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Abstract
Multiple Sclerosis is a chronic inflammatory disease of the

central nervous system. Over time, people with MS may experi-
ence significant changes in cognition, language and speech pro-
cesses. In this study we investigate speech utterances recorded
over the course of three years for 16 MS subjects and 12 healthy
controls. Our examination is based on speaker category classifi-
cation (healthy or MS) using wav2vec2 embeddings as features.
We found that subject classification performance improved over
time: the 0.745-0.844 AUC values from year one increased to
0.891-0.979 in the third year. By analyzing the posterior esti-
mates, we measured a statistically significant improvement in
the scores corresponding to the third year for the MS category,
while for the control subjects there was no such tendency. This,
in our view, indicates that the change is due to a subtle deteri-
oration in the condition of MS patients, which was detected by
our machine learning workflow.
Index Terms: multiple sclerosis, longitudinal investigation,
wav2vec 2.0, posterior estimates

1. Introduction
Multiple sclerosis (MS) is a chronic autoimmune neurodegen-
erative disease that affects the central nervous system and it can
result in various cognitive and linguistic impairments [1]. The
progression of MS can vary considerably from person to per-
son. in disability (difficulty with walking, balance, coordina-
tion, and other physical abilities); increase in fatique; changes in
visual acuity or color perception; spasticity (increased stiffness,
spasms, involuntary muscle contractions); sensory changes
(ability to feel heat, cold and touch) and changes in cognitive
and language functions. Therefore, investigating changes in the
MS symptoms (i.e. longitudinal analysis) might provide infor-
mation about the progression of the disease.

Longitudinal studies in MS have mainly focused on the ef-
fects of medication [2, 3, 4], neural changes [5], fatigue, de-
pression and changes in cognitive ability [6, 7, 8, 9, 10, 11]. Al-
though automatic speech analysis might offer a cheap and non-
invasive tool to monitor the progression of the disease, there are
only few studies to date that investigate the longitudinal effects
of speech and language abilities in MS [12, 13, 14, 15].

Longitudinal analysis of speech, language and cognitive
functions in MS may help to determine the natural course of
the disease and monitor changes in the condition. Changes in
cognitive function, including changes in attention, memory and
executive functions, can be tracked. In this study we focus on
the speech production of MS subjects. To automate the speech

analysis as much as possible, we decided to employ machine
learning. The speech of the subjects was fed into a Support Vec-
tor Machine (SVM), trained to distinguish the MS and healthy
control (HC) subjects, and we focused on the output of the clas-
sifier. Still, in this (quite common) speech analysis setup, the
choice of the right features is non-trivial. One might utilize
hand-crafted attributes [16, 17, 18], which have the advantage
of focusing on specific aspects of the speech production pro-
cess. Another popular option is to employ feature extractor
methods which are general in nature; such choices might be
x-vectors [19, 20], ECAPA-TDNN [21, 22] or DNN acoustic
models of a HMM/DNN hybrid [23].

In this study we opted for using a self-supervised model
as feature extractor. Self-supervised learning allows models to
learn from orders of magnitude more data, without training la-
bels or any form of annotation. For example, in the wav2vec
approach a neural network is trained to pick the correct next
sample of the raw audio, which can be implemented even in the
complete absence of transcriptions [24]. The weights obtained
after this pre-training step can then be used to initialize a sec-
ond neural network, trained for a given task where the number
of samples is limited (fine-tuning) [24].

In this study we opted for the successor of wav2vec called
wav2vec 2.0 [25], recently frequently employed in the patho-
logical speech processing area [26, 27]. From wav2vec 2.0 we
expect to represent the utterances of MS patients and healthy
control subjects at the state-of-the-art level. We investigate the
classification scores obtained on the utterances of 16 MS sub-
jects and 12 healthy controls, recorded over the course of three
years and involving three speech tasks. We examine the pre-
dictions both by yearly split and by overall, and also analyze
the resulting posterior estimates statistically. We found signifi-
cant differences for Year 3, which might indicate slight changes
in the cognitive and/or speech abilities of the MS subjects, de-
tected by our machine learning workflow.

