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Abstract
The scarcity of publicly available aphasic speech data, driven largely by privacy concerns, poses a significant
barrier for fine-tuning Automatic Speech Recognition (ASR) systems in this domain. This study investigates the
privacy–utility trade-off of speech anonymization as a strategy to increase data availability. A signal-based McAdams
anonymization method is applied to a subset of the AphasiaBank corpus comprising approximately 132 hours of
speech from 425 individuals. Privacy is evaluated using an ECAPA-TDNN based Automatic Speaker Verification
system and the Equal Error Rate metric. Linguistic utility is assessed by the Word Error Rate using wav2vec2.0 ASR
model, tested in multiple conditions, both pretrained and fine-tuned on unprotected and anonymized audio. Our
results show that fine-tuning on anonymized aphasic speech data improves ASR performance by 18 % compared to
the performance of generic models on non-anonymized speech. Crucially, this gain in utility is achieved alongside
substantial privacy protection, with anonymization increasing the privacy by +440 % compared to sharing unprotected
speech. This work thus provides a proof-of-concept, demonstrating that speech anonymization mitigates privacy
risks to tackle data scarcity and support the development of more effective ASR systems for people with aphasia.
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1. Introduction

Automatic Speech Recognition (ASR) has seen
major improvements in recent years. However, a
notable gap remains in its application to patho-
logical speech, for example to aphasic speech
by people with aphasia (PWA). Aphasia is an ac-
quired language disorder resulting from brain in-
jury, most commonly a stroke (80 % of aphasia
patients, Rykova and Walther, 2024), which can
affect various language system components, such
as phonology, morphology, semantics, syntax, and
pragmatics (Kohlschein et al., 2017; Sheppard and
Sebastian, 2021) while typically sparing motor abil-
ities for reading, writing, or listening (Kohlschein
et al., 2017). Roughly one-third of all stroke pa-
tients develop aphasia (Sheppard and Sebastian,
2021), with about 20 % suffering from persistent
symptoms (Rykova and Walther, 2024). Stroke in-
cidence has risen substantially in the last decades
with 11.9 million new stroke cases and 93.8 million
people living with the effects of a stroke in the year
2021 alone (Feigin et al., 2025). This illustrates the
relevance of this demographic group, as a grow-
ing number of strokes leads to more people with
aphasia.

Current aphasia diagnosis and therapy are time-
consuming and resource-intensive, often hindered
by limited access to qualified personnel, espe-
cially during the critical post-stroke recovery phase
(Wang et al., 2024; Rykova and Walther, 2024). Ef-
fective rehabilitation for PWA depends on accurate
diagnosis and targeted Speech-Language Ther-
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Figure 1: The study’s core concept: speech
anonymization preserves privacy while maintaining
utility when fine-tuning an ASR system. Inspired
by Tayebi Arasteh et al. (2024).

apy (SLT), the intensity and duration of which are
key predictors of recovery success (Rykova and
Walther, 2024; Kohlschein et al., 2017). Yet, many
patients receive insufficient care, which jeopardizes
the success of rehabilitation and thus the quality
of life of those affected (Wang et al., 2024). More-
over, manual assessment of an individual’s apha-
sia condition is prone to subjectivity, as diagnoses
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may differ depending on the clinicians’ experience
(Kohlschein et al., 2017). Therefore the PWA demo-
graphic could benefit greatly from advanced techno-
logical support and digital applications. Particularly
automated systems offer a promising solution to
supplement traditional in-person SLT and improve
accessibility and diagnostic quality (Rykova and
Walther, 2024). A key technology for this purpose
is ASR, an application area also referred to as Au-
tomatic Disordered Speech Recognition (ADSR)
in the context of speech and language disorders
(Gohider and Basir, 2024). However, a major chal-
lenge is the limitation of state-of-the-art ASR sys-
tems being trained exclusively on typical speech.
This creates a domain shift problem, as they fail
to generalize to the atypical and heterogeneous
speech patterns of pathological speech if such data
is not present during training (Tobin et al., 2025;
Gohider and Basir, 2024). This is especially true
for speech from PWA, which shows great diversity,
with symptoms and impairments differing widely be-
tween syndromes – from global impairments across
all language domains to selective difficulties in word
retrieval (Wang et al., 2024; Gohider and Basir,
2024). However, research confirms that even small
amounts of atypical speech in the training set of
ASR models can substantially improve model ac-
curacy on disordered speech for off-the-shelf ASR
systems (Tobin et al., 2025). While PWA could ben-
efit significantly from reliable ADSR systems, the
models currently available are poorly equipped to
meet their specific needs. This study addresses the
central obstacle towards the development of such
systems: the scarcity of publicly available aphasic
speech data.

