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Voice anonymization



Voice privacy: Why?

Voice is a personal identifier

"Recent studies indicate that nearly 
all children aged 3 to 17 in the UK 
engage with online content, with 
smartphones (72%) and tablets 
(69%) being the most commonly 
used devices."

"It took only 20 minutes and 1 US 
dollar to generate the fake audio of 
President Biden, discouraging 
voters to cast their ballots.”
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Why: Voices we must protect

Protection from Exploitation and Abuse

Avoiding Behavioral Targeting

Encouraging Safe Exploration

Allowing unbiased, fair use of speech processing applications

Voice Privacy Challenge (https://www.voiceprivacychallenge.org/)

https://www.ofcom.org.uk/media-
use-and-attitudes/media-habits-
children



Signal-processing based approaches
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Patino, et al. (2020). Speaker anonymisation using the McAdams coefficient. arXiv preprint arXiv:2011.01130.

Adjustable Deterministic Pseudonymization of Speech, S. Pavankumar Dubagunta, Rob J. J. H. van Son and Mathew Magimai-Doss, in: Computer, Speech & Language, 72, 2022 

https://publications.idiap.ch/publications/show/4660


Neural-based approaches

Tomashenko, et al. (2020). Introducing the VoicePrivacy initiative. Proc. Interspeech.
5/11

KNNVC, and KNNVC+Rhythm

Rhythm modeling: K-means to cluster speech units into three classes, Silences:

overlap with silence units; Obstruents: lowest overlap with voiced units;

Sonorants: biggest overlap with voiced sections

kNN-VC



Evaluation
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Voice anonymization for privacy

Privacy: Automatic Speaker Verification (ASV), Equal Error
Rate (EER)
Utility: Automatic Speech Recognition (ASR), Word Error
Rate (WER)

Utility beyond intelligibility?



Emotion Modeling in Remote Learning

Dimensional Emotion Modelling of Student Speech in Remote Setting, Sargam Vyas, Bogdan Vlasenko, André Mayoraz, 
Egon Welen, Per Bergamin, and Mathew Magimai-Doss. (Manuscript under preparation)

A collaboration between Idiap and FFHS, Brig



How to elicit emotion?
• Self-control tasks with sequence of steps

• Information about the task
• Open question
• Open answer
• Level of difficulty assessment
• Self-evaluation w.r.t sample answer
• Self-reflection w.r.t sample answer

• 5 out of 11 tasks offered on Moodle with 
speech input
• 56 students from “Introduction to 

Project Management” course
• Open response and self-reflection 

recorded
• Transcribed by off-the-shelf German 

speech recognition system
• Students corrected the transcription

• Recording’s chunked into “semantically 
completed” chunks and automatic 
sentiment analysis using off-the-shelf 
German BERT-based system.



Whether emotional variation are perceived? (1)5

Fig. 1. The AB test for the evaluation of emotion annotation skills.

Fig. 2. Distribution of sentiment labels: positive, negative and neutral for 7k
segments. Speaker-wise combined histogram.

In the final phase, we chose 1,132 wave chunks, aiming to
include phrases evenly from all speakers, as the distribution
of phrases was not initially balanced. For the timestamp, we
sought to create balance by avoiding segments that were too
short (where emotions might not be clear) or too long (where
emotions could get mixed up). For sentiments, we used a

4:4:2 ratio, with four positive, four negative, and two neutral
sentiment predictions.

B. Annotation Framework and Rates Evaluation

Taking into consideration the experience of previous re-
search studies on dimensional emotional labeling (see Sec-
tion ??), we decided to optimize our annotation process to
balance the cognitive load for our emotion annotators. The
balance was achieved through two main steps: reducing the
total amount of data used for annotation (see Section ??)
and providing opportunities for iterative annotation. Annota-
tors were able to perform annotations iteratively. After each
iteration, dimensional annotations were stored in a local web-
based database.

For the emotion annotation framework used in our study, we
employed BeaqleJS [?]. To evaluate the emotional annotation
skills of annotators, we adopted the A/B test proposed in
BeaqleJS framework, as shown in Figure ??. We selected
twelve pairs of emotional speech samples from the VAM
database for arousal and valence emotional dimensions, while
for the dominance dimension, six pairs of speech samples were
used. During the selection of emotional speech sample pairs,
we focused on emotional instances with the lowest/highest
possible aggregated labels to ensure a diverse range of emo-
tions.

