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Abstract
Explainability is particularly necessary for speaker recognition
because of its potential forensic applications. A recent ap-
proach, BA-LR, offers a new level of explainability. It repre-
sents a speech utterance by a binary vector where each coef-
ficient indicates the presence or absence of a given speech at-
tribute. However, the interpretation of these attributes remains
unclear, as they are found automatically. The aim of this work
is to develop a methodology for interpreting these attributes in
terms of comprehensible explicit voice traits such as gender, age
and perceived phonation type. Our methodology is based on the
assumption that if an attribute is useful for a classification task
of an explicit voice trait, this means that this attribute encodes
all or part of this trait. Our results show that BA-LR attributes
encode, at least partially, gender, age and perceived phonation
type. These results pave the way for a comprehensive interpre-
tation of BA-LR speech attributes.
Index Terms: speaker recognition, explainability, voice quality,
speaker traits, perception

1. Introduction
While automatic speech processing systems have seen their ac-
curacy drastically improve during these past years, they are los-
ing out in terms of interpretability, due to the complexity of the
models and datasets. Automatic speaker recognition wishes to
verify a speaker’s identity using voice recordings and it’s no ex-
ception to this complexity versus loss rule [1]. The great level of
performance is balanced-out by the fact that their outputs can-
not be easily explained or interpreted, for instance by breaking
them down into interpretable decision factors, highlighting each
factor and its contribution to the final decision. This is particu-
larly alarming in the domain of speaker identification, since the
systems may be used as part of legal or forensic activities [2],
or other “High Risk” activities framed by the AI Act [3].

The BA-LR approach [4] has been proposed to overcome
this limitation and enable the use of high-performance deep
learning models while offering intrinsically a high level of ex-
plainability. It represents audio recordings by a binary vector
where each coefficient indicates the presence or absence of a
given voice attribute in them. These attributes are automatically
determined bottom-up using a deep-learning approach applied
on a large training corpus. A major hypothesis of the approach
is the fact that the attributes encode speaker specific character-
istic shared by a group, small or large, of speakers.

BA-LR offers a good explainability/efficiency (in terms of
speaker detection) ratio [5] with about of 3.7% EER on Vox-
Celeb database (to be compared with 1.37% for the baseline
system). This result was confirmed in mismatched conditions,
when the system is trained in one language and condition and is

applied to other languages and conditions [6].
The automatically discovered attributes are partially ex-

plained by a set of phonetic descriptive variables in [5]. How-
ever, their nature is still not completely understood. Particularly,
it is still unclear how to link the descriptive variables used to
describe the attributes (like specific spectral tilt measurements
or variations of melody) with the proposed hypothesis that an
attribute models a discriminating characteristic of the speaker
shared by (only) a group of speakers.

In this work, we explore the nature of attributes by attempt-
ing to interpret them through three explicit voice traits: gen-
der (representing biological sex), age and a voice quality infor-
mation, the phonation type. Gender and age help us charac-
terize speakers [7, 8]. Their impact on voice is high: signif-
icant variations have been observed between male and female
voices due to anatomical differences – women tend to have a
higher pitched voice due to their vocal folds being smaller than
men’s [9, 10]; elderly speakers show increased signs of hoarse-
ness, fatigue and crackling [11] due to the laryngeal muscles
deteriorating with time [12]. Voice quality is defined by the
“means by which speakers project their identity to the world”
[13], and is impacted by multiple acoustic determinants “result-
ing from the configuration of the vocal apparatus” [14]. Ac-
cording to [15, 16, 17, 18], voice quality has implications for
speaker characterization. Phonation types are part of voice qual-
ity: they qualify the continuum of possible laryngeal configura-
tions during phonation. Most known phonation types include
modal voice, creaky voice (irregular vocal folds vibrations) and
breathy voice (incomplete vocal folds closing during phonation)
[19]. Our hypothesis is that if an attribute encodes one of the ex-
plicit voice traits we have selected, it must play a prominent role
in a detection task for that information. To this end, we choose
decision trees as simple, explainable classifiers. We train sev-
eral classifiers using BA vectors as input, and use their per-
formance as an indicator of the presence of any of the explicit
voice traits selected in the BA-LR attributes. Before proceed-
ing, we require high-quality labeled training and test corpora for
the three parameters we aim to study. Given the limited avail-
ability of phonation type labeling resources, we need to create
our own dataset.