2. Background and Related Work

Data scarcity remains one of the most persis-
tent challenges in ADSR and particularly apha-
sia (Wang et al., 2024; Gohider and Basir, 2024;
Tayebi Arasteh, 2024). It encompasses both the
limited quantity and the lack of diversity in available
datasets, which fail to capture the variability of dis-
ordered speech (Gohider and Basir, 2024). This
issue is particularly present in low-resource lan-
guages, where mitigation strategies such as cross-
lingual transfer learning (Chatzoudis et al., 2022) do
not increase the availability of pathological speech
data and have proven to be unreliable in some
cases (Mühlhausen et al., 2025).

The primary reason for this scarcity is linked to
the strict data protection landscape. Regulations
like the GDPR restrict the sharing of pathological
speech (Gohider and Basir, 2024; Tayebi Arasteh
et al., 2024), which is considered biometric data
due to its potential to identify individuals, e. g.
through Automatic Speaker Verification (ASV) sys-

tems (Nautsch et al., 2019). Pathological speech
is even more vulnerable to reveal the speaker iden-
tity due to its distinctiveness and thus requires en-
hanced protection (Tayebi Arasteh et al., 2023).
Consequently, large and diverse corpora essential
for robust ASR fine-tuning remain scarce.

Researchers have explored privacy-preserving
strategies such as speech anonymization to ad-
dress these challenges (Tayebi Arasteh, 2024).
The Voice Privacy (VP) initiative and the as-
sociated Voice Privacy Challenge (VPC) format
(Tomashenko et al., 2020) established standard-
ized frameworks and benchmarks for evaluating
speech anonymization methods. Among these,
the McAdams-based anonymization (Patino et al.,
2021) has shown particularly promising privacy–util-
ity results when applied to disordered speech
(Tayebi Arasteh, 2024). It manipulates speaker-
specific spectral features by shifting formant po-
sitions derived through Linear predictive coding
(LPC) and transformed with a McAdams coeffi-
cient (McAdams, 1984). This controlled modifi-
cation aims to effectively conceal speaker iden-
tity while maintaining intelligibility. Recent work
by Tayebi Arasteh et al. (2024) demonstrated that
McAdams anonymization can successfully balance
privacy and utility for several speech disorders,
such as Dysarthria, Dysglossia, Dysphonia and
Left-Clip and Palate, though results varied by dis-
order. They called for further research on other
speech and language disorders, motivating the
present study’s focus on aphasia. While the content
that is spoken may also contain sensitive informa-
tion, this aspect is not addressed in our study.

We follow the VPC framework and evaluate util-
ity and privacy using established metrics. Utility is
measured by WER, a standard ASR metric rep-
resenting the ratio of transcription errors to ref-
erence words with lower WER scores indicating
better performance. Accordingly, the study’s pri-
mary utility interest is Speech-to-Text (STT) per-
formance improvement through ASR fine-tuning
(Tomashenko et al., 2024), while other studies ap-
proach utility from different perspectives, such as
preserving pathological features for disorder clas-
sification Tayebi Arasteh et al. (2024).

We chose wav2vec2.0 (Baevski et al., 2020) as
ASR model as it has proven effective in prior studies
on similar datasets (Torre et al., 2021). It is based
on a self-supervised architecture that processes
raw waveforms through a convolutional encoder
and a tokenizer that leverages a transformer-based
context network and a linear projection layer to learn
transcription mappings, fine-tuned using the CTC
loss (Baevski et al., 2020; Graves et al., 2006; von
Platen, 2021).

Privacy is evaluated using a text-independent
ASV system based on the ECAPA-TDNN architec-
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ture (Desplanques et al., 2020). The ASV model
extracts speaker embeddings of trial utterances and
compares them against enrolled speaker profiles
using cosine similarity to predict whether the trial
samples originate from the same speaker (Mobiny
and Najarian, 2018; Reynolds and Rose, 1995). A
similarity threshold is necessary to draw a verifica-
tion decision and the accuracy of this process is
expressed through the Equal Error Rate (EER). It
quantifies the anonymization strength by identifying
the point where false acceptances (trial utterances
incorrectly classified as same speaker) and rejec-
tions (trial utterances incorrectly classified as differ-
ent speaker) are equal and thus a stable threshold
for the speaker class prediction is reached (Hansen
and Hasan, 2015). Higher EER values hinder iden-
tification and hence indicate better anonymization.
The VPC defines several speaker verification attack
conditions to test anonymization robustness. The
attack levels unprotected (oo), ignorant (oa) and
lazy-informed (aa) are taken into account, repre-
senting increasing levels of adversarial knowledge
about the anonymization process (Tomashenko
et al., 2020). The ignorant attacker has no knowl-
edge about the anonymization system and uses
a pre-trained ASV model to create speaker em-
beddings on unprotected data to perform speaker
verification on anonymized data. The lazy-informed
attacker has knowledge about which anonymiza-
tion technique is used by the defender and lever-
ages this information to anonymize the enrollment
utterances before creating speaker embeddings to
reduce the mismatch caused by anonymization for
performing speaker verification on the anonymized
data. Yet, still a pre-trained ASV model is em-
ployed for the lazy-informed attack level. The un-
protected condition serves as a baseline, where no
anonymization is applied and the pre-trained ASV
model is used to perform speaker verification on
unprotected data (Tomashenko et al., 2020).