2. The Multiple Sclerosis corpus used
All tests were carried out at the Neurology Department of Uz-
soki Hospital, Budapest, Hungary, and at the Research Center
for Linguistics of the Eötvös Loránd Research Network, Bu-
dapest, Hungary. The study was approved by the Ethics Com-
mittee of the Uzsoki Hospital, and it was conducted in accor-
dance with the Declaration of Helsinki. Our corpus already
contains the speech of over 80 subjects, but due to Covid-19
restrictions, we do not yet have three recordings from each sub-
ject. Therefore in the current study we use the recordings of
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Figure 1: Fine-tuned wav2vec 2.0 framework structure. Source:
https://ai.facebook.com/blog

16 MS subjects (6 males and 10 females, mean age in the first
year: 43.6 years) and 12 healthy controls (2 males and 10 fe-
males, mean age in the first year: 40.7 years), using recordings
made in three consecutive years (2020, 2021 and 2022). All the
speakers involved in the study were native Hungarian speakers;
and, mirroring the ethnic composition of Hungary, all of them
were Caucasians. None of them had any hearing impairment,
depression or any other known psychiatric condition.

The linguistic protocol for collecting the speech samples
from the subjects was quite extensive; in this study we use three
utterances from each subject. First, we asked them to describe
the content of the widely-used Boston Cookie Theft picture;
then the subjects were asked to share their opinion about veg-
etarianism (year 1), keeping pets in flats (year 2), and about
advertisements (year 3). In the third task, the subjects were
asked to read aloud several non-words, i.e. consonant-vowel-
consonant-vowel (CVCV) sequences, in which the first CVs
contained a voiceless plosive [p, t, k] and one of the vowels [i:,
a:, u:] (task Phonetics). The tasks performed and investigated
here differ in the activated cognitive processes and the rate of
the cognitive load required for speech production.

The recording was performed with a Sony PCM-A10 digital
dictaphone with a tie clip microphone using a 48 kHz sampling
rate. Later, the recordings were converted to 16 kHz mono with
a 16 bit resolution.

To obtain wav2vec 2.0-based features we fine-tuned a self-
supervised wav2vec 2.0 model [28]. This model comprises two
main parts: (1) a feature encoder Convolutional Neural Network
(CNN) block, (2) a connection-capturing transformer block.
The CNN block converts the input raw audio into a series of
multilingual quantized latent speech representations. This first
part has a “dilated convolution” architecture. The transformer
block converts the CNN output into a series of context represen-
tations to learn a representation that captures the relationships
between features. The second part has a contextualized network
architecture based on the BERT model. It includes a multi-head
self- attention mechanism and a position-wise feed-forward net-
work. The wav2vec 2.0 model can be trained on large unlabeled
datasets using self-supervised learning, and it can be fine-tuned
on a smaller annotated dataset by replacing the last layer with
task-specific layers. The structure of a fine-tuned wav2vec 2.0
model can be seen in Fig. 1.

Due to the small size of our MS corpus, and the difficulty of
using cross-validation for classification along with fine-tuning a
wav2vec 2.0 model for our data, we used a model fine-tuned

Table 1: Utterance-level EER and AUC values for the two
wav2vec 2.0 embedding types (convolutional and fine-tuned)
measured when using all the utterances from all subjects

Speech Task Embeddings EER AUC

Boston Cookie Theft
Convolutional 16.7% 0.917
Fine-tuned 33.3% 0.744

Opinion
Convolutional 28.6% 0.808
Fine-tuned 30.9% 0.787

Phonetics
Convolutional 22.6% 0.879
Fine-tuned 33.3% 0.792

on another Hungarian corpus [29], using 17 hours of Hungar-
ian speech. We used this fine-tuned network as an embedding
extractor by freezing the weights and removing the last layers.
We experiment with two setups, where we extract embeddings
from: (1) the last layer of the CNN block, (2) the last layer of
the Transformer block.

