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a b s t r a c t 

Automated speaker recognition is enabling personalized interactions with the voice-based interfaces and 

assistants part of the modern cyber-physical-social systems. Prior studies have unfortunately uncovered 

disparate impacts across demographic groups on the outcomes of speaker recognition systems and con- 

sequently proposed a range of countermeasures. Understanding why a speaker recognition system may 

lead to this disparate performance for different (groups of) individuals, going beyond mere data imbal- 

ance reasons and black-box countermeasures, is an essential yet under-explored perspective. In this pa- 

per, we propose an explanatory framework that aims to provide a better understanding of how speaker 

recognition models perform as the underlying voice characteristics on which they are tested change. With 

our framework, we evaluate two state-of-the-art speaker recognition models, comparing their fairness in 

terms of security, through a systematic analysis of the impact of more than twenty voice characteris- 

tics. Our findings include important takeaways to enable voice controlled cyber-physical-social systems 

for everyone. Source code and data are available at https://bit.ly/EA-PRLETTERS . 

© 2023 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

Characterized by the mass integration of smart devices in 

ur daily life, Cyber-Physical-Social Systems (CPSSs) are receiving 

n increasing attention [1] . This paradigm mainly promotes the 

ntegration of traditional cyber-physical systems with human 

nd social factors that emerge during the system operation and 

anagement. A notable challenge in this domain is to ensure 

 seamless yet secure interaction with smart devices while 

especting important human values. Prior work has identified per- 

onalization as one viable solution to address this challenge [2] . 

his assumption follows from the fact that one of the main 

ontributors to the complexity of CPSS originates from human 

ynamics, which are guided by environmental and personal fac- 

ors usually hard to predict. Personalization has been therefore 

uggested to better adapt CPSSs to individuals. 

Intelligent voice-based interfaces and assistants are being 

everaged for personalization into the existing CPSSs, from health- 

are treatment [3] to entertainment services [4,5] . For instance, 

otable assistants, such as Amazon Alexa and Google Home, detect 

he active speaker based on the voiceprints (i.e., a unique voice 

ignature) and provide personalized responses. Personalizing the 
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andling of voice queries amid social voice environments is a key 

eature of next-generation CPSSs, considering that voice-based 

nterfaces are becoming commonplace in an employee facing 

apacity, workspaces etc. [6] . 

Speaker recognition is a driver for personalization in voice- 

ased interfaces and assistants, being used to confirm or refute the 

ser’s identity based on their voiceprints. With the wider availabil- 

ty of speech data and increasingly efficient computing resources, 

peaker recognition systems have achieved high accuracy by lever- 

ging acoustic representations extracted from deep neural net- 

orks [7,8] . For certain demographic groups, however, these sys- 

ems might under-perform due to differences across dialects (e.g., 

ecause of regional accent), intra-group heterogeneity (e.g., age, 

ender, or ethnicity), or speech pattern variability of each individ- 

al in the group (e.g., people with disabilities). As for now, research 

n speaker recognition mostly focused on quantifying differences of 

rror rates across groups [9,10] . Potential sources of unfairness, be- 

ond the under-representation of a demographic group [11] , have 

een rarely investigated. Understanding why a speaker recognition 

ystem may lead to disparate performance for different (groups 

f) users is however essential to enable CPSSs for everyone. 

Grounded on explanatory machine learning [12,13] , our goal 

n this paper is to uncover the influence of voice characteristics 

n the disparate error rates emphasized by speaker recognition 

odels. Our research towards addressing this goal is relevant for 

ll the applications in which automated speaker recognition can 
nder the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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e beneficial. For instance, uncovering the vocal characteristics of a 

ertain (group of) speaker(s) that tends to experience higher false 

cceptance rates facilitates both humans’ understanding about 

he causes of the disparate errors and judging about whether the 

isparate error rate is based on a learned demographic bias. Model 

nterpretations about the most important characteristics that drive 

isparate error rates can allow to better think about and manage 

dge cases where those voice characteristics tend to appear more 

rominently. Furthermore, devising methods able to mitigate the 

ffects of those voice characteristics can increase equity and social 

cceptance of speaker recognition models and, consequently, foster 

he responsible adoption of such technology in the real world. 