Despite the recognized challenge of data scarcity
in pathological speech analysis and the success-
ful application of anonymization to other speech
disorders, there remains a notable gap in re-
search specifically addressing aphasic speech.
The unique and heterogeneous nature of aphasic
speech, with its diverse subtypes and varying de-
grees of severity, requires a dedicated investigation
into the effectiveness of privacy-preserving tech-
niques. Therefore, the central research question is:
How can aphasic speech data be anonymized for
fine-tuning ASR models effectively without compro-
mising patient privacy? To answer this question, a
proof-of-concept study is conducted to demonstrate
the successful application of McAdams anonymiza-
tion on a large, heterogeneous corpus of apha-
sic speech data from the AphasiaBank database
(MacWhinney et al., 2011). The research is guided

by the following hypotheses:
Privacy Hypothesis: The anonymization of apha-
sic speech data will significantly increase the pri-
vacy level, as measured by a higher EER for
a speaker verification system, compared to non-
anonymized data.
Utility Hypothesis: Fine-tuning an ASR model
with anonymized aphasic speech will significantly
improve utility, as measured by a lower WER, com-
pared to the performance of a pre-trained model.
Privacy-Utility Trade-off Hypothesis: The
strength of the anonymization, as adjusted by the
McAdams coefficient, will have a negative corre-
lation with the ASR performance, with stronger
anonymization yielding lower improvements in
WER after fine-tuning.

This work contributes to the research field
by providing a succesfull framework for privacy-
preserving fine-tuning of ADSR models to encour-
age the research community to apply anonymiza-
tion techniques to aphasic speech, thereby help-
ing to overcome the limitations imposed by privacy
concerns and data scarcity. This ultimately aims
to support the development of more effective ASR
systems for PWA. The study’s core concept is illus-
trated in Figure 1.

3. Methodology

3.1. Data Acquisition and Description
The primary dataset for this research is drawn from
the AphasiaBank database 1 (MacWhinney et al.,
2011). AphasiaBank is a comprehensive reposi-
tory of multimodal, multilingual materials, includ-
ing video and audio recordings and transcripts in
the Codes for the Human Analysis of Transcripts
(CHAT) format (MacWhinney, 2000), from people
with aphasia.

From the AphasiaBank English Protocol data, a
subset of 909 recordings from 425 distinct speakers
with aphasia was selected. The demographic pro-
file of the selected speakers comprises 259 males
and 166 females (approximately a 60 %/40 % split),
with a mean (median) age of 61 (63). The age
range spans 66 years, from 25 to 91 years old. Only
speech from PWA was used to ensure the focus
remained on pathological speech, excluding those
from interviewers or third parties. This resulted in
approximately 132 h of pure aphasic speech audio
for experimental use. For the purpose of aligning
audio and ground truth transcripts, an utterance
is defined as a single row in the corresponding
CHAT transcript, each annotated with start and end
timestamps for efficient audio slicing. The audio
recordings were sampled at 16 kHz and stored in
WAV format.

1https://talkbank.org/aphasia/

https://talkbank.org/aphasia/
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The dataset is considered representative of a
diverse pathological range of PWA, fulfilling the
requirements of a heterogeneous corpus (Wang
et al., 2024; Gohider and Basir, 2024). It includes
speakers with both non-specific diagnoses (n=65)
and specific diagnoses (n=360) according to the
Western Aphasia Battery (WAB), encompassing
various aphasia types: Severe (Global, n=6), Mod-
erately severe (Broca’s, n=115), Moderate (Con-
duction, n=67; Wernicke’s, n=28; Transcortical mo-
tor, n=13; Transcortical sensory, n=1), and Mild
(Anomic, n=130) according to Kang et al. (2010).
The severity of language impairment is further quan-
tified by the WAB Aphasia Quotient (AQ). The
dataset reports AQ scores for 395 patients, rang-
ing from a minimum of 10.8 to a maximum of 98.3,
spanning an 87.5 AQ point range on the 0-100
scale (lower values indicate higher impairment),
with a mean (median) of 66.9 (70.6). This means
that the majority of the data is moderate and mild
aphasic speech. A histogram illustrating the distri-
bution of AQ scores is presented in Figure 2. Note
that the classification into severity types based on
the AQ scores is adapted from Barfod et al. (2013),
which slightly differs from the classification based
on aphasia types according to Kang et al. (2010).

