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ABSTRACT

This paper aims to analyse human perceptions of gender in speech
signals, focusing on signals that are misclassified by methods for
binary gender classification, looking at the features of speech sig-
nals that are more likely to be misclassified, or classified as either
nonbinary or unclassifiable. The paper also analyses how human
subjects perform in classifying such speech signals to gain insight
into differences between machine and human performance levels. It
is shown that gender classification systems and human ratings lack
inter-annotator agreement, as do human ratings considered individ-
ually. There is also discussion of the suitability of continuing to use
a binary system for gender in the field. This work fits into a larger
body of research ongoing in the area of speech technology for trans-
gender voice therapy.

Index Terms— Binary Gender Classification, Human Evalua-
tion, Transgender Voice

1. INTRODUCTION

Gender is one of the most commonly available metadata in public
speech datasets. Gender itself is also the focus of several speech
technology tasks such as estimating the binary gender of a speaker
[1-3], and anonymising a speaker through gender deidentification
[4-6]. State-of-the-art systems have achieved scores very close to
100% recognition rate [1]. However, open challenges remain.

An increasing amount of scientific literature highlights the is-
sues with the idea of a gender binary (i.e., classifying people into
two opposite genders) rather than a spectrum [7]. Despite this, bi-
nary gender classification systems are still widely used and have
been for some time, with examples in the speech domain includ-
ing [8—11] and even further afield in domains such as facial recogni-
tion [12]. Reasons for using these systems include call-centre rout-
ing, demographic tracking, forensics, and personalised marketing.
These systems can also be used in applications aimed at gender /
speech anonymisation [5].

In general, the idea of a gender binary is becoming less and less
relevant in general society. Up to 5% of Generation-Z youths iden-
tify as non-binary [13, 14], meaning that they feel that their gender
identity does not lie within typical conventional binary options. Fur-
thermore, an increasing number of people are identifying as trans-
gender [15]; more than 1.6 million Americans and up to 3% of New
York youths. In addition to issues with a gender binary, there is also
research to show that acoustic variations in speech with respect to
gender are at least partially due to both the speaker’s language and

This work was supported by the Centre for Doctoral Training in Speech
and Language Technologies (SLT) and their Applications funded by UK Re-
search and Innovation [grant number EP/S023062/1].

social constructs [16]. This would mean that both perceived and
acoustic differences in speech signals from gender may shift over
time as social views change, for example, possibly narrowing the
gap in pitch differences in speech between genders [17].

Another area where voice and gender are in increasing focus is
that of transgender voice therapy, which is used to alleviate voice-
based dysphoria in individuals whose gender identity does not align
with the gender they were assigned at birth. Therapy is the preferred
option to other interventions such as surgery, as there is evidence
that therapy alone can achieve results that most are happy with much
lower risks - those who have opted to have surgery are also addi-
tionally offered therapy. However, voice therapy and other similar
therapies are underfunded, leading to a number of issues relating to
shorter sessions and a lack of support outside of sessions. Techni-
cal interventions in the form of, e.g., speech therapy tools could be
used to provide augmented and extended care for these groups of
potentially very vulnerable people.

In order to successfully develop technical interventions in this
field (e.g., training systems for voice therapy) and integrate speech
technology into therapy practices, it is necessary to better understand
what aspects of speech signals make humans perceive gender - such
as, perception of fricatives like /s/ and /;/ [18]. From this it may be
possible to further understand how computers and humans perceive
gender in speech signals, and understand how current gender identi-
fications work (and fail), as well as establish the features of speech
signals which are more likely to be misclassified, or classified as
either nonbinary or unclassifiable.

Attempting to solve or even fully explain the issues relating to
the use of gender recognition systems is beyond the scope of this pa-
per. Instead, the aim of this paper is to primarily analyse the binary
gender identification system proposed in [1], to analyse the types of
speech signals that it struggles to correctly identify and to investi-
gate the characteristics of these misidentified speech signals as, for
example, spectograms, looking for any common themes. In addition,
the paper investigates how humans perform when asked to classify
such misclassified speech signals in an attempt to compare the sys-
tem with human performance levels. Finally, the paper will discuss
thoughts on the suitability of continuing to use a binary system for
gender in the field, looking at potential alternatives informed by both
the collected human data and other sources.