Emotional speech sample pairs from Vera-am-Mittag database were used to 
train raters and get familiar with SAM.

6

Fig. 3. Self-Assessment Manikin for valence, arousal, dominance ranges from 1 to 9 where 1 being very negative for valence, very calm for arousal and very
weak for dominance. On the other hand, 9 is very positive (Valence), very active (arousal) and very strong (dominance).

Since no standard techniques exist for training annotators
to label spontaneous emotions in the VAD dimensionality, we
provided a detailed description of emotional dimensionalities
before conducting the A/B test. This approach, combined with
the A/B test, allowed annotators to become familiar with the
SAM images for each emotional dimension, preparing them
for accurate annotation. Table ?? displays the percentage of
correct assessments by annotators. As one could see from the
table, percentage of correct assignments could be different for
different emotional dimensions for the same annotator. In our
study, we considered all six annotators due to their sparse
number, but in larger pools, a combination of A/B testing with
evaluated weighted estimation (EWE) could be used to refine
the selection of annotators. This process helps ensure that

annotators are well-prepared to label spontaneous emotions
accurately.

C. Annotation Framework and Evaluation

For the purpose of annotation, we have asked the annota-
tors to annotate emotional attributes (Valence, Arousal, and
Dominance). For this purpose, we have used Self-Assessment
Manikins (SAM) [?], [?], where the scale ranges from 1
to 9 with 1 being very negative for valence, very calm for
arousal and very weak for dominance. On the other hand, 9 is
very positive (Valence), very active (arousal) and very strong
(dominance). As can be seen from table ?? many state-of-
the-art databases uses different a SAM scale depending on
their specific goals. Initially, in the start of the annotation



Whether emotion changes are perceived? (2)
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ID VALENCE [%] AROUSAL [%] DOMINANCE [%]

1 100 92 67

2 100 100 100

3 42 67 83

4 50 83 100

5 9 100 100

6 100 100 100

TABLE II
A/B TEST RESULTS FOR 6 ANNOTATORS FOR VALENCE, AROUSAL AND

DOMINANCE

process we have provided few examples for valence, arousal
and dominance along with their definition so annotators have a
more clear idea about how SAM works. In the Figure ??, you
can see the prototype of the SAM scale used for the purpose
of annotation.

Considering the assumption of an unbiased ensemble of
evaluators, the hidden emotional state can be best determined
by estimating it from the combined assessment results of
several annotators. Like in [?] we selected the evaluator
weighted estimator (EWE).

To calculate emotional labels smoothed with EWE tech-
nique we use equation (??) where n represents annotated ut-
terance where 1<n<N, k represents evaluator where 1<k<K
and i represent valence, arousal and dominance.

xEWE,(i)
n =

1
∑K

k=1 r
(i)
k

K∑

k=1

r(i)k x̂(i)
n,k (1)

The estimator combines the responses from multiple evalu-
ators, considering that each evaluator may experience different
levels of disturbance during the evaluation process. To account

Fig. 4. Distribution of emotional speech labels. SPOT-ED database. EWE
agreegation.

CORPORA VALENCE AROUSAL DOMINANCE

µ OF CORRELATION COEFFICIENT r

VAM I [?] 0.49 0.78 0.68

VAM II [?] 0.48 0.66 0.54

SPOT-ED 0.65 0.60 0.67

ω OF CORRELATION COEFFICIENT r

VAM I [?] 0.30 0.38 0.33

VAM II [?] 0.28 0.30 0.29

SPOT-ED 0.12 0.18 0.19

TABLE III
AVERAGE STANDARD DEVIATION ω AND MEAN (µ) OF CORRELATION

COEFFICIENT r FOR THE EMOTION PRIMITIVES EVALUATION OF THE VAM
I/II AND SPOT-ED BY HUMAN LISTENERS, AVERAGED OVER ALL

SPEAKERS AND ALL SENTENCES

for this, the estimator assigns individual weights, denoted as
r(ki), which are specific to each evaluator as shown in equation
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In the Eq.(??) the x(i)
n can be calculated using the Eq.(??)

which represent the average rating of all evaluators

x(i)
n =

1

K

K∑

k=1

x̂(i)
n,k (3)

