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Abstract

In recent years, there has been a growing focus on fair-
ness and inclusivity within speech technology, particularly in
areas such as automatic speech recognition and speech senti-
ment analysis. When audio is transcoded prior to processing, as
is the case in streaming or real-time applications, any inherent
bias in the coding mechanism may result in disparities. This not
only affects user experience but can also have broader societal
implications by perpetuating stereotypes and exclusion. Thus,
it is important that audio coding mechanisms are unbiased. In
this work, we contribute towards the scarce research with re-
spect to language and gender biases of audio codecs. By ana-
lyzing the speech quality of over 2 million multilingual audio
files after transcoding through a representative subset of codecs
(PSTN, VoIP and neural), our results indicate that PSTN codecs
are strongly biased in terms of gender and that neural codecs in-
troduce language biases.

Index Terms: audio codec, speech technology fairness and in-
clusivity, PSTN, VoIP, neural codecs

1. Introduction

Audio coding has been present for more than 60 years and re-
cent studies suggest that audio and video streaming account for
the majority of Internet traffic (i.e., 82%) [1, 2]. The terms
audio coding, audio codec and audio compression are nowa-
days used interchangeably since all terms share the same main
premise: reducing or compressing an input audio signal while
maintaining an acceptable level of fidelity and quality of the
original signal.

Traditional audio codecs such as G.711 [3] and G.729 [4]
were originally designed for use in telephony - today still re-
ferred to as the public switched telephone network (PSTN).
The audio codecs here operate deterministically, typically tak-
ing a small chunk of the input audio sampled at a predefined
rate (e.g., 10 ms of audio sampled at 8 kHz) and compressing it
into a smaller number of bits. These bits are streamed over the
network and expanded at the receiving end to restore the orig-
inal signal. More recently, the popularization of the Internet
has seen voice over IP (VoIP) telephony technologies become
a crucial part in human communication. This resulted in the
development of audio codecs based on linear predictive coding
(LPC) and modified discrete cosine transform (MDCT), such
as SILK, EVS [5] and most notably Opus [6], one of the codecs
used by millions of daily users in applications such as Microsoft
Teams, Google Meet, YouTube and others [7]. Recent advances
in deep learning have seen the development of neural-based au-
dio codecs, such as EnCodec [2], SoundStream [7] and Descript
[8]. These models are trained to encode music and speech at
varying bitrates with streaming capabilities.
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1.1. Related work

Most work on fairness, inclusivity and biases of speech tech-
nologies has revolved around automatic speech recognition.
This is not surprising given the high demand and applicability of
these technologies [9, 10, 11, 12, 13, 14]. These studies mostly
analyze whether automatic speech recognition (ASR) systems
are fair regardless of gender, age and ethnicity/race. The con-
cept of language bias is not applicable to ASR systems as the
performance of an ASR system on a specific language is a tar-
get metric and is improved by training the ASR system on data
in that given language. Several studies analyzed the gender dis-
parity between emotion recognition from speech, suggesting fa-
vorable accuracy for male samples compared to female samples
[15, 16]. The authors of [17] also show that disparities in speech
quality transmission based on gender exist.

In [18], the authors consider the effect of voice quality (i.e.
timbre component of speech) on ASR accuracy, primarily ana-
lyzing the effects of creaky voice on ASR performance. Fur-
thermore, [19] analyzes the disparity between acoustic mea-
sures extracted from high-quality recordings of voice and audio
transcoded via VolP, specifically using Opus [6]. Most relevant
to our work is the study of Muller et al. [20] in which the au-
thors evaluate the quality of various audio codecs and provide a
partial per-gender assessment of the data. However, a limitation
there is that it was conducted in French only and did not include
any traditional PSTN codecs.

To the best of our knowledge, our paper is the first study
regarding a per-language analysis of audio codecs, especially
one which encompasses PSTN, VoIP and neural codecs.

1.2. Motivation

We argue that even though there is research on the fairness
and inclusivity of ASR systems, its importance regarding audio
codecs should not be disregarded. These codecs are often the
first step before audio is processed by speech recognition and
analysis models. Popular speech-to-text service providers such
as Amazon', Google?, Microsoft’, and OpenAI* among others
offer these services over the Internet, thereby transcoding au-
dio during the process. ASR is often directly incorporated into
video conferencing technologies, which as we mentioned relies
on VoIP codecs.