With the above goal in mind, in this paper, we propose an 

xperimental framework aimed at understanding how changing 

he underlying voice characteristics (either protected and non- 

rotected) affects the speaker recognition models performance. 

ur framework is based on a statistical model that involves over 

wenty voice characteristics and studies their impact on the 

erformance of two state-of-the-art speaker recognition models. 

his impact is referred to as explanatory power , as it reflects 

he capability of a voice characteristic to influence a given de- 

endent variable (either security or usability). We then leverage 

ur framework to address the following research questions: do 

ensitive attributes have any relationship with other speech co- 

ariates (RQ1), which speech covariates influence performance 

he most (RQ2), and to what extent the sensitive class affects 

erformance (RQ3). To answer these research questions, the main 

ovel contribution of this paper is threefold: 

• We design a novel model-based explanatory framework to an- 

alyze the impact of voice characteristics on fairness estimates 

experienced by speaker recognition models. 
• We evaluate two state-of-the-art speaker recognition models, 

comparing their fairness in terms of security on a large dataset, 

through our explanatory framework. 
• Through a systematic analysis, we provide key observations and 

recommendations on the impact of voice characteristics on the 

performance of speaker recognition models. 

Our findings highlight the interplay between (i) the disparate 

egrees of security that are propagated by speaker recognition sys- 

ems across demographic groups and (ii) the characteristics of the 

ocal utterances that characterize each group. The consequent in- 

ights emphasize the need of mitigating the effects of the identi- 

ed voice characteristics that tend to drive unfairness, to ensure 

he reliable and ethical deployment of this technology. 

. Related work 

Speaker modeling. Speaker recognition is implemented via two 

ain tasks: identification aims to detect the speaker’s identity 

ithin a gallery of candidate speakers; verification aims to con- 

rm the identity of the claimed speaker and operates in an 

pen-set regime based on a gallery of enrolled speech samples. 

peaker modeling has been recently dominated by deep neural 

etworks [8] (DNNs) which significantly outperform classic solu- 

ions like GMM-UBM [14] or I-Vectors [15] . DNNs are typically pre- 

rained for the identification task, but are then adapted to open- 

et verification by discarding the classification head and extracting 

n intermediate representation, referred to as a speaker embedding . 

he embeddings of the query and enrolled samples are compared 

o confirm the speaker’s identity. 

Countless deep neural architectures have been proposed for 

peaker modeling. Some of the most prominent differences among 

he existing architectures involve the input acoustic representation, 

he backbone network, and the temporal pooling strategy. Directly 

sing waveforms to learn a representation is possible [16] , but it 
132 
s much more common to use a hand-crafted 2D representation 

e.g., spectrograms or filterbanks). The latter enables the adapta- 

ion of successful backbones from computer vision, e.g., VGG (Vi- 

ual Geometry Group) [17] or ResNet (residual networks) [18,19] . 

ecurrent [20] , pooling [19] , or time delay neural networks [7] can 

e then used to deal with the time dimension typical of the vocal 

nput. 

Usually, trainable pooling layers achieve better results than sim- 

le pooling operators, (e.g., average pooling [19] or statistical pool- 

ng [7] ). Some of the most successful learned designs include the 

amily of VLAD (Vector of Locally Aggregated Descriptor) mod- 

ls. NetVLAD [21] assigns each frame-level descriptor to a cluster 

nd computes residuals to encode the output features. Its variant 

hostVLAD [21] excludes some of the original NetVLAD clusters 

rom the final concatenation, such that undesirable speech sec- 

ions are down-weighted. 

Fairness in speaker recognition. Concerns that machine-learning 

odels may discriminate against certain groups are commonplace. 

everal studies indeed provided evidence and approaches against 

iases, e.g., Mehrabi et al. [22] , Goodman and Flaxman [23] , Ter- 

örst et al. [24] , Nápoles and Koutsoviti Koumeri [25] . 