Similar to [?] we measured inter-evaluator agreement by
estimating mean correlation coefficients rik across all anno-
tators, along with the standard deviation of rik. The results,
shown in table ??, indicate that the inter-evaluator correlations
for the SPOT-ED dataset ranged from 0.60 to 0.67 demon-
strating high agreement between annotators. Specifically, the
correlation coefficient for valence was 0.65, for arousal 0.60,
and for dominance 0.67. This consistency across dimensions
is due to our efforts to balance different sentiments during the
annotation process. For comparison, the VAM II subset, which
involved six annotators, showed higher correlations for arousal
and dominance (up to 0.78) but lower for valence (0.48). This
is likely due to the VAM database containing more negative
and neutral utterances. This strong inter-evaluator agreement
in the SPOT-ED dataset, particularly across all emotional
dimensions, highlights the reliability of the annotations and
ensures that the dataset is well-suited for further analysis of
emotional speech, despite the less expressive nature of the
samples. Also, low standard deviation implies that the annota-
tors perceived the sound similarly which is also discussed in
[?] when discussing low standard deviation of VAM database.

As shown in Figure ??, the aggregated EWE [?] labels
display a relatively wide distribution range, even though the
speech samples are monologues. This distribution is compa-
rable to that of the VAM [?] database, which consists of

Six raters
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n can be calculated using the Eq.(3)

which represent the average rating of all evaluators
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Similar to [60] we measured inter-evaluator agreement by
estimating mean correlation coefficients rik across all anno-
tators, along with the standard deviation of rik. The results,
shown in table III, indicate that the inter-evaluator correlations
for the SPOT-ED dataset ranged from 0.60 to 0.67 demon-
strating high agreement between annotators. Specifically, the
correlation coefficient for valence was 0.65, for arousal 0.60,
and for dominance 0.67. This consistency across dimensions
is due to our efforts to balance different sentiments during the
annotation process. For comparison, the VAM II subset, which
involved six annotators, showed higher correlations for arousal
and dominance (up to 0.78) but lower for valence (0.48). This
is likely due to the VAM database containing more negative
and neutral utterances. This strong inter-evaluator agreement
in the SPOT-ED dataset, particularly across all emotional
dimensions, highlights the reliability of the annotations and
ensures that the dataset is well-suited for further analysis of
emotional speech, despite the less expressive nature of the
samples. Also, low standard deviation implies that the annota-
tors perceived the sound similarly which is also discussed in
[60] when discussing low standard deviation of VAM database.

As shown in Figure 4, the aggregated EWE [60] labels
display a relatively wide distribution range, even though the
speech samples are monologues. This distribution is compa-
rable to that of the VAM [35] database, which consists of

Inter-rater agreement

SPOT-ED: developed corpus
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Similar to [60] we measured inter-evaluator agreement by
estimating mean correlation coefficients rik across all anno-
tators, along with the standard deviation of rik. The results,
shown in table III, indicate that the inter-evaluator correlations
for the SPOT-ED dataset ranged from 0.60 to 0.67 demon-
strating high agreement between annotators. Specifically, the
correlation coefficient for valence was 0.65, for arousal 0.60,
and for dominance 0.67. This consistency across dimensions
is due to our efforts to balance different sentiments during the
annotation process. For comparison, the VAM II subset, which
involved six annotators, showed higher correlations for arousal
and dominance (up to 0.78) but lower for valence (0.48). This
is likely due to the VAM database containing more negative
and neutral utterances. This strong inter-evaluator agreement
in the SPOT-ED dataset, particularly across all emotional
dimensions, highlights the reliability of the annotations and
ensures that the dataset is well-suited for further analysis of
emotional speech, despite the less expressive nature of the
samples. Also, low standard deviation implies that the annota-
tors perceived the sound similarly which is also discussed in
[60] when discussing low standard deviation of VAM database.