To construct utterance-level features from the frame-level
wav2vec 2.0 embeddings, we turned to the standard approach of
taking their mean and standard deviations (see e.g. [30, 31, 32]).
In the case of the convolutional embeddings, this led to 1024
utterance-level attributes, while for the contextualized activa-
tions we had obtained 2048 features. (In the following we will
refer to the contextualized embeddings as “fine-tuned” ones.)

2.1. Classification and evaluation

We employed Support Vector Machines trained to predict
whether the speakers belonged to the MS or HC group. We uti-
lized the libSVM implementation [33] with a linear kernel (nu-
SVR method); the C complexity parameter was set in the range
10−5, . . ., 101. Classification performance was measured in
Equal Error Rate (EER) and area under the ROC curve (AUC).

We restricted our experiments to one speech task at a time.
Since we had 16 MS and 12 HC subjects, and from each one
we had one recording from each of the three years, we had
84 utterances in each experiment. Due to the small num-
ber of examples, we chose to perform leave-one-speaker-out
cross-validation (CV); one fold always consisted of the three
utterances of one subject (being either a healthy control or
one having MS). To avoid any form of peeking, we employed
nested cross-validation [34]. That is, each time we trained our
model on the data of 27 speakers (81 utterances), another leave-
one-speaker-out cross-validation step was performed on these
recordings to find the C meta-parameter value with the highest
AUC score. Afterwards, we trained an SVM model with this C
value on all the data of all the 27 speakers, and this model was
evaluated on the three recordings of the remaining speaker.

3. Classification results
First, we evaluated the trained models on all the speakers and
utterances. In this experiment we treated the three recordings
of a speaker independently, i.e. we measured the performance
metrics on the utterance level. The achieved EER and AUC
scores can be seen in Table 1. Overall, the measured scores are
competitive to previously published results (e.g. [23]), although
of course the values cannot be directly comparable, since they
were not measured on the same data. In general, features de-
rived from the convolutional embeddings led to better classifi-
cation performances than those calculated from the fine-tuned
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Table 2: Utterance-level EER and AUC values for the convo-
lutional wav2vec 2.0 embeddings, measured for all utterances
from all subjects, and when using only the utterances recorded
in a specific year

Speech Task Period EER AUC

Boston Cookie Theft

All years 16.7% 0.917
Year 1 17.9% 0.839
Year 2 14.3% 0.969
Year 3 7.1% 0.979

Opinion

All years 28.6% 0.808
Year 1 32.1% 0.745
Year 2 32.1% 0.771
Year 3 17.9% 0.891

Phonetics

All years 22.6% 0.879
Year 1 25.0% 0.844
Year 2 25.0% 0.854
Year 3 17.9% 0.932

(contextualized) ones. The reason for this could be that lower-
level attributes (related to, for example, the amount of silent and
filled pauses (vocalizations such as ‘hmm’ and ‘er’)), captured
by the convolutional embeddings, are more useful for detecting
Multiple Sclerosis than higher-level ones (e.g. phonetic-related
ones, captured by the contextualized embeddings).

Among the three speech tasks, there were no notable dif-
ferences when using the contextualized (“fine-tuned”) embed-
dings: the EER values were 30.9% and 33.3%, while the AUC
scores fell into the 0.744 . . . 0.792 range. Regarding the convo-
lutional embeddings, clearly the “Opinion” speech task was the
least suitable for MS assessment, although classification perfor-
mance was not low either. Describing the Boston Cookie Theft
picture and the “Phonetics” reading tasks, however, turned out
to be significantly more effective, especially judging from the
AUC scores (0.917 and 0.879, respectively). This is probably
because in these two tasks the spoken content is less free-form
than for the ‘Opinion’ task. Due to this, the difference between
MS and control subjects is realized more at the phonetic level,
suitable for the higher-level fine-tuned embeddings.