Unfairness issues have been just recently uncovered in the 

peaker recognition domain. Prior works measured and analyzed 

lgorithmic unfairness on sensitive demographic groups (e.g., gen- 

er, age, nationality, accents) in terms of disparate error rates. 

he lack of training data representing the minority demographic 

roups was identified as the main reason behind such disparities: 

ata balancing and pre-training strategies across groups were pro- 

osed as countermeasures in Fenu et al. [9,11] , Zhang et al. [26] ,

eng et al. [27] . Subsequent progress in this field included unfair- 

ess treatments based on group-adapted encoders [28] or adver- 

arial and multi-task learning techniques [29] . Evaluation frame- 

orks aimed to investigate performance disparities across different 

emographic subgroups represent another line of research in voice 

nly [30] and audio-visual biometrics [31] . 

None of the above studies questioned the origin of the dispari- 

ies, beyond data imbalance. Our work is hence different from the 

iterature, since it proposes an explanation framework for uncov- 

ring the influence of voice characteristics on disparities in error 

ates across demographic groups via causal reasoning [32–35] . It 

herefore allows us to interpret and explain which voice character- 

stics might lead the model to be unfair (why it is unfair), going be- 

ond just claiming that a model is unfair. Our contribution should 

e seen as an additional layer towards creating responsible speaker 

ecognition models, on top of accurate model architectures and as- 

essments of performance disparities. In view of this, it would not 

e possible for us to make any comparison with other methods, 

ince our work touches on unfairness from a different perspective 

nd, hence, targets a different goal than the existing studies. 

. Methodology 

Our methodology is based on two main phases, summarized in 

ig. 1 . We first created a range of speaker recognition models re- 

ulting in high overall accuracy performance. Then, we leveraged 

he pre-trained models to run an exploratory analysis on the im- 

act of voice characteristics on performance. 

.1. Speaker recognition framework 

In this section, we show our experimental setup and the details 

f the used data sets, speaker encoders, and so on. 

Recognition task formulation. First, we mathematically define the 

ddressed classification task. Formally, let w ∈ [ −1 , 1] ∗ denote a 

peech waveform of variable length. We consider a feature extrac- 

ion step, using a speaker encoder (E ) , that produces a fixed-length 
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Fig. 1. Once the data set is pre-processed, we created two speaker encoders and ran an explanatory analysis to assess the impact of voice characteristics. 
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Table 1 

Performance of the considered speaker encoders under negative pairs created 

with another user from the same age range or the same gender (more chal- 

lenging scenario). 

ResNet-34 X-Vector 

Negative pair type EER F RR FAR 1% EER F RR FAR 1% 

Same age range 0.08 0.27 0.08 0.2 

Same gender 0.11 0.43 0.11 0.3 
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peaker embedding E(w ) ∈ R 

e , e ∈ N . Given a decision threshold τ
nd a similarity function S , a verification trial v can be defined 

s: 

 τ (w u , w p ) : S ( E (w u ) , E (w p ) ) > τ (1) 

here, under the speaker encoder E , an input speech waveform w p 

rom an unknown user p is compared with a speech waveform w u 

rom user u to confirm or refute the speaker’s identity (1 and 0, 

espectively). Training a speaker recognition model then becomes 

n optimization problem aimed at maximizing the expectation on 

he following objective function: 

rgmax 
(E,τ ) 

E 

u,p 

{
v τ ( w p , w u ) p = u 

1 − v τ ( w p , w u ) p � = u 

(2) 

Dataset preprocessing. In this study, we used a public dataset, 

amely FairVoice [10] , since its speech waveforms are appro- 

riately annotated with sensitive attributes and widely adopted 

or fair speaker recognition benchmarking [9–11] . This dataset in- 

ludes speakers’ data collected from Common Voice, one of the 

argest corpora including unconstrained speech extracted from 

eal-world scenarios, and featuring diverse acoustic environments. 

ll the waveforms were single-channel, 16-bit recordings sampled 

t 16 kHz. To the best of our knowledge, except for Common Voice, 

here is no other large public dataset which comprises voice data 

oming from a range of languages and labeled with a variety of 

ensitive attributes. Only the English and Spanish utterance sets 

ontain enough samples to ensure statistical significance and were 

herefore considered in this study. The gender attribute was binary 

male or female) and self-reported by the users on the platform. 

he age attribute was binarized in younger (age ≤ 40) and older 

age > 40) users. 