Voice providers such as Infobip®, Telnyx® and Twilio’ pro-

Thttps://aws.amazon.com/transcribe/
Zhttps://cloud.google.com/speech-to-text
3https://azure.microsoft.com/en-us/products/ai-services/ai-speech
“https://platform.openai.com/docs/guides/realtime
Shttps://www.infobip.com/docs/api/channels/voice
Shttps://telnyx.com/products/voice-api
7https://www.twilio.com/docs/voice
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vide speech-to-text on live VoIP calls and often neglected PSTN
calls. As such, an objective of this paper is to highlight the
need to include traditional PSTN audio codecs in the evalua-
tion of audio codecs, given their strong presence in telephony
and speech technology. To support this claim, we share data
provided to us by Infobip in Table 1. The data was collected
during the second half of 2024 from 41 data centers located
on all continents which process worldwide PSTN traffic. The
large number of calls created only through Infobip’s platform
indicates that traditional PSTN codecs are still in use and we
decided to include them in our study. Although this does not in-
clude PSTN traffic from other vendors and telecommunication
platforms, nor PSTN traffic that was not transcoded by Info-
bip, these statistics still provide a powerful and insightful repre-
sentation of the current state of the telecommunications indus-
try. As such, this paper explores the research question whether
PSTN, VolIP, or neural audio codecs introduce language or gen-
der bias, and if so, to what extent.

2. Method

When investigating the language and gender biases of audio
codecs, there are several criteria that should be addressed when
selecting the data and audio codecs on which to conduct such
an analysis.

2.1. Data

First, the previously-mentioned neural codecs are trained on
some of the most popular and diverse speech datasets available.
Both EnCodec [2] and Descript [8] were trained on the Com-
mon Voice dataset [21] and clean speech segments from DNS
Challenge 4 [22] (additionally DAPS [23] and VCTK [8] for
Descript). These datasets are not suitable for our analysis as
they would yield an unfair comparison against other codecs and
could hide the actual biases of these models. The second issue
is that we need data which is diverse in terms of speaker lan-
guage and gender, which by itself is already limitedly available.
Finally, the third concern that needs to be addressed is regard-
ing the usage of audio recordings that were already compressed
using a lossy compression format (e.g., mp3). Although this
would not pose an issue for some speech technology applica-
tions, here we are directly comparing the capability of codecs
to compress audio while maintaining high fidelity of the origi-
nal signal and remaining unbiased. As to the best of our knowl-
edge, we are not aware of any reports about the impact of al-
ready compressed audio on the performance of speech technol-
ogy in general, especially audio codecs, in this paper we fo-
cus our investigation on audio data available in lossless format
(e.g. wave or flac). While performing an analysis whether lossy
compressed audio formats influence the results of speech tech-
nology would be beneficial, it exceeds the scope of this paper
and we suggest considering it for a future study.

Given the above-mentioned constraints, we opt for Vox-
Forge [24] to perform the language analysis. VoxForge is a
highly multilingual dataset, containing recordings in 17 differ-
ent languages. In total, we have around 170 thousand audio
recordings, totaling 3,656 hours of speech data. The median
and mean duration of the audio recordings are 5.5 and 5.86 sec-
onds, respectively. Since VoxForge does not provide gender or
age-related metadata, we perform the gender and age analysis
using DARPA TIMIT [25]. This dataset provides recordings
only in English, but includes 630 different speakers from 8 ma-
jor dialect regions of the United States. The dataset includes

1349

Table 1: Number of PSTN calls created during the second half
of year 2024 through Infobip’s platform with PSTN codec count.

Codec \ G.711 (PCMA) \ G.711 (PCMU) ‘ G.729A
Number of calls \ 2,579,290,920 \ 1,701,341,847 \ 2,313,558

metadata such as speaker gender, age, race, dialect region and
education level.