3.1. Classification results for the individual years

Next, we investigated the same classification metrics for the ut-
terances corresponding to the individual years. Technically this
means that we only kept the predictions that corresponded to
one year (i.e. 16 examples belonging to the MS category and
12 examples corresponding to healthy controls), and did not
train any further SVM models. The EER and AUC values mea-
sured this way when using the convolutional embeddings can
be seen in Table 2. The values corresponding to both Year 1
and Year 2 are actually slightly worse than the metric values
measured for all three years combined (“All”): the EER scores
are higher by 1.2% to 3.5% absolute, while the AUC values are
lower by 0.025 . . . 0.078. The exception to this is Year 2 for
the Boston Cookie Theft speech task, where the EER value im-
proved slightly (an absolute difference of 2.4%), while the AUC
score was markedly higher than what was achieved in the first
year (0.969 vs. 0.839). For Year 3, however, we can see notable
increases in the classification metric values: the EER values fell
to 7.1 . . . 17.9%, while AUC rose to 0.891 . . . 0.979.

We can observe similar tendencies for the fine-tuned (con-

Table 3: Utterance-level EER and AUC values for the contex-
tualized (“fine-tuned”) wav2vec 2.0 embeddings, measured for
all utterances from all subjects, and when using only the utter-
ances recorded in a specific year

Speech Task Period EER AUC

Boston Cookie Theft

All years 33.3% 0.744
Year 1 25.0% 0.745
Year 2 42.9% 0.656
Year 3 25.0% 0.833

Opinion

All years 30.9% 0.787
Year 1 17.9% 0.885
Year 2 50.0% 0.641
Year 3 25.0% 0.833

Phonetics

All years 33.3% 0.792
Year 1 50.0% 0.693
Year 2 32.1% 0.760
Year 3 7.1% 0.938

textualized) embeddings (see Table 3). (Of course, just as we
noted for Table 1, the values in this case are slightly worse than
when we used the convolutional representations.) Although, the
classification results for Year 1 turned out to be better than for
Year 2 for two speech tasks out of the three (i.e. for Boston
Cookie Theft and for Opinion), for Year 3 we can see notable
improvements: the AUC scores (0.833-0.938) are higher than
either in the ‘All years’ case (0.744-0.792) or in five cases out
of the six in the first two years (0.641-0.760) (the exception is
the first year for Opinion). The EER scores show a similar trend.
Overall, we can see that classification performance was clearly
superior for the Year 3 recordings than for the first two years.

4. Posterior Mean Statistics
In our classification experiments we found that it was easier to
distinguish MS and HC subjects for Year 3 than for the first
years, or for all years altogether. Next, we will investigate the
posterior estimates provided by the SVM classifier. For this,
we calculated the mean of the posteriors corresponding to the
correct class (i.e. speaker category). For this experiment we
did not train any new models, but used the posterior estimates
provided by the same models as used in Section 3.

Fig. 2 shows the obtained mean values for all years com-
bined, and for the individual years. For the convolutional em-
beddings (upper part) and for the fine-tuned representations
(lower part), it is clear that the values for the MS subjects dis-
play a general trend: (posterior mean) values for Year 3 are
consistently higher than those for the first two years. Although
in some cases the year 2 scores are higher overall than those
obtained for year 1 (i.e. fine-tuned embeddings for the Boston
Cookie Theft and Phonetics tasks), these differences are much
smaller. Perhaps more importantly, we cannot see such a dif-
ference in the posterior mean values for the HC category either,
indicating that it is unlikely that the superior classification per-
formance for year 3 reflects some difference in the speech task
(e.g. different topic in ‘Opinion’, or that the subjects memorized
some parts of the Boston Cookie Theft image).