The rest of this paper is organized as follows: section 2
describes the data-gathering method used to create our dataset.
Section 3 presents the experiments and the corresponding re-
sults. Section 4 discusses these results and their implications.

2. Dataset and data preparation
This section presents the selected data as well as the labeling
in terms of perceived phonation type that we carried out. Some
additional details on data preparation are also provided.
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2.1. Dataset description

This work requires a dataset possessing a great variety of speak-
ers, with various ages and phonation types. Thus, we use several
French-speaking corpora to obtain equitably distributed gender,
age and phonation type classes: parts of PTSVOX [20], Com-
monVoice (CV) [21] and PFC [22] as well as data gathered by
the fifth author. Table 1 shows the number of speakers and ex-
tracts per corpora. Speaking style can be spontaneous, prepared
(discourse or interview) or read. Available metadata include the
speakers’ gender (“female” or “male”) and age (“young” under
30 years old, “middle-aged” between 30 and 60 years old and
“old” over 60 years old).

Silences are removed from the recording using the Silero
VAD system1 and the recordings are cut into three-second ex-
tracts, mimicking the BA-LR training process.

Table 1: Number of speakers, mean extracts per speaker and
female-to-male balance per corpora

Corpus Speakers Mean extracts/speaker F/M%

PTSVOX 14 9 44%
CV 33 5 22%
PFC 11 7 39%
Other 21 7 32%
Total 79 7 34%

2.2. Phonation type annotation

We perceptually annotated the audio extracts using three types
of phonation: creaky, modal and breathy. The two steps data
selection and annotation methodology is described in the fol-
lowing paragraphs.

We start by an initial step wishing to collect prototypical
excerpts for voices for the three types of phonation. “Proto-
typical” audio excerpts possess a prototypical phonation type
persisting in the speech extract. Three expert judges carried out
the perceptual labeling of the data. First, one judge annotated
all speech excerpts and assigned each speaker a phonation type
perceived as dominant. Next, 15 speakers were randomly se-
lected for each phonation type, resulting in a total of 45 speak-
ers. For each speaker, five speech excerpts were randomly cho-
sen, forming a dataset of 225 speech excerpts. Then, the two
other judges annotated perceptually the data. The final deci-
sions were taken by consensus between the three judges, using
decision rules drafted during the discussion like: “phonation
types related to pathological voices are deemed prototypical,
while voices possessing both creaky and breathy voice charac-
teristics at the same time are deemed non prototypical”. This
first data gathering enabled the collection of a set of 173 audio
extracts prototypical of one phonation type, including 43 with
creaky voice and 12 with breathy voice.

After this first phase we have a set of manually labelled pro-
totypical examples of the three phonation types as well as anno-
tation rules. To extend the number of creaky and breathy audio
extracts, we automatically select a set of other speech excerpts
close to the speech examples linked to the phonation labels
we’re looking for, and then ask the judges to label them using
the same procedure as before. The speech utterances selection
is done using a combination of three acoustic measures known
to be discriminant for creaky and/or breathy voices, H1*-H2*

1https://github.com/snakers4/silero-vad

Figure 1: Bar chart showing proportion of all possible voice
traits combination (“M” = male, “F” = female, “ mid” =
middle-aged).
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[23], H2KH5K [24] and Cepstral Peak Prominence (CPP) [25].
The measures are extracted using PraatSauce2, a porting of the
VoiceSauce software [26] on Praat [27].