As shown in Figure 4, the aggregated EWE [60] labels
display a relatively wide distribution range, even though the
speech samples are monologues. This distribution is compa-
rable to that of the VAM [35] database, which consists of
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SPEAKER-INDEPENDENT SPEAKER-DEPENDENT

FR Dimension Corrspea→ Corrpear→ RMSE ↑ Corrspea→ Corrpear→ RMSE ↑
SINGLE FEATURE REPRESENTATIONS

1. COMPARE VALENCE 0.429 0.439 0.064 0.489 0.511 0.061

AROUSAL 0.509 0.531 0.084 0.605 0.630 0.078

DOMINANCE 0.638 0.640 0.086 0.688 0.687 0.082

2. W2V2-MSP VALENCE 0.525 0.551 0.060 0.555 0.584 0.058

AROUSAL 0.587 0.611 0.080 0.621 0.657 0.076

DOMINANCE 0.622 0.640 0.088 0.664 0.682 0.084

3. HUBERT VALENCE 0.428 0.437 0.062 0.493 0.528 0.060

AROUSAL 0.503 0.532 0.085 0.607 0.642 0.079

DOMINANCE 0.598 0.615 0.090 0.669 0.680 0.085

4. WAVLM VALENCE 0.449 0.447 0.062 0.514 0.535 0.060

AROUSAL 0.510 0.552 0.084 0.599 0.642 0.078

DOMINANCE 0.623 0.635 0.088 0.706 0.710 0.082

EARLY FUSION: COMBINED FEATURE REPRESENTATIONS

1.+2. VALENCE 0.536 0.562 0.060 0.585 0.613 0.057

COMPARE + AROUSAL 0.630 0.651 0.076 0.686 0.713 0.072

W2V2-MSP DOMINANCE 0.737 0.744 0.078 0.766 0.767 0.074

1.+3. VALENCE 0.476 0.481 0.062 0.537 0.556 0.059

COMPARE + AROUSAL 0.554 0.578 0.082 0.643 0.667 0.076

HUBERT DOMINANCE 0.675 0.677 0.084 0.723 0.721 0.079

1.+4. VALENCE 0.473 0.480 0.062 0.528 0.549 0.060

COMPARE + AROUSAL 0.548 0.573 0.082 0.64 0.664 0.076

WAVLM DOMINANCE 0.678 0.679 0.084 0.726 0.723 0.079

TABLE IV
RECOGNITION PERFORMANCE FOR SPEAKER-DEPENDENT AND -INDEPENDENT EXPERIMENTAL SETUP. REGRESSION MODELS WERE TRAINED ON

KNOWLEDGE-BASE AND DATA-DRIVEN FEATURE REPRESENTATIONS.

E. Systems

Considering our previous experiments on dimensional SER
[61], we employed the following systems for experimental
evaluation: four systems utilizing a single FR and three sys-
tems employing early fusion of two different FR approaches
(knowledge-based and data-driven).

In our results section, we use numerical representations for
developed systems: 1. knowledge-based features, {2,3,4} data-
driven features, and EF-based FR with marks 1 + x where
x → {2, 3, 4}.

F. Results and analysis

Table IV presented selected recognition rate performances
for speaker-independent and speaker-dependent experimen-
tal setups. Results in table IV show that knowledge-based
and data-driven out-of-domain feature representations provide
comparable SER performance. Additionally, in-domain neural
embeddings W2V2-MSP provide the best regression perfor-
mance for the ”stand-alone” FR experimental settings (see

the upper part of table IV). On the other hand, the W2V2-
MSP embedding were fine-tuned on English emotional speech
samples. Hence, there is a language mismatch between our test
data and the fine-tuning dataset.

For the first phase of experiments, we performed Leave
one Speaker Out (LOSO) speaker independent and speaker
dependent test with handcrafted, in-domain and out-of-domain
feature extraction model. For handcarfted we have used COM-
PARE, for in-domain we have used W2V2-MSP which is
trained on MSP-IMPROVE speaker emotion database and for
out-of-domain we have used WAVLM and HUBERT model
for FR. For this experiment we found that in-domain model
gives better results compared to out-of-domain model and
handcrafted FR. As seen from the Table IV, we observe that
RMSE for speaker independent in-domain model is as low
as 0.060, 0.080, 0.088 for valence, arousal and dominance.
Similarly, for speaker dependent setting, we can observe that
RMSE is as low as 0.058, 0.076, 0.084 for valence, arousal
and dominance.