3.2. Data Preprocessing
The handling of silence and pauses is a critical de-
sign choice for both ASV and ASR. The study’s
preprocessing steps aim to retain natural inter-
utterance pauses for their pathological and speaker-
discriminative value (Angelopoulou et al., 2018; Os-
sewaarde et al., 2025). However, extended inter-
utterance non-speech segments – e. g., during pic-
ture description tasks following the AphasiaBank
protocol (MacWhinney et al., 2011) – were excluded
to avoid fine-tuning on task-specific artifacts rather
than natural aphasic speech patterns, and to pre-
vent degrading ASR model performance. Outliers
were identified via Voice Activity Detection (VAD)-
based silence filtering using the IQR method (Vin-
utha et al., 2018) (1.5 × IQR upper boundary), re-
moving 8.7 % of audio chunks. Segments with over-
lapping speech were discarded. Length thresholds
of ≥ 1.0, 𝑠 (ASR only) and ≥ 1.8, 𝑠 (ASR and ASV)
were enforced (Tayebi Arasteh, 2024).

Audio chunks lacking corresponding transcript
ground truth were excluded from the ASR pipeline
to enable seamless calculation of the WER metric.
To ensure a fair WER calculation, the CHAT for-
matted transcripts were transformed into a format
suitable for ASR output comparison. The imple-
mented rules aim to obtain a transcription that is
as verbatim as possible. This involved removing
CHAT-specific formatting and annotations, such as
pause indicators, length annotations, punctuation,
and descriptive notes, e. g. motion descriptions.

Figure 2: Distribution of WAB AQ scores in our
dataset. Scores are grouped in five-point-bins and
classified in four severity types (Barfod et al., 2013).

Phonetically transcribed words were replaced with
their intended standard spelling (where annotated).
A dictionary of common abbreviations and slang
words, extracted from the official CHAT manual
(MacWhinney, 2000), was utilized to ensure con-
sistent spelling (e.g., ”hasta” to ”has to” or ”wanna”
to ”want to”). This standardization was chosen
after manual inspection revealed that human tran-
scribers often used abbreviations rather than the
common spelling. An example of the transcript
cleaning is illustrated in Table 1.

3.3. Experiment Design

The evaluation framework adheres to the estab-
lished guidelines of the Voice Privacy Challenge
initiative (Tomashenko et al., 2024). The Equal
Error Rate (EER) serves as the primary privacy
metric, assessing the effectiveness of anonymiza-
tion techniques against an ASV system. For ASR
utility, we employ the widely accepted WER. These

Table 1: Example of transcript cleaning. The orig-
inal transcript is in CHAT format, the processed
transcript is cleaned and ready for ASR evaluation.

Original
(CHAT-
formatted)
Transcript:

&-uh oh_my_god ye:s, so
&=chuckles I moved to
hæləf�rnjə@u [: California]
[* p:n] with my &+mo [/] &-uhm
my [//] mother [: daughter] (.)
&=points:daughter, so I θe�@u [:
x@n] coulda &+re recovery (..)
(okay)

Processed
Transcript:

uh oh my god yes so I moved to
California with my mo uhm my
mother so I could have re recov-
ery okay
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metrics strengthen the comparability of our study.
This study focuses solely on linguistic content for
utility evaluation, excluding emotional content.

Inspired by the findings of Tayebi Arasteh (2024),
representing state-of-the-art in anonymization for
pathological speech and demonstrating superior
performance of signal-based over deep learning-
based techniques, this study utilizes the McAdams
anonymization method., this study utilizes the
McAdams anonymization method. Given the re-
source constraints of this study, only this technique
is employed to demonstrate a proof of concept for
effective anonymization of aphasic speech, laying
the foundation for future optimization of the pri-
vacy–utility trade-off. The VPC 2022 baseline (B2)
McAdams anonymization implementation,2 is used
(Tomashenko et al., 2022a), with McAdams coeffi-
cients randomly sampled between 0.5 and 0.9 on
a per-utterance basis, consistent with Tomashenko
et al. (2024).