Using the measurements collected from the prototypical ex-
amples in the first step, we define rules to select the second
round candidates using a simple strategy: the rules should work
for all the prototypical examples. At the end, all the speech
extracts with a negative H1*-H2* are selected as creaky candi-
dates and the speech extracts with both a CPP measure < 12
and a H2KH5K measure < 10 are selected as breathy candi-
dates. It gives a total of 512 new candidates which are sent
to the three judges to check the perceived phonation type. Out
of these extracts, 200 are unanimously classified as breathy or
creaky, leading to a total of 538 extracts including the initial
ones. The final distribution of extracts is shown in Table 2. The
combination of the three voice traits is called the “combined”
condition; its distribution can be seen Figure 1. Notably, the
dataset lacks recordings of older female speakers with a breathy
voice.

Table 2: Number of extracts per corpora depending on age and
phonation type (Cr = creaky voice, Mo = modal, Br = breathy)

Corpus -30yo 30-60yo +60yo Cr Mo Br

PTSVOX 123 0 0 15 53 55
CV 31 90 43 29 55 80
PFC 0 14 65 4 33 44
Other 0 36 117 102 30 21
Total 154 130 225 150 171 200

2.3. BA vector extraction

As mentioned in the introductory section, we use the binary at-
tribute (BA) vector representation of the speech extracts. It rep-
resents a speech utterance by a BA vector where a coefficient,
BA(i), indicates whether the speech attribute i is present or not
in the extract. We use the BA extractor presented in [4], in-
spired by the Resnet extractor presented in [28]. It is trained

2https://github.com/kirbyj/praatsauce
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using VoxCeleb2 [29], an English-speaking database of more
than one million recordings produced by more than 6000 speak-
ers (training data is given to the system in the form of 2 − 3
seconds audio extracts from the recordings). A BA vector of di-
mension 206 is extracted for each speech extract. No adaptation
or fine-tuning of the BA extractor was done.

3. Experiments
This section presents the different experiments proposed in this
article and the corresponding results.

Table 3: Training and testing datasets

Set Nb. speakers Nb. extracts

Train 63 433
Test 16 86

3.1. Gender, age and phonation type classification

As indicated in the introduction, we use decision trees as surro-
gate models to study the presence contained in the BA-LR at-
tributes of the three explicit voice traits, namely gender, age and
phonation type. We use DecisionTreeClassifier from
the Python library Scikit-learn [30], and the “gini” criterion to
find the best attribute to use at each node. The data distribu-
tion for train and test sets is described in Table 3. The sets are
obtained using Scikit-Learn’s GroupShuffleSplit so as to
prevent the same speaker from appearing in both train and test
sets. The splitting separates data in 80% for train set and 20%
for test set.

We first train a decision tree classifier for each of the three
voice traits (see section 2.1 for details): gender (two classes),
age (three classes) and phonation type (three classes), sepa-
rately. Then, we train a model combining all the informations
(17 classes), denoted “combined” (see Figure 1). Maximum
depth is specified for each model in Table 4.

Table 4: Performance of decision tree models on the test set, in
terms of accuracy, precision an recall (using macro averaging).
The model depth on the train set is also provided

Task Depth Acc. Precision Recall

Gender 8 0.86 0.86 0.87
Age 11 0.45 0.47 0.49
Phonation type 10 0.49 0.55 0.53
Combined 14 0.13 0.12 0.17

3.1.1. Results for age, gender and phonation type

For gender classification, a depth of 8 is sufficient to obtain a
100% accuracy on the train data. Testing phase reveals an ac-
curacy of 86% (see Table 4). For age classification, a depth of
11 is required to attain 100% accuracy on the train data and the
model obtains an accuracy of 45% on the test set. Extracting
the tree’s wrong predictions and confusion matrix reveals that
half of the wrong predictions are on the middle-aged class.

For phonation types, the accuracy on test set is 49% and
the depth of the model is 10. Phonation type with the most
wrong predictions is the creaky voice (44% of wrong predic-

tions), while the most well-predicted is modal voice (23% of
wrong predictions).