2.2. Audio coding

In this work, we transcode audio from the previously mentioned
multilingual dataset of several native speakers through PSTN,
VoIP and neural codecs. To assess audio quality, we compare
audio before and after transcoding using an objective, intrusive
audio quality metric. That is, we use ViSQOL [26] as a metric
to assess perceived audio quality. The pretrained model is open
source and publicly available®. We used ViSQOL in speech
mode (v3.3.3 - latest version available at the time of writing).

Traditional audio codecs. As reported in Table 1, PCMA
(G.711 A-law) and PCMU (G.711 p-law) [3] account for more
than 99% of PSTN traffic facilitated by Infobip. We thus in-
clude both PCMA and PCMU variants of G.711 in our analy-
sis. We also include G.729A [4] despite its relatively low usage
compared to G.711, as it is the most used low-bitrate PSTN
audio codec (i.e., 8 kbps) and will allow for a more fair compar-
ison to low-bitrate versions of VoIP and neural codecs.

VoIP audio codecs. For VoIP, we select Opus [8], which
supports bitrates between 6 and 510kbps. We perform the
transcoding at the following bitrates: 6, 8, 12 and 24 kbps.
These bitrates were chosen for two reasons: (1) to have bitrates
comparable with those offered by neural codecs and G.729A;
and (2) they are recommended as the ’sweet spots” for narrow-
band and wideband speech [27].

Neural audio codecs. We focus on EnCodec [2] and Descript
[8] as representatives of neural codecs. With EnCodec, we per-
form the transcoding at variable bitrates; 3, 6, 12 and 24 kbps.
With Descript, we use the 24 kHz model. Although the authors
report a bitrate of 8 kbps, we were not able to reproduce these
results - the obtained bitrates were 8 times greater in some cases.
After some investigation, we found that we are not alone in ex-
periencing these misalignments, as other Descript users have
reported similar issues on the public official GitHub repository
referenced in the original Descript paper’. We reached out to
the authors, and while awaiting their reply, opted not to entirely
exclude Descript from our experiments. We included the results
from the 8 kbps configuration, but advise readers to interpret
these results cautiously.

2.3. Experimental setup

After transcoding each uncompressed wave file from Vox-
Forge into our set of desired codecs and bitrates, we obtained
2,061,600 audio files which we use for language analysis.
Similarly, to analyze gender bias, we transcode each uncom-
pressed wave file from the DARPA-TIMIT corpus [25] with re-
spect to the previously defined set of codecs and bitrates with
which we obtain a total of 75, 600 audio files. We evaluated the
audio quality of all files using ViSQOL.

8https://github.com/google/visqol
9https://github.com/descriptinc/descript-audio-codec/issues/73



Table 2: ViSQOL scores grouped per codec and bitrate for each language, computed within a 99% confidence interval.