Speakers who provided less than six utterances were discarded, 

eading to a total of 6321 English speakers and 1298 Spanish 

peakers. The dataset was then split into training and testing sets, 

ccording to the standard protocol proposed in Fenu et al. [11] . 

pecifically, we considered the balanced multi-language training 

et setting, where the speakers’ representation was balanced by 

ender and age for both languages in the same training set, i.e., 

55 speakers for each of the eight demographic groups obtained by 

ombining gender, age, and language. For each speaker in the test- 

ng set, we generated 55 trial verification pairs: 5 positives (other 

tterances from the same speaker) and 50 negatives (other utter- 

nces from another speaker). 

Speaker encoder creation. We used speaker encoders based on 

arious Convolutional Neural Network (CNN) backbones and acous- 

ic representations, including a ResNet model (ResNet-34 [17] ) 

rained on spectrograms and a X-Vector model based on filter 

anks [36] . The ResNet model was adapted from computer vision 

o spectrogram inputs by replacing the last fully-connected (FC) 

ayer with two layers: an FC one with support in the frequency do- 

ain and average pooling with support in the time domain. On the 

ther hand, X-Vector includes five layers that operate on speech 

rames, with a time context centered at the current frame. A pool- 
133 
ng layer aggregates frame-level outputs and computes mean and 

tandard deviation. Two FC layers aggregate statistics across the 

ime dimension. We used a GhostVLAD pooling [21] . 

We trained our speaker encoders from scratch using data from 

he training set. We randomly sampled segments from each ut- 

erance and standardized the inputs to 2-s clips (by cropping or 

adding). No voice activity detection or silence removal was ap- 

lied. Spectrograms (filter banks) were generated in a sliding win- 

ow fashion using a Hamming window of width 25 ms and step 

0ms. We used 512-point (Fast Fourier Transforms) FFTs yielding 

pectrograms of size 257 ×200 and filter banks of size 24 × 300 

frequency ×temporal). Each acoustic representation was normal- 

zed by subtracting the mean and dividing by the standard devi- 

tion of all frequency components in a single time step. The model 

as trained for classification using Softmax, and served with 32- 

ized batches. We used the Adam optimizer, with an initial learn- 

ng rate of 0.001, decreased by a factor of 10 every 10 epochs, until 

onvergence. 

Speaker encoder evaluation. Subsequently, the pre-trained 

peaker encoders were deployed in a speaker verification sys- 

em by stripping their classification heads. We then performed a 

etailed assessment of open-set speaker verification performance 

n the verification trail pairs created from the testing set. With 

peech waveforms of a test set, we generated a set of verifica- 

ion trial pairs (5 positives, 50 negatives), with individuals from the 

ame language group. We tested the discriminability of 512-sized 

peaker embeddings on the obtained test pairs. Based on the col- 

ected cosine similarity scores, we found the ROC (Receiver Oper- 

ting Characteristic) curve and derived standard metrics, including 

he equal error rate (EER). The resulting evaluations were used for 

he threshold calibration. Due to space constraints, we focused on 

he threshold corresponding to the EER. Evaluation metrics were 

omputed for the entire population and each group. Table 1 sum- 

arizes the overall performance. 