3.1.2. Results for the “combined” condition

The accuracy for the “combined” condition, where all the la-
bels are used, is 13% on the test set (with a depth of 14 and
100% accuracy on the train set). Although lower than the ac-
curacy obtained for individual classification tasks, this perfor-
mance compares well with the accuracy of a random system,
which is around 6% for a task of 17 classes.

3.2. Estimation of the contribution of each attribute

We choose decision trees as classifiers for their simplicity, but
also for the high level of explainability they allow. To evaluate
which attributes contributed most to the model’s decision, we
use the TreeExplainer method from the SHapley Additive
exPlanations (SHAP) toolbox [31]. We do this independently
for gender, age and phonation type classifiers.

The 5 and 10 best attributes in terms of contribution are
presented in Table 5, along with the total percentage contribu-
tion for both. On average, the top-five attributes contribute 41%
to classification, with phonation type classifier’s best attributes
having the lowest total contribution (31%). Top-ten attributes
increase mean contribution by 11% for classification tasks, with
age classifier’s best attributes reaching 60% contribution. Inter-
estingly, two attributes (144 and 193) are shared between the
top-ten lists for different classification tasks.

Table 5: Top-five followed by top-ten BA attributes in terms of
contribution and total contribution, for each classification task

Gender Age Phonation type

BA59 BA154 BA231
BA151 BA45 BA206
BA219 BA135 BA193
BA228 BA23 BA210
BA121 BA196 BA88∑

top-5 42% 47% 31%

BA144 BA230 BA192
BA240 BA197 BA185
BA229 BA147 BA144

BA53 BA188 BA136
BA193 BA157 BA111∑

top-10 53% 60% 39%

In order to determine if the voice traits are encoded by all
or only a part of the attributes, we rerun the experiments using
only the five or the ten most important attributes to represent
the data. We train new decision trees on these data and recount
the accuracy as we did previously. Results are summarized in
Table 6. For top-five attributes, gender classification accuracy
increases from 86% to 88%. Interestingly, the needed depth de-
creases to only 2. Age classification task also sees an increase
in accuracy – from 45% to 48%. For phonation type classifica-
tion, we observe a large degradation of the test accuracy from
49% to become 36%. The depth needed to obtain the best accu-
racy on training data (67%) is 5. Shifting the focus on top-ten
attributes, we report an increase in accuracy compared to top-
five case. Gender classification accuracy increases to 91% when
for age classification we see an increase of 12% for accuracy,
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Table 6: Performance of decision tree models on the test set, using only the top-five (left) and top-ten (right) attributes as features.
Accuracy, precision and recall (using macro averaging) are provided, as well as the model depth and accuracy for the train set

Task Depth Acc. Precision Recall Acc.TR

Gender 2 4 0.88 0.91 0.89 0.91 0.88 0.91 0.91 0.94
Age 5 6 0.48 0.60 0.50 0.62 0.48 0.61 0.72 0.80
Phonation type 5 10 0.36 0.41 0.35 0.44 0.46 0.44 0.67 0.89
Combined 7 11 0.16 0.20 0.16 0.20 0.19 0.22 0.88 0.97

ending up at 60%. Depth increases to 6 by one point to obtain
80% for best accuracy on training data. Finally, accuracy on test
data for phonation type classification is still lower than using all
attributes, but it increases from 36% to 41% while doubling
the depth needed (training accuracy is 91%). It is interesting
to determine whether the three sets of best contributors can be
used together for the “combined” condition. Using these 15 at-
tributes, we obtain an accuracy of 16% on the test set, which
is 3% more compared to the accuracy obtained using full BA
vectors (see Table 4). When using top-ten attributes (resulting
in 30 attributes in total), accuracy increases to 20% for the test
set (to be compared with 13% for all attributes).

Looking at the tree depths, the decision rules for gender
classification involve only four attributes for the top-10 (and 2
for the top-5), with an accuracy of 91%. For phonation type,
the rules incorporate 10 attributes for an accuracy of only 41%,
again for the top-10. This difference shows that gender, a cat-
egorical label with a "golden rule", is directly encoded into the
BA attributes whereas phonation type, a continuous label ob-
tained from perceptual evaluation, seems to be only indirectly
integrated into them.