In the next phase of experiment, we did early fusion by
fusing results from handcrafted features and DNN embedding



Characterization of Embarrassment

Multidisciplinary characterization of embarrassment through behavioral and acoustic modeling, Dajana Šipka, Bogdan 
Vlasenko, Maria Stein, Thomas Dierks, Mathew Magimai-Doss and Yosuke Morishima, in: Scientific reports, 2025

https://publidiap.idiap.ch/publications/show/5584


Embarrassment Emotion class labels 48/61

• Social emotion
• Self-concious + other-concious emotion
• Can be experienced publicly (more likely around 

strangers) as well as in private
• Personal vs. empathic 
• Previously considered to be part of shame, not 

anymore
• Typical physiological and behavioral changes

• Blushing
• Changes in voice
• Changes in non-verbal behavior e.g., no eye 

contact or lowering of head
• Aspects of embarrassment

• Fear of negative evaluation
• Fear of rejection
• Heightened self-conciousness

• Shares many characteristics with social anxiety

Voice-based assessment can be less-biased to 
subjects’ responses and more objective than 
self-questionnaires.



Study design

Anxiety Scale (SIAS-6), Community Assessment of Psychic Experiences (CAPE), and demographic data online 
via Qualtrics not later than 12!h before the assessment appointment.

"e whole assessment (t0 – t3) was audio recorded, and the participants were informed prior to the start of 
the assessment. "e experimenter conductor was instructed to respond neutrally respectively to not give either a 
positive reaction (e.g., laugh along with the participant) or a negative reaction (e.g., look dismissive) during the 
procedure and had all instructions written on a script to maximize standardization. "is study was embedded 
in a larger study based on Mota et al.23 and represents part 2 of the procedure. Since part 1 is irrelevant to this 
study, it was not further explained here (see23, for the study procedure of part 1). At t0, participants were shown a 
neutral picture from the picture set of Mota et al.23 and were instructed to tell a story about the picture for at least 
30!s. If they did not meet the 30-second mark, they were asked to talk more about the picture. At t1, they received 
a short explanation of the characteristics of embarrassment and how it di#ered from shame (see introduction for 
di#erences). "e assignment then was to write about a situation where they felt embarrassed, which happened 
no longer than one year ago. "e participants were instructed to write only a few sentences about the setting of 
the embarrassing situation and then to mainly focus on the following aspects of their experience in the situation: 
emotions (i.e., “What did you feel in this situation?”), cognitions, physiological reactions, their own behavior, 
and the behavior of the bystanders. "erewith, participants were more likely to be immersed in the whole 
experience and not only recollect mere cold facts of the situation2. A$er being informed orally, they also received 
all instructions in written form. Participants had a maximum of 4!min to come up with a situation and then a 
maximum of 14!min to write about the situation. At t2, they were asked to read the story aloud to the instructor 
and were instructed to talk for at least 30!s. If they did not meet the 30-second mark, they were asked to talk more 
about the situation. At t3, they had the same task as at t0 with the same instructions. Between each time point 
(t0 – t3), they had to indicate their level of embarrassment on a visual analog scale (VAS).

At the end of the study (a$er t3), participants were asked to guess the study’s purpose. "ey were then 
informed about the actual purpose of the study. For ethical reasons, they were asked to state their current well-
being, and the instructor intervened if a participant stated particularly low well-being. Additionally, participants 
were provided with a list of addresses and telephone numbers for psychotherapeutic support if needed later.

Measures
Short form social phobia scale (SPS-6) and short form social interaction anxiety scale (SIAS-6)
"e Social Phobia Scale (SPS24) and the Social Interaction Anxiety Scale (SIAS24) are two self-report 
questionnaires to measure di#erent aspects of SA. "e SPS measures SA in performance-related situations (e.g., 
fear of attracting attention while queueing), whereas the SIAS measures SA in interactional situations (e.g., 
di%culty in talking to other people). For this study, the short form of the SPS25 and the SIAS25 were used, which 
were directly translated into German for this study. "e two questionnaires are presented together with 6 SPS-6 
items and 6 SIAS-6 items rated on a Likert-Scale from 0, “not at all”, to 4, “extremely”, with a total sum score 
ranging from 0 to 48. Peters et al.25 showed that the SPS-6 and SIAS-6 have satisfactory convergent, construct, 
and criterion validity. Concerning the reliability, the paper from Ouyang et al.26 showed a satisfactory Cronbach’s 
alpha. According to Peters et al.25 the cut-o# scores for clinically relevant SA symptoms are SPS-6 & 2 and SIAS-
6 & 7.