.2. Explanatory framework 

In this section, we describe the foundations of our explana- 

ory framework that aims to study the impact of voice character- 

stics on the performance of different speaker encoders. The cen- 

ral question in the explanatory modeling research is the choice 

f explanatory variables. Two main approaches exist for choosing 

hem, based on confirmatory or exploratory research. They can be 
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egarded as two complementary components of the same goal, i.e., 

nding relevant variables in the most efficient, reliable, and repli- 

able way. The difference is that, in confirmatory research, the po- 

ential impact of different variables is hypothesized a-priori, based 

n existing theories. The confirmatory research approach is useful 

hen researchers have a theory (or theories) supported by facts. 

he second approach is exploration-driven, which is used when 

here exists a lack of sufficient theory foundations. Exploratory re- 

earch could likewise produce new hypotheses that could formally 

e evaluated later. Our study belongs to the second category, as 

e design a general framework. With it, we studied the impact of 

oice characteristics on speaker verification performance, in terms 

f false acceptance rates. 

Explanatory variables extraction. The explanatory variables con- 

idered in our study include voice characteristics pertaining to 

 wide range of perspectives. Each user u was represented in 

erms of two main categories of characteristics: protected and non- 

rotected. Non-protected characteristics (e.g., jitter, shimmer) were 

xtracted from each speech waveform w belonging to user u and 

veraged across speech waveforms of that user u to obtain a vec- 

or x of size S, where S is the number of non-protected character- 

stics. As we will describe later, non-protected characteristics can 

e further divided into three sub-categories: quantitative, qualita- 

ive , and dialogue . Conversely, protected characteristics (e.g., gender 

nd age sensitive attributes) were defined at user level and repre- 

ented with the vector z of size T , where T is the number of pro-

ected attributes. Formally, a user u was represented as a vector 

 u = [ z; j] ∈ R 

S+ T , where [ ; ] is the concatenation operator. 

Indeed, speech can be influenced by protected attributes, such 

s age and body conformation. Even though the availability of pro- 

ected explanatory variables in corpora adopted for speaker recog- 

ition is limited, our study considered the following three pro- 

ected attributes included into FairVoice : 
• Gender of the speaker, self-reported by users, represented as a 

binary label (male, female). 
• Age Range of the speaker, with the label “younger” assigned to 

those with age ≤ 40, “older” otherwise. 
• Language spoken by the speaker (English, Spanish). 

Non-protected quantitative variables measure properties com- 

on to any audio signal and do not have any direct relation with 

ersonal user traits. Specifically, we considered: 

• Root mean square (RMS) is the loudness of the audio signal, 

measured as the power of the wave averaged across its length; 

a low-volume audio sample could negatively affect recognition 

performance. 
• Decibels relative to full scale (dBFS) represents the loudness 

of the audio signal in decibel (dB) units, under a logarithmic 

scale, relative to the maximum possible loudness. 
• Maximum Amplitude that is reached by the sound wave. 
• Intensity (Mean, Std. Dev., Skewness, Kurtosis) is the power 

of the audio signal per unit area perpendicularly to that area, 

measured in dB SPL (Sound Pressure Level). 
• Signal-to-Noise Ratio (SNR) measures the noise of the audio 

signal in dB, where a lower value reveals a high noise in the 

audio signal. 

Non-protected qualitative variables include all those character- 

stics of a audio signal that differ depending on the source that 

enerated it. The vocal folds that produce the human voice are an 

rganic structure. Hence, the oscillations of the voice could contain 

ignificant fluctuations. Characteristics like fundamental frequency 

r jitter are affected by the context of the dialogue. Specifically, we 

onsidered: 

• Harmonics-to-Noise Ratio/Harmonicity (HNR) (Mean, Std. 