The remainder of this paper is structured as follows: Section 2
introduces the system used to generate misclassified voice speech
signals, then Section 3 introduces the datasets used and the listening
experiment. Results are presented in Section 4 and the paper then
concludes in Section 5.



2. METHODOLOGY

The d-vector based gender estimation model proposed in [1] is taken
as a baseline. It was selected as a state-of-the-art system with the
aim to analyse its misclassified utterances. A high-level overview of
the system is illustrated in Fig. 1.
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Fig. 1: High-level representation of the d-vector based baseline gen-
der classification system.

The system uses a d-vector architecture, first introduced in [19],
to embed the utterance through the use of a multi layer long short-
term memory (LSTM) recurrent neural network (RNN). An input
speech utterance is passed through a waveform preprocessor to stan-
dardise the files across the three datasets in terms of file format and
peak loudness, before being passed to a feature extractor pretrained
on the Voxcelebl [20] and Librispeech [21] datasets. These features
are passed to a DNN embedder, which creates a 256-element vector
to pass to the gender classifier. The embedder’s architecture is com-
posed of three LTSM layers connected in series, each with a layer
size of 256, which are then connected to a dense and ReLu layer.

As shown in Fig. 1, there is an additional neural network-based
binary gender classifier on top of the d-vector embedder. Following
the procedure in [1], this network was pre-trained on the VoxCelebl
dataset [20] and then subsequently fine-tuned on both Common Voice
[22] and DARPA-TIMIT [23]. The architecture of the binary gender
classifier in Fig.1 is presented in Table 1.

Table 1: A summary of the system’s binary gender classifier.

Layer Input Size  Output Size
Dense + ReLu + BatchNorm 256 256
Dense + Logits 256 1

3. EXPERIMENTAL SETUP

3.1. Baseline Gender Classification System

The accuracy of the re-implemented system depicted in Fig.1 is
99.29%, which is slightly lower (0.31%) but approximately in line
with the results achieved in [1]. Although unspecified in [1], the
implemented baseline system uses a binary cross-entropy loss func-
tion. The model is trained and fine-tuned on multiple datasets as
in [1] as follows:

VoxCelebl [20] is a large-scale text-independent speaker iden-
tification dataset stored in the ”.wav” format, collected from pre-
existing footage available on YouTube. It features over 7000 speak-
ers, 1 million utterances and 2000 hours of data. The available meta-
data for the gender of the speaker was originally created via the use
of a facial-recognition based convolutional neural network (CNN),
which other papers have previously suggested may have lead to a
large number of inaccurate gender labels [24].

CommonVoice [22] is a large-scale multilingual collection of
transcribed speech designed primarily for automatic speech recogni-
tion (ASR) purposes stored in ”.mp3” format, featuring more than
50,000 individuals and over 2,500 hours of audio. Demographic
metadata is optionally self-provided by users recording their own
voice. The dataset itself is also split by language; here only English
speech is used (as in the original implementation [19]).

DARPA-TIMIT [23], or, the Defense Advanced Research
Projects Agency (DARPA) Texas Instruments / Massachusetts In-
stitute of Technology (TIMIT) corpus of read speech stored in the
NIST-SPHERE format, was designed to provide speech data for
early automatic speech recognition systems. TIMIT contains 630
speakers across eight dialects, each speaking 10 phonetically rich
sentences. Metadata was collected directly from participants at the
time of recording.

3.2. Gender Perception Experiment

Following both the training and the fine-tuning of the model, a total
of 408 speech signals were misclassified in the dataset, which were
combined with 100 correctly classified “control” speech signals, to
provide an anchor for comparison with other speech signals.

A listening experiment was conducted with self-reported normal
hearing participants who were presented with a single speech signal
at a time and were asked to rate it on a continuous sliding scale. One
end of the scale was labelled "Male”, and the other “"Female”, with
the slider starting in the center for each clip. Below this, there was
a second slider representing the user’s confidence in their gender
rating of the speech signal, ranging from 0% to 100%. To speed
up the participant’s workflow, the slider would automatically move
depending on the distance from the centre the participant had set the
first slider; however, it could be adjusted individually as well - this
was made clear to the participants. Participants were asked to rate
at least 100 speech signals if possible, but were otherwise given no
instruction on what a typical male or typical female sounded like, in
order to keep results true to their own personal perception.