To ensure fair and realistic ASR evaluation, the
”hold-speakers-out” principle is strictly followed for
splitting data into training, validation, and test sets
with a 70/15/15 split ratio. This approach guaran-
tees that each speaker contributes to only one set,
promoting higher generalization to unseen speak-
ers (Liu et al., 2023). The study aims for speaker-
independent ASR, enhancing model robustness
against speaker-specific traits and allowing more
extensive application compared to personalized
models (Tobin et al., 2025). To mitigate the risk of
training on homogenous sets, which could lead to
poor performance on diverse aphasia types, the ex-
periment leverages a large sample size of over 400
unique speakers across all sets, with 260 speakers
in the training set alone. In addition, a nuanced
partitioning strategy was employed, grouping pa-
tients by aphasia type, severity, gender, and age to
balance these characteristics across sets, followed
by random sampling within each group.

For ASR fine-tuning and evaluation, a bound-
ary silence padding was applied to prevent abrupt
cutoffs from sharp timestamp-based audio slicing,
following the rationale of Gulli et al. (2024). VAD
was used to measure existing silence at utterance
boundaries, trimming or extending boundary si-
lence as needed to standardize padding to 250 ms.

The fine-tuning implementation is inspired by the
guidelines outlined by von Platen (2021). Two fine-
tuned models were developed, one with original
audio and the second with anonymized audio, start-
ing from a pretrained checkpoint provided by Meta
on Hugging Face 3. Hyperparameter optimization

2https://github.com/
Voice-Privacy-Challenge/
Voice-Privacy-Challenge-2022

3https://huggingface.co/facebook/
wav2vec2-base-960h

(learning rate, batch size, epochs) was performed
using a grid search on 1 % of the training set and
measuring the WER on the validation set, yielding
optimal settings of a learning rate of 2 × 10−5, a
batch size of 2, and 50 epochs for both models.
For the original dataset fine-tuning, low regulariza-
tion was applied, consistent with Torre et al.’s fine-
tuning hyperparameters on a similar dataset (Torre
et al., 2021). Feature and layer dropout rates were
fixed at 0.05 and 0.02, while activation and atten-
tion dropout were set lower at 0.03 and 0.036. The
temporal mask was set to 0.057, and gradient ac-
cumulation was done after each step. Fine-tuning
on anonymized data proved less stable, leading to
a simplified setup with a uniform dropout rate of
0.01 by manual search. Both models employed a
weight decay of 0.005, 1000 warmup steps, and a
linear decay learning rate scheduler.

Following the VPC framework, the ASV setup
simulates an attacker with access to enrollment
utterances. ASV baseline data homogeneity can
increase the EER (Tayebi Arasteh et al., 2023).
Therefore, in order to establish the EER as a lower
privacy bound and avoid narrowing the privacy
statement to specific subgroups, this study opts
for a random selection of ASV speaker pairs, dis-
regarding demographic or pathological traits like
gender, age or aphasia type.

In addition, bootstrap sampling was employed to
generate 50 unique evaluation runs per attack level.
In each run, speakers were randomly drawn from
the entire set, allowing for variation in the weight-
ing of aphasia types and strengths, thus simulating
attacks on diverse databases. The final EER is re-
ported as the mean of these bootstrap runs, with the
standard deviation indicating the spread. The em-
plyoed ECAPA-TDNN ASV model was pre-trained
on Voxceleb1 and Voxceleb2 training datasets and
provided by Speechbrain on HuggingFace 4 (Ra-
vanelli et al., 2021) and was not fine-tuned on apha-
sic speech or McAdams-anonymized data.

For each speaker, enrollment and trial utterances
were defined, with a same-speaker ratio of approxi-
mately 5 % in the trial set (Tomashenko et al., 2024).
This aims to mirror the imbalance in larger datasets,
where attackers likely encounter far more record-
ings from different speakers than from the target
speaker. The enrollment set consists of at least
five utterances and no more than 15 % of total utter-
ances per speaker (Meyer et al., 2024) with a mini-
mum of 1.8 𝑠 duration per utterance (Tayebi Arasteh,
2024). Although it cannot be guaranteed that all
trial utterances stem from recordings unknown to
the attacker for all speakers, given that 260 speak-
ers only have one recording, this principle is applied
for 165 speakers with more than one recording to

4https://huggingface.co/speechbrain/
spkrec-ecapa-voxceleb

https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2022
https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2022
https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2022
https://huggingface.co/facebook/wav2vec2-base-960h
https://huggingface.co/facebook/wav2vec2-base-960h
https://huggingface.co/speechbrain/spkrec-ecapa-voxceleb
https://huggingface.co/speechbrain/spkrec-ecapa-voxceleb
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minimize potential same-conversation bias. Fur-
thermore, all enrollment utterances were excluded
from trial utterance candidates.