Dev., Skewness, Kurtosis) represents the degree of acoustic pe- 
134 
riodicity, with high values for signals where most of the energy 

is in the periodic part. This measure is influenced by personal 

traits and medical conditions [37] . 
• Fundamental Frequency F0 (Mean, Std. Dev., Skew, Kurtosis) 

of a speech signal refers to the approximate frequency of the 

(quasi-)periodic structure of voiced speech signals. The sound 

wave is divided into several windows, and F0 is extracted for 

each one as the average number of oscillations per second and 

expressed in Hertz. This property depends on gender, age, over- 

all body size, and cultural aspects [38] . 
• Formants F1, F2, F3, F4 Frequencies (Mean, Std. Dev., Skew- 

ness, Kurtosis) are the first four lowest resonant frequencies 

of the vocal tract [38] . There is a significant positive correla- 

tion between vocal tract length and body size (either height 

or weight), but also clear differences in male and female vo- 

cal tract morphology [39] . After data cleaning, F1 skewness, F3 

kurtosis and F4 kurtosis were maintained. 
• Formant Position is the average standardized formant value for 

the first n (we use n = 4) formants [40] . 
• Jitter is the variation in signal frequency caused by irregular 

vocal fold vibration, included in all natural speech. This mea- 

sure is influenced by several factors, such as loudness, language, 

gender, and personal habits, e.g., smoking or alcohol consump- 

tion [38] . In our study, jitter is measured with the local varia- 

tion of Boersma and Weenink [37] implementation, defining it 

as the average absolute difference between consecutive periods 

divided by the average period. 
• Shimmer is similar to jitter, but accounts for the variation 

in amplitude. This measure depends on personal traits. We 

adopted the local dB variation from Boersma and Weenink [37] , 

defined as the average absolute base-10 logarithm of the differ- 

ence between the amplitudes of consecutive periods, multiplied 

by 20. 

When considering sound waves containing human voices, as- 

ects related to what a person is saying and how the speech is 

ade can influence the performance of a speaker recognition sys- 

em. Non-protected dialogue variables include properties related to 

he way speech is generated by a speaker, such as: 

• Number of Syllables could impact the recognition task. 
• Number of Pauses in a speech could be relevant for the 

speaker recognition system. 
• Rate of Speech is the number of syllables pronounced along 

the entire audio sample, related to the propensity of the user 

to speak in a certain amount of time. 
• Articulation Rate , differently from the rate of speech, is the 

number of syllables pronounced only over the speaking dura- 

tion; so it describes how fast the user speaks. 
• Speaking Duration Without Pauses (SDWP) counts the total 

duration in seconds of the portions of the audio example where 

the user is speaking. 

Dependent variables preparation. The dependent variable is the 

erformance of the speaker recognition model at the user level. 

erformance is estimated using the False Acceptance Rate (FAR) ex- 

erienced by the user, to align our evaluation protocol with other 

orks analyzing the impact of voice data manipulation [41,42] fo- 

used more on security against imposture. FAR is the measure of 

he likelihood that the biometric security system will incorrectly 

ccept an attempt by an unauthorized user. A system FAR is com- 

uted as the ratio of the number of false acceptances divided by 

he number of imposter verification attempts. False accepts are of- 

en the most serious security issue as it gives unauthorized users 

ccess to systems. Given verification pairs D, the FAR for a user u 
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Fig. 2. [RQ1] Correlation between explanatory variables. 
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s computed as: 

 AR (u ) = 

|{ (u, p) ∈ D | v τ (w p , w u ) = 1 ∩ u � = p}| 
|{ ( u, p) ∈ D | u � = p}| (3) 

For simplicity, with FAR as dependent variable, in our experi- 

ents we consider secure (label 1) a value of F AR = 0 and insecure

label 0) a value of F AR > 0 . 

Explanatory model creation. Explanatory modeling refers to the 

pplication of statistical models to data for testing causal hypothe- 

es about theoretical constructs. In this study, on the basis of the 

omponents described in the previous sections, the causal hypoth- 

sis is: can explanatory variables, capturing voice characteristics, ex- 

lain the variation of the dependent variable related to speaker verifi- 

ation performance ? To this end, we introduce a surrogate model 

s the explanatory model, which, for a certain speaker recogni- 

ion system, is optimized to explain the dependent variable (FAR) 

y means of the explanatory variables extracted from the speak- 

rs’ utterances. To analyze the dependency of the performance on 

he explanatory variables, we considered random forests and linear 

odels as a surrogate model, leaving the usage of other families of 

xplanatory models for future works. Formally, an exploratory sta- 

istical model G for a speaker verification system v can then be 

efined as: 

