.

V. DISCUSSION
Whereas the proposed EuqAud provides a novel approach for
quantifying gender bias in audio datasets, there are several
limitations that warrant further investigation.

Firstly, the current metric is limited to evaluating gender
bias and does not account for other demographic attributes
such as age or race. These factors can also contribute to
disparities in audio based systems and should be incorporated
in future iterations of the metric.

Secondly, the effectiveness of the proposed metric relies
on the availability of speaker metadata, particularly gender
labels. However, many public audio datasets do not pro-
vide this information, which limits the metric’s applicability.
In such scenarios, EuqAud could potentially be combined
with automatic gender prediction models to infer speaker
labels prior to bias computation. However, this integration
introduces additional risks because gender classifiers them-
selves may contain demographic bias or domain-specific
errors. Incorrect gender predictions could propagate into
EuqAud calculations, producing misleading bias estimates.
Therefore, when automatic gender inference is used, the reli-
ability of the gender classification system must be carefully
evaluated, and uncertainty estimates should be considered
when interpreting EuqAud scores.

Audio datasets used in this study include multiple speak-
ers; each audio clip includes a single speaker. Additionally,
although most audio-based systems are typically trained on
single-speaker utterances, often obtained by applying speaker
diarization to multi-speaker recordings, this study focuses
only on pre-segmented, single-speaker data. As such, it does
not assess the metric’s performance in the context of multi-
speaker audio. Furthermore, the datasets used in this study
primarily consist of clean, read, single-speaker, near-field
speech. EuqAud has not yet been evaluated on far-field audio,
noisy environments, overlapping speakers, or child/elderly
speech, and its generalizability to these conditions remains
an open direction for future work.

One critical insight from our extended validation is the
challenge of detecting female biased datasets in real world
corpora. Most publicly available datasets exhibited male
dominance in either sample count or voice activity. This
imbalance skews model performance and limits the repre-
sentativeness of fairness evaluations. Future data collection
efforts must prioritize demographic balance to enable equi-
table AI development and bias mitigation.

Additionally, the EuqAud regression model was trained
using synthetic bias scores generated by systematically
reducing one gender’s acoustic features in controlled
increments. While this approach allowed the model to learn
a predictable mapping between feature differences and bias
scores, it may not fully reflect all possible patterns of natural
bias in real-world datasets. Although the regression model
was trained using controlled synthetic distortions, EuqAud
was subsequently validated on multiple real-world audio
corpora, demonstrating that the metric generalizes beyond
the artificial training conditions and is sensitive to natu-
rally occurring gender imbalances. Nevertheless, synthetic
distortions cannot fully capture the complexity of natural
demographic imbalances, and EuqAud’s sensitivity to more
diverse real-world distributions will require future validation
using datasets with verified demographic ground truth. Also,
as EuqAud uses a fixed trained equation without retrain-
ing on target datasets, characterizing coefficient stability
through uncertainty estimation (e.g., bootstrap resampling,
confidence intervals, or cross-domain evaluation) becomes
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especially important for confirming robustness across new
environments.

In conclusion, this study takes a critical step toward evalu-
ating inherent gender bias in audio datasets by introducing a
dedicated metric that operates independently of downstream
model performance. AsAI systems continue to influence high
stakes decision making, ensuring fairness at the dataset level
is essential. This research contributes to the broader effort of
building transparent and equitable AI systems by highlighting
the need to identify and mitigate bias at the source, within the
data itself.

VI. CONCLUSION
This study introduces EuqAud, a metric designed to quan-
tify gender bias in audio datasets. By leveraging raw audio
features and avoiding dependency on downstream models or
algorithms, EuqAud offers a dataset focused perspective on
bias detection

Validation of the metric against the establishedWord Error
Rate (WER), calculated using OpenAI’sWhisper-tiny speech
recognition model, demonstrated a strong alignment between
EuqAud and model-based bias indicators. Importantly, the
proposed metric isolates dataset based bias, offering a critical
advantage over traditional system level metrics like WER.

EuqAud serves as a foundational step toward the devel-
opment of fair and inclusive audio-based AI systems.
By enabling developers and researchers to identify and quan-
tify gender bias at the dataset level, it paves the way for
the creation of more equitable machine learning models and
tools.
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