To examine the relationship between anonymiza-
tion strength and ASR performance degra-
dation, WER differences were calculated as
𝑊𝐸𝑅_𝑎𝑛𝑜𝑛𝑦𝑚𝑖𝑧𝑒𝑑 − 𝑊𝐸𝑅_𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 for each audio
sample in the test set. This approach aims to iso-
late the effect of anonymization and minimize in-
fluence by sample specific traits, e. g. the speech
inteligibility due to aphasia severity, aphasia type or
recording quality. The correlation is assessed for
fine-tuned model results only, assuming higher rel-
evance in real world application. The McAdams co-
efficient values were binned into 0.05-unit intervals,
and mean WER differences (i.e., increases) were
computed for each bin. The interpretation primar-
ily focused on three representative anonymization
levels: McAdams values of 0.5 (strong anonymiza-
tion), 0.7 (moderate anonymization), and 0.9 (weak
anonymization).

3.4. Statistical Analysis
For the privacy hypothesis, Shapiro-Wilk tests were
conducted for all attack levels to assess the nor-
mality of EER values. As the values were found
to be normally distributed, two one-sided paired t-
tests were performed to determine the significance
of differences for the ignorant and lazy-informed
attack levels compared to the unprotected baseline
(Field et al., 2012).

For the utility hypothesis, visual assessment us-
ing histograms and Q-Q plots revealed non-normal
distributions for the individual WER values. There-
fore, Wilcoxon signed-rank tests were employed to
assess statistical significance between the means
(Field et al., 2012).

The privacy-utility trade-off was assessed on the
individual utterance basis. The McAdams coeffi-
cient served as the measure of privacy strength, as
lower coefficients correlate with higher EER values
due to greater signal manipulation (Patino et al.,
2021). WER was used as the measure of utility.

To ensure the appropriate statistical methods
were used, the data distributions were examined.
The Kolmogorov-Smirnov test (Walther, 2022) indi-
cated significant departures from normality for both
McAdams anonymization values (𝐷 = 0.0574, 𝑝 <
.001) and WER differences (𝐷 = 0.185, 𝑝 < .001)
in the test set (N = 14,103). Visual assessment
through histograms and Q-Q plots confirmed the
statistical tests, showing clear deviations from nor-
mal distribution patterns. Given these violations
of parametric assumptions, Spearman’s rank cor-
relation was employed to assess the monotonic
relationship between variables, as it is robust to
non-normal distributions (Field et al., 2012). A sig-
nificance level of 𝑝 ≤ 0.05 was used for all analyses.

3.5. Reproducibility
The code repository, containing the implementa-
tion of the experiment and information about the
hardware and software used, is publicly available 5.

4. Results and Discussion

4.1. Privacy Gains of Anonymization
For privacy evaluation, we compared the EER of the
baseline attack level (original audio conditions, oo)
against the attack levels involving anonymized au-
dio conditions (oa and aa). Table 2 summarizes the
average EER values across all trials and the respec-
tive privacy gains of +440 % and +640 %, showing
substantial increases for both attack levels against
the baseline, thus supporting the privacy hypothe-
sis. Paired t-tests confirmed that the anonymiza-
tion approach significantly increased the EER com-
pared to the unprotected baseline. The ignorant
attack condition (oa) resulted in a mean increase
of +0.181 (𝑡(49) = 215.9, 𝑝 < .001), while the lazy-
informed attack condition (aa) showed a mean in-
crease of +0.125 (𝑡(49) = 148.6, 𝑝 < .001). These
results indicate that the McAdams anonymization
method provides a statistically significant privacy
gain for both attack levels, with the ignorant attacker
yielding a stronger effect than the lazy-informed
attacker. An Equal Error Rate of 2.9 % for the
baseline unprotected data attack level indicates
that aphasic speech is highly vulnerable to speaker
verification attacks. This is a meaningful finding
when compared to non-pathological speech from
datasets like LibriSpeech (Panayotov et al., 2015),
which typically show higher EER values and thus
less vulnerability to speaker verification attacks
(Tomashenko et al., 2024). At the same time, when
compared to the findings of Tayebi Arasteh et al.

5https://github.com/sobs0/
aphasia-anonym

Table 2: EER comparison for different attack levels
(unprotected, ignorant, lazy-informed; Tomashenko
et al., 2020), including the privacy gain compared
to the unprotected baseline.

Attack Level Pretrained
ASV Model

Privacy
Gain

Unprotected
(oo)

2.83
± 0.24 –

Ignorant
(oa)

21.0
± 0.58 +640 %

Lazy-informed
(aa)

15.3
± 0.55 +440 %

https://github.com/sobs0/aphasia-anonym
https://github.com/sobs0/aphasia-anonym
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(2024), aphasic speech appears to be less vulner-
able than disorders like Dysglossia, Dysarthria, or
Dysphonia, but more vulnerable than Left Clip and
Palate. However, this comparison is limited due to
differences in the ASV model setups.