Overall, the 18 participants provided 2411 responses (Mean:
134, SD: 108), a maximum of 508 and a minimum of 20. The
participants had a mean age of 28.5 (SD: 7.5), with 5 listing their
gender as “Female” and 13 listing their gender as ”"Male”.

4. RESULTS

As previously stated, the results of the baseline system are compara-
ble although slightly lower than the original system presented in [1].
Since analysis of the listening test conducted by the human partic-
ipants are the paper’s main focus, Table 2 summarises a number of
metrics analysing the listening test data.

In Table 2, BCE represents the binary cross-entropy loss among
only human results and is intended as an intuitive comparison be-
tween the computer’s performance. Similarly, two measures of ac-
curacy are reported: Accuracy (Representing the standard accuracy
measure) and Accuracy. (Representing accuracy weighted by con-
fidence), which allows us to establish a level of agreement between



Table 2: A summary of listening test results.

Metric Experiment Control Combined
BCE 0.526 0.068 0.595
Accuracy 0.945 0.979 0.952
Accuracy. 0.954 0.984 0.960
K (human-only) 0.096 0.440 0.179
K (both) -0.056 0.497 0.039

humans and the base labels, in addition to approximating human er-
ror. Finally, Fleiss’ Kappa, denoted by « in table 2, is presented
to highlight inter-annotator agreement between solely humans, and
both the humans and baseline system.

For BCE, the loss was measured using the rating that each par-
ticipant gave compared to the labels provided with the dataset:

N
BOE =~ > yi - log(p(yi)) + (1 - ye) -log(1 — ply:)) (1)

=1

for each corpus label y; of the (mis)classified samples, giving rise
to the probability that the label will be chosen p(y;) and a dataset
of size N. Here, N = 508, the number of tracks in the dataset.
The somewhat high BCE score in Table 2 may indicate that human
participants were less confident in their labelling.

Accuracy represents the standard accuracy measure widely used,

S (slp(wi)

Accuracy = Y

@3]
with g(p(y;)) representing the number of correct results, e.g.

g(p(y:)) = 1if p(ys) > 0.5 else g(p(y:)) =0 3)

and M represents the total number of ratings available (Here, M =
2411). Similarly to the above, Accuracy. represents a weighted
accuracy score using confidence scores,

Zfil(g(g(yi)) “ci) @
>im1Ci

for confidence score c;, and provided rating p(y;) from each partic-
ipant ¢, with

Accuracy is included as an intuitive rating of human perfor-
mance over the data, and Accuracy. provides similar information
but quantified by how confident the human participants were in
their ratings. Interestingly, a perfect 100% accuracy score was not
achieved. One reason for this could be human error; However, es-
pecially given the fact that VoxCeleb was initially classified by an
automatic gender classification system itself, it may indicate that
some labels on the data are incorrect. No participant achieved 100%
accuracy (Mean: 0.944, SD: 0.042, Max: 0.987, Min: 0.820) or
accuracy. (Mean: 0.954, SD: 0.038, Max: 0.985, Min: 0.832).
When taking into account the control samples alone however, 9
participants achieved a perfect accuracy and accuracy. score.
Analysing tracks which were misclassified, a mean disagreement
with the label of 0.378 (SD: 0.298) can be observed, and a total of
10 tracks had 100% disagreement with the source label.

 in Table 2 represents the Fleiss’ Kappa coefficient which eval-
uates the inter-rater agreement,

Accuracy. =

P_P,
K= ~ 5
) )

where 1 — P, is the degree of achievement available above simple
random chance and P — P, is the degree of achievement actually
achieved above random chance. x(human-only) is the metric eval-
uated excluding the computer’s results, and «(both) is the metric
evaluated including the computer’s results. The “human-only” re-
sults are around 0.2, indicating a fair level of agreement, whereas
the ”both” results are close to 0 (poor agreement. As expected, the
human-only agreement is higher than the human-computer agree-
ment for the combined case, however the gap between the two scores
is lower than expected.