4. Discussion
Explainability is a key factor in speaker recognition, particu-
larly for forensic and investigative applications. When the best-
performing systems proposed in the literature are unable to pro-
vide an explanation of their decision process, a recent alterna-
tive, BA-LR, proposes an approach that is inherently explicable,
while offering a good explainability/efficiency ratio. BA-LR is
based on a speech representation in which an utterance is mod-
eled by a binary vector indicating the presence or absence in it
of a set of speech attributes. In BA-LR, the decision process
allows a high level of explainability due to the estimation of
an LLR independently for each speech attribute, and LLR val-
ues depend solely on the presence or absence of the attribute,
combined with certain statistical parameters estimated using a
reference population. However, speech attributes are discov-
ered automatically and, although an initial description using
phonetic parameters has been achieved, their nature is far from
interpretable.

The aim of the present work is to develop a methodology for
interpreting these attributes in terms of comprehensible explicit
voice traits. Our methodology is based on the assumption that
if an attribute is useful for a classification task of an explicit
voice trait, it means that this attribute encodes all or part of this
explicit voice trait.

In this article, we explored three explicit voice traits: gender
(representing biological sex), age and phonation type.

Using a BA vector extractor trained on an English database,
VoxCeleb2, we built decision-tree classifiers for the gender (two
classes), age (three classes), phonation (three classes) and com-
bined (first three together, 17 classes) classification tasks. With

accuracy rates on test data of 86% for gender, 49% for phona-
tion and 45% for age (compared with 50%, 33% and 33% for
the corresponding random systems), we demonstrate the links
between BA attributes and the three explicit speech features we
have selected, paving the way for a comprehensive interpre-
tation of BA-LR speech attributes. This finding is confirmed
by the “combined” task, which achieved an accuracy of around
three times the performance of the random system.

Next, we determined the attributes that contribute most
to the decision for the three individual tasks – first the top-
five, then the top-ten. Interestingly, we observed a fairly com-
plete separation between the three subsets (only two attributes
are present for two classification tasks, among the ten most
contributing attributes), which we believe indicates that the
main voice traits are each encoded by a specific subset of BA-
LR attributes. Reducing the feature set to selected attributes
improved performance for all classification tasks, except for
phonation type. Using the top-ten attributes instead of the top-
five shows that gender classification is already saturated, while
age classification benefits from five additional attributes. This
result reinforces the hypothesis we have just stated. For phona-
tion type, a limited set of attributes reaching maximum perfor-
mance could not be identified among all attributes.

This difficulty in isolating a specific subset of attributes for
phonation type can likely be explained by the nature of the vari-
able itself. Unlike gender, which is the only categorical vari-
able, phonation type is continuous, meaning that it requires a
threshold for analysis. However, establishing a clear threshold
to classify an extract as creaky or breathy has proven challeng-
ing. Notably, breathiness is always present in a speaker’s voice,
while creaky voice can be intermittently replaced by modal
voice, making a three-second sample potentially insufficient for
detection. In addition, the BA vector extractor used in this study
has its own characteristics, such as input stride and statistical
clustering, which may influence its ability to detect creaky or
breathy voices – especially when these phonation types are only
present in specific parts of the utterance.

Overall, these results are particularly interesting as the BA
vector extractor was not designed to characterize the explicit
voice traits targeted here, but it does rely in part on them in its
decision-making process. It is likely, in view of our results, that
information on age and phonation type is embedded in some
attributes, but coded differently, perhaps decomposed into finer
acoustic features.

For future work, it would be interesting to use a larger
dataset to improve the accuracy of the results. We would also
to extend our work to other explicit voice traits like nasality or
regional accent, in order to interpret more BA-LR attributes. Fi-
nally, the integration of phonation information directly into the
BA-LR learning process seems interesting: this would allow
specific attributes to be dedicated to their detection, and to have
some control over what is encoded in the attributes.
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