A further comparison of anonymization re-
sults across studies reveals an interesting in-
sight. This study and the VPC used the same
ECAPA-TDNN architecture and implementation for
ASV (Desplanques et al., 2020; Ravanelli et al.,
2021; Tomashenko et al., 2024) and McAdams
anonymization implementation (Tomashenko et al.,
2022a). This study’s EER values for anonymized
data (20.96 % for ignorant and 15.30 % for lazy-
informed) are partially lower and closer together
but relatively similar to those reported in the VPC
2020 (26.17 % for ignorant and 13.14 % for lazy-
informed; Tomashenko et al., 2022b). This might
be due to the inherent vulnerability of pathological
speech that remains even after anonymization. On
the other hand, the EER values from the work of
Tayebi Arasteh (2024), which used a GE2E archi-
tecture (Wan et al., 2018) for ASV, were at least
10 percentage points higher than our weakest at-
tack level. This substantial difference suggests
that the ECAPA-TDNN model may be less vulnera-
ble to signal-based anonymization techniques like
McAdams, providing a more conservative and po-
tentially safer privacy estimate for aphasic speech.

Furthermore the results show that, although the
McAdams anonymization significantly improves the
privacy level, the effect decreases with a more
knowledgeable attacker, which is consistent with
the findings of Tomashenko et al. (2022b).

4.2. Utility of Fine-Tuning

Utility was measured by Word Error Rate (WER)
for each individual item of the ASR test set, which
consisted of 81 unique speakers and 14103 sam-
ples. As shown in Table 3, fine-tuning substan-
tially improved the model’s performance on aphasic
speech by at least +33 %. The fine-tuned model
trained on anonymized data outperformed the pre-
trained model on original data by +18.03 %, demon-
strating that it is possible to achieve improved utility
even with privacy-preserving data. This finding sup-
ports the Utility Hypothesis.

A one-sided, paired Wilcoxon signed-rank test
(Field et al., 2012) confirmed a significant difference
between the WER scores of the fine-tuned model
on anonymized data and the pretrained model on
original data (𝑉 = 40695124, 𝑧 = 0.415, 𝑝 < .001),
with a moderate effect size (𝑟 = 0.41) (Cohen,
1988). As expected, anonymization caused higher
WER values, causing a relative utility decrease of
−38.86 % for the pre-trained model and −22.36 %
for the fine-tuned model.

4.3. Privacy Utility Correlation
Spearman’s rank correlation revealed a statisti-
cally significant small negative correlation between
McAdams anonymization values and WER differ-
ences (Spearman’s 𝜌 = −0.1714, 𝑝 < .001, 𝑁 =
14, 103). This indicates that stronger anonymization
levels (lower McAdams coefficients) are associated
with larger increases in WER, therefore supporting
the Privacy-Utility Trade-off Hypothesis.

The relationship is visualized in Figure 3, which
shows a clear trend of increasing WER as the
McAdams coefficient decreases. The degradation
was non-linear and showed an accelerating pat-
tern. For instance, moving from moderate to strong
anonymization level (from McAdams coefficient 0.7
to 0.5) resulted in a 116 % increase in WER differ-
ence, compared to a 66.5 % increase when mov-
ing from weak to moderate anonymization (from
McAdams coefficient 0.9 to 0.7) and suggests that
the performance penalty becomes disproportion-
ately high at higher anonymization levels. This
finding is consistent with previous research, which
reported substantial audio quality losses of disor-
dered speech for McAdams coefficient values of
0.75 and below (Tayebi Arasteh et al., 2024). ASR
performance is negatively affected by audio qual-
ity decrease (Chen, 2009), therefore the statisti-
cal correlation and this theoretical link suggest a
causal relationship: stronger McAdams anonymiza-
tion causes a higher decrease in ASR performance
for aphasic speech.

5. Conclusion

The scarcity of aphasic speech data, largely due to
privacy concerns, is a major bottleneck in the de-
velopment of effective voice applications for people

Table 3: WER comparison for different audio con-
ditions and models, including performance gains
and losses. The framed value shows the relative
gain of Anonymized Audio + Fine-tuned Model over
Original Audio + Pre-trained Model.