G.711A G711 G.729A Opus EnCodec Descript
64 64 3 6 12 24 3 12 24 8
Duich 2.92 £ 007 | 3.02%.000 | 2.45 £ .006 | 2.50 £ 004 2.62+.006 331% .05 3.68L.016 | 2.61£.006 2.86L.008 3.14%L .02 332L.014 | 4.55L.007
English 2.99+.003 | 3.03+.003 | 2.43+.002 | 2474 .002 2.59+.002 3.32+.005 3.684.006 | 2.61+.002 2924.003 3.28+.004 3.53+.005 | 4.52+.002
German 2.83+.003 | 2.85+.004 | 244 +.002 | 247+ .002 255+.002 3.28+.007 3.62+.008 | 2.63+.003 294+.005 3.30+.007 3.52+.008 | 4.56+.003
French 2.97 £ .004 | 3.02%£.006 | 244 % .003 | 249+ 003 2.62£.004 3.41£.009 3.80L.010 | 2.67£.003 3.01£.005 3.40%.006 3.66%.007 | 454 £ .004
Italian 3.02.006 | 3.054.008 | 246 £.004 | 2.504.004 2.62+.006 3.374.013 3.70+.016 | 2.68+.005 3.044.008 3.42+.010 3.67%.011 | 4.51 £ .006
Portuguese | 3.06+.012 | 3.10+.016 | 2.42+.010 | 246 +£.007 257+ .010 3.26+.022 3.62+.024 | 2.60+.007 2.93+.013 3.32+.018 3.57+.021 | 4.53 % .009
Spanish 2.96+.004 | 3.00+.006 | 2.45+.003 | 2.50+.003 2.63+.008 3.46+.009 3.85+.010 | 2.70+.003 3.07+.005 3.46+.008 3.70 +.008 | 4.56 £ .004
Greek 3.04L.017 | 3.08+£ 024 | 243+ 016 | 248+ 010 2.62+.016 3.40L 037 3.77+.043 | 2.65 £ 011 3.02L.010 3.42E.027 3.67+.031 | 458 L .014
Russian 2.99+.008 | 3.03+.012 | 2.44+ .006 | 2494 .006 2.63+.008 3.38+.017 3.774.018 | 2.62+.005 2954.010 3.31+.014 3.55+.016 | 4.53+.008
Turkish 3.13+.018 | 3.194.027 | 246+ .019 | 2.52+.016 2.70+.023 3.474.039 3.89+.042 | 2.68+.012 3.02+.021 3.39+.027 3.624.030 | 4.58+.013
Other 2.96+.014 | 3.02+.019 | 248+.008 | 2.52+.009 2.66+.014 3.52+.029 3.91+.032 | 2.68+.010 3.03+.017 3.41+.023 3.64+.025 | 4.60+.011
Table 3: Results of one-way ANOVA and t-test for each codec ET,
. . . u u
at a given bitrate between Germanic and Romance language Encodec (3 4b -g Gi,,:anif
. . .. nCoaec b
groups. p-values have been corrected using the Benjamini- = Romance
Hochberg procedure to adjust for multiple comparisons.
- e
ANOVA t-test EnCodec (6)
Codec (bitrate kbps) F p (corr) n 2 t p (corr) d —@—
EnCodec (6) 7722 <0001 0028 | 6871 <0001 0353
EnCodec (12) 4525 L0001 00275 | 6727 <0001 0345
EnCodec (24) 4067 <&.0001 0.0248 63.78 <.0001 0.328
EnCodec (3) 3980 <0001 0.0243 63.09 <0001 0.324 EnCodec (12)
Opus (24) 1748 <0001 00090 | 4180 <0001 0.9 ————
Opus (12) 1395 <&.0001 0.0086 37.35 <.0001 0.192
Opus (8) 1327 <.0001 0.0082 36.43 <.0001 0.187
Opus (6) 675 <0001 00042 | 2599 <0001 0134
G.711A (64 641 .0001 0.0040 25.20 .0001 0.130
G711 ;1.((64)) 623 2.0001 0.0039 | 2496 22.0001 0.128 EnCodec (24) 7
G.729A (8) 248 <0001 0.0015 15.75 <0001 0.081 ———
Descript (8) 58 <.0001 0.0004 7.59 <.0001 0.039 T T T T T
1 2 3 4 5
visQoL
3. Results

In Table 2 we report the mean ViSQOL score computed at
a 99% confidence interval using the bootstrap approach [28]
aggregated by language, codec and bitrate. We explicitly re-
port only those languages that contain at least 10,000 audio
files, while we aggregate all other languages into a group called
Other. Our experiments verified well-known and expected re-
sults: in terms of ViSQOL, VoIP codecs at lower bitrates highly
outperform traditional PSTN codecs which operate at higher bi-
trates. The same applies to neural codecs. An increase in the
bitrate results in a better ViSQOL score for a given codec.

3.1. Language bias

With respect to the results reported in Table 2 , we performed
an N-way analysis of variance (ANOVA) with the independent
variables being codec, bitrate and language and report a sta-
tistically significant result in terms of ViSQOL (p < 0.0001).
Additionally, we performed a post hoc one-way ANOVA con-
sidering only language as an independent variable; we ana-
lyze the data per each codec and bitrate separately to determine
whether language alone has an effect on audio quality. Since
this required multiple comparisons, we applied the Benjamini-
Hochberg (BH) procedure [29] to adjust the p-value. After cor-
rection, the p-value for each codec at each bitrate is p < 0.0001,
indicating that the transcoded audio quality is dependent on the
respective language.