G θ : f (c u ) = 

ˆ y v s.t. h (G) = �v (4) 

here ˆ y v is the prediction of G, h is a function that from G re- 

urns the importance weights �v ∈ R 

S+ T , which are the hypothe- 

ized impactful parameters that vary in terms of the information 

aptured from each characteristic in c u . Training a surrogate model 

ecomes then an optimization problem: 

rgmin 

θ

| f (c u ) − y v | (5) 

here θ ∈ R 

∗ is a set of parameters, i.e., rules used internally by 

to be optimized. Surrogate models were optimized via a grid 

earch on all the audio samples included in the testing set. Specifi- 

ally, the vector c of explanatory variables characterizing each user 

as fed as input of the surrogate model. The dependent variable 

as considered as the ground truth value to predict. Since we are 

nterested in the explanation power of the surrogate models, no 

urther split of this set is performed. 

. Experimental results 

Our experiments analyzed whether protected attributes corre- 

ate with other speech covariates (RQ1), which speech covariates 

nfluence performance the most (RQ2), and whether changing the 

rotected class affects performance (RQ3). 

.1. Relationship between explanatory variables (RQ1) 

In a first analysis, we investigated whether protected explana- 

ory variables have any relationship with other speech covariates 

e considered as explanatory variables (quantitative, qualitative, 

nd dialogue). To this end, Fig. 2 shows the Pearson correlation 

mong the considered explanatory variables. For conciseness, we 

resent only the results for the Random Forest (RF) as a surrogate 

odel, since it achieved a value close to 1 for both F1 score and

UC and can hence well explain the relationship of the dependent 

ariable with the explanatory variables. We also played with linear 

odels, but achieved both F1 Score and AUC lower than 0.65. For 

larity, we also removed non-protected variables highly correlated 

ith each other. 

It can be observed that there was a high absolute correlation 

etween gender and other voice characteristics, such as F0 mean 

nd statistical moments measured on the distribution of the 4 for- 

ants (F1, F2, F3, F4). Similarly, jitter local and shimmer local dB 
135 
ad a positive correlation with gender as well, confirming that 

hese characteristics are able to encode personal traits of each indi- 

idual. Conversely, age range and language did not report any sig- 

ificant correlation with other speech covariates. 

bservation 1. There are significant relationships between gender 

nd other speech covariates. Age and language do not relate signif- 

cantly with any covariates. 

.2. Influence of speech covariates on performance (RQ2) 

In a second analysis, we analyzed which speech covariates in- 

uence speaker recognition performance the most. In particular, 

e examined the dependency of the FAR (security) from the con- 

idered explanatory variables by means of the surrogate models 

ncluded in our explanatory framework. Before training the surro- 

ate models, a variance inflation factor [12] was applied to remove 

ulti-collinearity among explanatory variables (threshold equal to 

.0), which resulted in removing a range of less influential ex- 

lanatory variables. The remaining ones were used to train the sur- 

ogate models. In order to uncover the influence of explanatory 

ariables on recognition performance, we leverage techniques of 

ermutation feature importance on the surrogate models, applied 

ver 10 repetitions to ensure statistical significance. 

Figure 3 collects the explanatory variable importance scores on 

esNet-34 and X-Vector, respectively. It can be observed that the 

F surrogate model considered the formants F1, F3, and F4 as well 

s the fundamental frequency F0 to be the most important vari- 

bles for both speaker encoders. None of the protected explanatory 

ariables were considered as important by the surrogate model, 

xcept for language in X-Vector. Overall, our results reveal that 

rotected attributes do not directly affect the performance of the 

peaker recognition system. Other speech covariates, despite still 

eing correlated with protected attributes, can be used to inter- 

ret and then counteract unfairness in terms of security on both 

peaker encoders. 

bservation 2. Speech covariates pertaining to vocal frequency as- 

ects explain the most the disparate security estimates across in- 

ividuals. 