Pre-
trained
Model

Fine-
tuned
Model

Fine-
tuning
Gain

Original
Audio

62.8
± 36.6

42.0
± 34.7 +33.0 %

Anony-
mized
Audio

87.2
± 29.5

51.4
± 34.1 +41.0 %

Anony-
mization
Loss

−38.9 % −22.4 % +18.0 %
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Figure 3: Trendline of McAdams anonymization
values and WER increase from evaluation on
anonymized to original audio in the fine-tuned ASR
model versions. Stronger anonymization yields
lower ASR quality.

with aphasia. However, these applications could
have a highly positive impact on the diagnosis and
treatment of aphasia, presenting the motivation for
further investigation on effective ADSR systems.
This study addressed this challenge by investigat-
ing a privacy-preserving fine-tuning framework us-
ing the McAdams anonymization technique on a
large, heterogeneous dataset from the Aphasia-
Bank database. Our findings demonstrate a viable
path to overcome this limitation by successfully
achieving improvements in both privacy and util-
ity.

The results confirm our research hypotheses:
Privacy Hypothesis: The McAdams anonymiza-
tion method significantly increased privacy, with
EER values rising from a vulnerable baseline of
2.83 % to over 15.3 % for both attack levels, mea-
sured using an ECAPA-TDNN ASV model. This
demonstrates that a meaningful level of privacy pro-
tection is achievable for aphasic speech data. This
is of great necessetiy, as the baseline EER value
suggests high vulnerability for speaker verification
attacks for PWA.
Utility Hypothesis: Fine-tuning a pre-trained
wav2vec2.0 model on anonymized aphasic speech
significantly improved its performance, with per-
formance gains of over 33.0 % for both fine-tuned
versions. This highlights the need and effective-
ness of fine-tuning efforts for ADSR systems also
in the aphasia domain. The fine-tuned model on
anonymized data achieved a WER of 51.5 %. Al-
though that is still a high error level, it outperforms
the pre-trained model on original data by 18.0 %,
which represents the practice if no aphasic speech
data is available for fine-tuning. This finding sup-
ports the feasibility of developing more effective
ASR systems for aphasia using privacy-preserving

data.
Privacy-Utility Trade-off Hypothesis: A signifi-
cant negative correlation was found between the
McAdams coefficient and the increase in WER, in-
dicating that stronger anonymization leads to a
greater loss in utility. This highlights the critical
need to carefully balance these two factors when
designing a privacy-preserving fine-tuning system.
The non-linear nature of this trade-off suggests
that a minimal increase in privacy comes with a
disproportionately large penalty in utility at higher
anonymization levels, making it crucial to select
a suitable anonymization strength based on the
specific application’s requirements.

In conclusion, this proof-of-concept study pro-
vides a successful framework for the privacy-
preserving fine-tuning of ASR models on aphasic
speech. The results of this study demonstrate that
this approach significantly enhances both privacy
and utility. Specifically, a substantial improvement
in privacy by at least 440 % was achieved, while
simultaneously boosting the ASR utility by 18.03 %.

6. Limitations

This study is limited by the size of the dataset, lan-
guage, and demographic composition. The data
consist solely of English-speaking individuals with
aphasia, with a skew towards mild and moderate
cases and a slight gender imbalance (60 % male,
40 % female). Future work should validate the find-
ings on larger, multilingual, and more balanced
datasets – particularly in low-resource languages
– to ensure generalizability and demographic fair-
ness.

Model-wise, the investigation relied on a sin-
gle ASV model (ECAPA-TDNN) and ASR model
(wav2vec2.0). Future studies should confirm these
results using alternative architectures, such as
GE2E for ASV (Wan et al., 2018) and Whisper for
ASR (Radford et al., 2023), to enhance compa-
rability with related work (Tayebi Arasteh, 2024;
Mühlhausen et al., 2025). The differing privacy
improvements compared to Tayebi Arasteh (2024)
also highlight the need to study model-specific vul-
nerabilities and unify privacy evaluation standards
across different experiment setups.

Furthermore, this research focused solely on
McAdams anonymization. Future work should ex-
plore additional anonymization techniques, partic-
ularly irreversible and deep learning-based meth-
ods, as the McAdams transformation is determin-
istic and thus theoretically invertible. While prac-
tical recovery is substantially constrained by the
per-utterance random sampling of coefficients, this
remains an inherent limitation of signal-based ap-
proaches that more sophisticated methods may
overcome. This also motivates applying more
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knowledgeable attack levels, e.g. the semi-
informed attack condition (Tomashenko et al.,
2024), to strengthen privacy assessment. Given
that this study evaluated utility only through WER,
alternative definitions of utility should be considered
in the future, such as pathological feature preser-
vation for diagnosis. A more detailed analysis of
the privacy–utility trade-off on the EER-level would
help define optimal anonymization strength for var-
ious application requirements. However, it should
also be acknowledged that publishing anonymized
aphasic speech data comes with the long-term risk
of increasingly powerful ASV models potentially
compromising privacy guarantees achieved today.
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