4.1. Confidence Scores

As mentioned in Section 3.2, participants were asked to provide con-
fidence scores along with their gender rating for each speech sig-
nal. Fig. 2 and later Fig. 3 show the distribution of these confidence
scores.
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Fig. 2: A violin chart showing the frequency of confidence scores,
with lines representing their range and means for each binary gender.

Fig. 2 shows us that the majority of confidence ratings were
above 60%, and that participants were more often very confident
when classifying female-labelled voices. Of particular note in Fig. 3
are interesting results as confidence scores increase. Two immedi-
ately obvious paths of a higher confidence relating to an explicitly
male or explicitly female voice, but looking at participant gender
ratings slightly to the right of a neutral rating, for corresponding con-
fidence scores ~ [85 : 95], there is a set of high-confidence ratings
which are trending towards a high confidence gender neutral rating.
This, combined with the ratings which are at 100% confidence for
a gender rating of 0.5 (i.e. exactly between binary male and female)
indicates that there is support for the theory that people may clas-
sify speech signals as nonbinary - that is, not as a particular binary
gender.

Two distinct straight-line paths originating from confidence 0%
to the opposite two corners of Fig. 3 can be observed. These repre-
sent participants not moving the confidence slider from its automatic
position. Therefore, these data points are considered to be of less
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Fig. 3: A scatter plot showing the confidence scores for each con-
tinuous gender rating, coloured per participant. Histograms are de-
picted at each axis to visualise the data distribution.

interest. For repeating this experiment it may be interesting to inves-
tigate the effects of not pre-moving the confidence slider.

Overall, it can be noted that there are high confidences ratings
for gender ratings that are not either 100% male or 100% female,
and bearing the above in mind, there is evidence to support that
humans are not thinking strictly in terms of binary gender. This
finding, alongside emerging acceptance and narratives surrounding
transgender people, may support the idea that implementing binary
gender classification systems is increasingly irrelevant and possibly
even unethical in today’s world.

4.2. Result Regression

0.8
» 0.6
£
]
=
]
S
0.4 4
0.2 A
= Both labels
~——— Male labels
Female labels
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Scaled Gender Rating

Fig. 4: A linear regression and scatter plot, fit to participant ratings

Fig. 4 shows the results of a simple linear regression model
trained on the participant’s gender ratings and confidence scores.
The gender ratings, previously on a continuous scale from 0 (male)
to 1 (female), were rescaled by the formula

NewScore = 2 - abs(OldScore — 0.5) (6)

with abs(x) representing the absolute value of x. The data shows a
clear correlation between a more gendered rating (male or female)
and a higher confidence. However, of note is that this regression im-
plies that even for non-binary gender ratings (e.g. close to the centre
of male and female), that confidence scores remain high at approxi-
mately 0.5.

4.3. Example Spectograms

Fig. 5 shows four sample spectograms randomly chosen from the
data used as part of this experiment, with accompanying labels.
There are two correctly classified spectograms (ending ”_C”), one
for both "male” and “female”, respectively (beginning "M” and "F”
respectively), and two incorrectly classified spectograms (ending
”_1”), again one for each gender in the dataset. In addition, each
spectogram also lists the time-averaged pitch frequency FO.
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Fig. 5: Spectogram examples showing correctly classified and mis-
classified speech signals, along with their average FO values.

A visual examination of the spectograms presents some interest-
ing observations. Firstly, looking at the misclassified female speech
signals in F_I, it can be seen that there are some similarities with the
correctly classified male speech signals in M_C. Namely, both fea-
ture prominent high-energy bands in lower frequencies, and tend to
retain energy into the higher frequencies. Meanwhile, comparing the
misclassified male speech signals in M_I with the correctly classified
female speech signals in F_C, the opposite of the above is true, lower
energy in very high frequencies. Additionally, misclassified signals
have similar FOs, close to 340Hz.

5. CONCLUSION

This paper analysed speech signals misclassified by a state-of-the-art
binary gender classification system and analysed respective human
assessment. A lack of agreement, between both human raters and
classifiers, and between differing human raters was observed. This
suggests that determining gender from voice is not something that
humans are capable of doing with perfect agreement, as least based
on solely listening to speech signals - a statement which is further
supported by ratings indicating with high confidence that a speech
signal was neither male nor female. Future work will look at what
this means for automatic voice therapy tools helping people with
dysphoria.
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