.3. Impact of protected class changes (RQ3) 

Previous experiments revealed that there exists a relationship 

etween protected attributes (especially gender) and other voice 

haracteristics (RQ1) and that some key voice characteristics can 
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Fig. 3. [RQ2] Importance of voice characteristics on the predicted FAR. 
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Fig. 4. [RQ3] Effect of flipped protected class on predicted FAR. 
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xplain the error rates experienced by a speaker recognition sys- 

em (especially FAR) to a good extent (RQ2). In our third and last 

nalysis, we therefore leveraged the surrogate model to investigate 

hat happens to the dependent variable when we flip the pro- 

ected class of a user in his/her vector c, e.g., by modifying the 

ender (age; language) of a user from female (younger; English) to 

ale (older; Spanish). Our goal is to compare the predictions of 

he surrogate model when the original vector and the vector with 

he flipped protected attribute are fed, respectively. Through our 

urrogate model, we provided “what if” feedback of the form “if 

n input data point was c u ’ instead of c u , then a speaker encoder

utcome would be ˆ y ’, and not ˆ y ”. 

Figure 4 reports the predicted FAR for original vectors and vec- 

ors with a protected class flipped on ResNet-34 and X-Vector re- 

pectively. The orig curve depicts the density distribution of the 

redicted FAR when the original vector of each speaker was used. 

he other curves represent the predicted FAR when the corre- 

ponding protected attribute is “flipped” for each user, i.e., the 

urve labeled gender was generated by flipping the gender class 

f each speaker and similarly for language and age range. It can 

e observed that flipping the gender and language classes resulted 

n a significant increase of predicted FAR level on ResNet-34. Con- 

ersely, flipping the language and age classes positively affected 

AR predictions on X-Vector. Hence, the sensitive attributes, espe- 

ially the language, are able to modify the predictions of RF. This 

bservation is also in line with what we observed in the first two 

nalyses. 

bservation 3. The spoken language has the strongest impact on 

he security of the two considered speaker recognition systems. 

. Discussion and conclusions 

In this paper, we aimed to explain the reasons behind disparate 

mpacts in speaker recognition through the lens of voice charac- 
136 
eristics, going beyond a mere attribution to the imbalance level 

cross classes. To this end, we formulated and leveraged an ex- 

lanatory framework that sheds light on the impact of protected 

nd non-protected characteristics on the recognition performance 

f speaker encoders. Even though causal reasoning techniques re- 

orted an influence of protected attributes, our analysis of the im- 

ortance of other speech covariates showed a significant relation 

f vocal properties with system security, agreeing with the find- 

ngs of the other studies such as Fenu et al. [9,11] . 

Our findings in this study, paired with its limitations, will lead 

o future research directions. First, our observations prove that the 

auses of disparate performances go beyond mere memberships 

o certain demographic groups, but result from fine-grained voice 

haracteristics (some of them related to the group membership). 

his opens a new perspective for analysis and mitigation of un- 

airness in speaker recognition where it might be no longer re- 

uired to know the (hard to retrieve, especially due to privacy con- 

traints) protected attribute labels. Other voice covariates emerged 

rom our analysis can be used as a real proxy of such labels and 

s drivers for specific mitigation strategies (e.g., clustering users 

ased on those characteristics and provide treatments to the disad- 

antaged clusters). Another line of research can also focus on mak- 

ng input waveform statistically indistinguishable from the per- 

pective of the relevant voice characteristics, for instance through 

he use of autoencoders, in order to make speaker encoders robust 

o these characteristics. Nevertheless, the set of characteristics we 

onsidered can be extended, and other large data sets including 

ore languages, protected attributes, and speech covariates can be 

everaged. Furthermore, random forests were the solely explana- 

ory model that resulted in good accuracy, but our framework can 

e extended to further surrogate models. 
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