Germanic and Romance language groups. We further an-
alyzed whether there is a difference between Germanic lan-
guages (Dutch, English and German) and Romance languages
(French, Italian, Portuguese and Spanish). Here we performed
a one-way ANOVA and t-test for each codec and compare the
two language groups. The effect sizes partial eta squared (n?)
and Cohen’s d are reported in Table 3 and are interpreted as
in [30]. Statistically significant results were obtained for each
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Figure 1: Grouped Germanic and Romance languages that
show the distribution of VISQOL scores (x-axis) for EnCodec at
3, 6, 12 and 24 kbps. The distribution is more spread at higher
bitrates and is more spread for Germanic languages. Regard-
less of bitrate, the mean for Romance languages is higher than
that for Germanic languages.

codec and bitrate (after adjustment using BH). The results of
ANOVA and the t-test are aligned; only for EnCodec we ob-
serve a small to medium effect size both in terms of ANOVA
(n? > 0.01) and the t-test (d > 0.3). Thus, we visualize the
distribution of ViSQOL scores per language group for EnCodec
in Figure 1.

3.2. Gender bias

In order to assess the bias towards gender, in Table 4 we report
the experiments using one-way ANOVA and a t-test for each
codec and bitrate separately. The p-values are again corrected
using the Benjamini-Hochberg procedure to adjust for multi-
ple comparisons. We observe statistically significant results for
each combination of codec and bitrate, with the highest values
of Cohen’s d and n? obtained for PSTN codecs. The results
indicate that audio codecs are biased towards male voices com-
pared to female ones. For VoIP codecs, a medium to strong
effect size is observable (e.g. Opus for 6kbps: 7> = 0.121,
d = 0.804), while neural codecs exhibit an effect size rang-
ing from almost neglible to small (e.g. EnCodec for 6 kbps:
n? 0.007, d 0.179). The distribution of calculated
ViSQOL scores are visualized and grouped in Figure 2 which
shows the differences in distributions per gender for each of the
codecs and bitrates.

Age, dialect region and race. The DARPA-TIMIT corpus [25]
includes additional speaker metadata such as age, dialect re-



G.729A (8) 1 EE—< Gender
PCMA (64) 1 ’—EE’E ; rea:ale
PCMU (64) - ’—ED—‘_
opus (6){ i
Opus (8) w‘
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Opus (24) _
EnCodec (3){ [~
EnCodec (6) E
EnCodec (12) {E
EnCodec (24) T
Descript (8) - .$
2?5 310 3?5 4?0 415 5?0
VisSQOL

Figure 2: ViSQOL scores (x-axis) grouped by gender for each
analyzed codec and bitrate (labels on y-axis). From the plot it
is clear that a disparity between ViISQOL scores for male and
female speech exists; for PSTN codecs there is no overlap be-
tween the 3rd quartile of female speech and 1st quartile of male
speech.

gion (8 major dialects of the USA), race and education level.
As such, we also performed an N-way ANOVA with respect to
each of these variables, followed by a post hoc analysis for each
of the variables independently. The results indicate no biases
of any audio codecs with respect to speaker age, dialect region,
race or education level. For some codecs and bitrates, the results
were not statistically significant (i.e. p > 0.05). For others,
the results were statistically significant, but the observed effect
sizes were either non-existent or too small; e.g., the largest ob-
served partial eta squared was n? = 0.0184 for G.729A, while
most 7? values were less than 0.01.

4. Discussion

Regarding language analysis, we obtained statistically signifi-
cant results indicating that the difference of ViSQOL between
the original and transcoded audio depend on the language of the
audio. The effect size of this dependence varies between codecs
and this can be inferred from Table 2 as well. For example, for
EnCodec at 12 kbps and 24 kbps the difference between Dutch
and Spanish is about 10.2%. The language bias/sensitivity has a
stronger effect for neural codecs (Descript excluded) compared
to VoIP and PSTN. The results from Table 3 support this, as a
medium effect (n? > 0.01, d > 0.3) was observed only for
EnCodec.