To verify whether these notable differences are statistically
significant, we used the Mann-Whitney U test. The posterior
values of the actual speaker categories were selected, and com-
pared with those of the subsequent year. Table 4 shows the p
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Figure 2: Mean posteriors for the different speech tasks and for the two speaker categories, obtained for all utterances and for each
year separately; convolutional (up) and fine-tuned (down) representations.

Table 4: Significances (p) of the posterior estimates between
consecutive years; p < 0.05 cases are shown in bold

Embeddings Speech Task Periods HC MS

Convolutional

BCT
Year 1 vs. 2 0.471 0.955
Year 2 vs. 3 0.544 0.009

Opinion
Year 1 vs. 2 0.977 1.000
Year 2 vs. 3 0.885 0.037

Phonetics
Year 1 vs. 2 0.260 0.337
Year 2 vs. 3 0.471 0.040

Fine-tuned

BCT
Year 1 vs. 2 0.194 0.692
Year 2 vs. 3 0.624 0.010

Opinion
Year 1 vs. 2 0.260 0.836
Year 2 vs. 3 0.371 0.044

Phonetics
Year 1 vs. 2 0.751 0.720
Year 2 vs. 3 0.403 0.002

values measured; statistically significant values (p < 0.05) are
shown in bold. The values follow a quite clear pattern; namely,
there is a clear difference in the posterior estimates between the
second and the third years, but only for the MS patients. Be-
tween the posterior estimates for the first two years for the MS
subjects, and for either year pairs for healthy controls, the dif-
ferences between the posterior estimates for the correct speaker
category were statistically not significant. This also supports
our observation drawn from Fig. 2, and also that automatic
speech analysis might be able to capture the subtle deteriora-
tion of MS subjects in their speech and in their cognitive abil-
ities. Of course, we cannot rule out other factors, such as a
sudden change in the acoustic conditions of the MS patients in
Year 3, which the wav2vec 2.0 embeddings (and the subsequent
classification process) might have been able to capture.

5. Conclusions
In this study we performed a longitudinal investigation of Mul-
tiple Sclerosis patients and healthy control subjects. We inves-
tigated the speech recordings of 16 MS subjects and 12 healthy
controls, using three speech tasks (Boston Cookie Theft pic-
ture description, asking their opinion, and reading aloud spe-
cific non-existent words) over the course of three years. We
utilized machine learning to distinguish the speaker groups (i.e.
MS and controls): we made the straightforward choice of using
the mean and standard deviation of wav2vec 2.0 embeddings as
features, while as classifiers, due to data scarcity, we applied
Support Vector Machines in a nested cross-validation setup.

We noted that MS is known to cause a deteriorating speech
performance over time, as well as to adversely affect various
cognitive functions. Due to this, besides analyzing the effect of
the speech task and the type of embeddings (convolutional and
fine-tuned / contextualized), we were also interested in the ef-
fect of the year of recording. In line with our hypothesis, when
we limited the classification evaluation to a specific year, we
saw an increased MS detection performance for the third year
compared to the first two years, and this trend was quite notice-
able for all three speech tasks. As this improvement could pos-
sibly have been caused by a change in the speech of the control
subjects, we investigated the posterior estimates provided by the
SVM classifier. We found a significant difference in the poste-
rior values of the MS subjects in the third year for all three tasks
and for both embedding types, but not in any other cases. This
might indicate that there is a slight deterioration of the cogni-
tive and/or speech abilities of the MS subjects over time, which
was detected by the wav2vec 2.0-derived features and the SVM
classifier. Of course, the exact phenomenon causing this sudden
improvement in our scores (be it either some speech property or,
perhaps, some acoustic artifact) needs to be looked into, which
we plan to do in the near future.
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[27] P. A. Pérez-Toro, P. Klumpp, A. Hernandez, T. Arias, P. Lillo,
A. Slachevsky, A. M. Garcı́a, M. Schuster, A. K. Maier, E. Nöth,
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