Our results suggest that neural codecs, particularly En-
Codec, have a bias towards Romance languages compared to
PSTN and VoIP codecs. Given that the highest disparity is be-
tween Dutch and Spanish, we hypothesize that neural codecs
are more sensitive to phonological differences between lan-
guages compared to PSTN and VoIP codecs, i.e. neural codecs
may have difficulties generalizing certain language constructs
that they had not seen during training. As an example, in [31]
the authors report on a study on pronunciation errors by Span-
ish learners of Dutch, in which an overview of the phonological
difference between Spanish and Dutch is also provided. Similar
studies were also reported, all implying the relative difficulty
of certain languages (in this case Dutch) and its phonological
differences from other languages [32, 33].

Regarding gender, we obtained statistically significant re-
sults which indicate that audio codecs are biased towards male
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Table 4: Results of one-way ANOVA and t-test. A strong ef-
fect size of gender influencing ViSQOL is observable for PSTN
codecs, while neural codecs at lower bitrates exhibit a neglible
to small effect size.

ANOVA t-test

Codec (bitrate kbps) F p (corr) n2 t p (corr) d

G.711mu (64) 2048 p < .0001 0.245 54.55 p < .0001 1.239
G.711A (4) 1862 p < .0001 0.228 5241 p < .0001 1.181
G.729A (8) 1491 p < .0001 0.191 51.81 p < .0001 1.057
Opus (8) 1016 p < .0001 0.139 36.68 p < .0001 0.873
Opus (6) 864 p < .0001 0.121 35.72 p < .0001 0.804
Opus (12) 495 p < .0001 0.073 23.04 p < .0001 0.609
EnCodec (24) 184 p < .0001 0.028 14.25 p < .0001 0.371
EnCodec (12) 139 p < .0001 0.022 12.36 p < .0001 0.323
Descript (8) 117 p < .0001 0.018 11.25 p < .0001 0.296
Opus (24) 71 p < .0001 0.011 8.88 p < .0001 0.231
EnCodec (6) 43 p < .0001 0.007 6.80 p < .0001 0.179
EnCodec (3) 9 p=.0032 0.001 3.04 p=.0024 0.081

voices compared to female. Contrary to the language differ-
ences in which neural codecs were most biased and PSTN
codecs least affected, here we observed the reverse. PSTN
codecs are significantly more biased towards male speech, with
the means of the ViSQOL scores being more than a standard
deviation apart (d > 1). Finally, our results are aligned with
those of [20] in which the authors obtained similar results for
EnCodec; it has a bias towards male speech compared to fe-
male, especially at higher bitrates.

We hypothesize that the disparity in language and gender
biases is expected; i.e. we argue that the higher language bias
of neural codecs is explained by insufficiently diverse and un-
representative data (in terms of language), while the higher gen-
der bias of PSTN codecs is explained by the underlying algo-
rithm of PSTN codecs being tailored towards spectra of male
speech. For example, Hillenbrand and Clark [34] analyzed the
role of the fundamental frequency FO and referenced several
studies which have shown a difference in FO between men and
women (slighthly less than an octave). More research reports
similar results [35, 36]. Given that PSTN codecs operate on
predefined rules, we hypothesize that these rules do not equally
model male and female speech, thereby resulting in large dis-
parities between the two.

On the other hand, neural codecs are more dependent on
the data which they are trained on. Given our results, this data
is sufficiently balanced in terms of gender, but not sufficiently
balanced in terms of language.

5. Conclusion

In this paper, we investigate traditional, VoIP-based and neu-
ral audio codecs with respect to language and geneder bias.
Our results showed that neural codecs have a higher language
bias compared to the frequently used PSTN and VoIP codecs,
with medium effect sizes observable between Germanic and
Romance language groups. With respect to gender bias, our
experiments showed a strong effect size; PSTN codecs create a
significant disparity of audio quality between male and female
speech. We provided plausible explanations for these phenom-
ena supported by studies which report difficulties observed in
second language learners given the phonological differences of
their native language and the language that they are studying.

Opverall, our results indicate that neural codecs should better
adjust for the phonological differences between languages dur-
ing training. For future work, we want to investigate how PSTN
codecs can be corrected to compensate for the biases they in-
troduce and to explore whether these biases persist in cases of
poor network quality (e.g. packet loss or jitter).
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