Visual analog scale (VAS)
For the measurement of the strength of embarrassment participants felt before, during, and a$er the intervention, 
a paper-pencil visual analog scale (VAS) was used at each time point (i.e., a$er t0, t1, and t2). Participants marked 
on a 10!cm long line how embarrassed they felt at the moment from 0, “not embarrassed at all”, on the le$ end to 

Fig. 1. Overview study procedure. Before starting the main assessment, participants answered online 
questionnaires. On the day of the assessment, participants were told to tell a story based on a neutral picture 
before (t0) and a$er (t3) embarrassment induction (t2). "e 'rst ten seconds of speech in t0, t2, t3 were used 
as pre-embarrassment induction (pre), embarrassment induction, (emb), and post-embarrassment induction 
(post) for the acoustic analysis. VAS = visual analog scale.
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• Short form social 
phobia scale 
(SPS-6)

• Short form social 
interaction 
anxiety scale 
(SIAS-6)

VAS: Visual anxiety scale
Participants mark embarrassment on 10 cm long line (0: not embarrased 
at all and 10: extremely embarrased)

Thirty three subjects (undergraduate psychology students from Univ. of Bern) selected after applying 
exclusion criteria



Subjective analysis

of our speech data samples through those three trained classi!ers and took the average of the emotion class 
conditional probabilities estimated by the three classi!ers. "e resulting average emotion class conditional 
probabilities were then analyzed. As in the previous cases, we used pre- and post-embarrassment samples as 
reference samples and treated them as separate classes. "e results of this experimental study are presented in 
Sect. Categorical model of embarrassment using the 7emotions from EMO-DB.

Rate of speech analysis
To compute rate of speech, we adopted graphemes-per-second as a metric, because the grapheme-to-phoneme 
relation in German is shallower than the relation in English. In other words, the rate of speech in German is well 
represented by graphemes. We used OpenAI’s Whisper model (https://huggingface.co/openai/whisper-large-v3) 
available from Huggingface hub to transcribe the speech data. "en, we removed all punctuation marks and 
blank spaces in the transcription and counted the number of graphemes/characters. "e grapheme count was 
!nally divided that by 10#s to obtain the grapheme-per-second measure.

Results
SPS-6 & SIAS-6 results and embarrassment induction
Table#1 shows the results from the questionnaires SPS-6 and SIAS-6. 16 Participants were above the SIAS cut-o$ 
(i.e., sum SIAS % 7), 17 participants were above the SPS cut-o$ (i.e., sum SPS % 2), and 9 participants were above 
both cut-o$s (i.e., sum SIAS % 7 and sum SPS % 2). "erefore, according to the cut-o$s, 27.3% (9 / 33) showed 
clinically relevant SA symptoms in both questionnaires. "is rate is consistent with a previous epidemiological 
and cross-cultural study on screening of SA (pp. 10: “23–58% across the di$erent countries”)37.

"e !rst goal of the study was to verify the embarrassment induction. "e Shapiro-tests for the di$erences 
of the 3 VAS scores (VAS 1 – VAS 2, VAS 1 – VAS 3, VAS 2 – VAS 3) (see Fig.#1) between t0 and t3 showed 
a signi!cant result for the di$erence VAS 2 – VAS 3 (p = .023). "erefore, all further calculations were made 
with non-parametric tests. Multiple pairwise Wilcoxon tests showed a signi!cant di$erence between the VAS 2 
(M = 2.52, SD = 2.09) and VAS 3 (M = 4.40, SD = 2.38) score (V = 551, p < .001). "is means that the participants 
got signi!cantly more embarrassed a&er reading the story aloud to the conductor than a&er only writing the 
story. "is can also be observed visually in Fig.# 3 for 31 out of 33 participants. "e other di$erences were 
not signi!cant (VAS1 – VAS2, p = .13, VAS 1 – VAS 3, p = .20). To account for the gender disbalance (n = 26 
females) in the signi!cant di$erences between VAS 2 and VAS 3, we used LMMs. First, the time only model was 
calculated with time (VAS 2, VAS 3) as a predictor and ID as a random e$ect (i.e., accounting for the fact that all 
participants have di$erent baseline values). As expected, the time only model was signi!cant (b = 1.88, SE = 0.26, 
t(32) = 7.22, p < .001). "en the covariate gender was added to the model (time*gender). "e interaction between 
time and gender was not signi!cant (b = 0.57, SE  = 0.64, t(31) = 7.22, p = .89), implying that the e$ect of time on 
the VAS values did not di$er by gender.

Spearman correlations were calculated between the SIAS-6 and SPS-6 total scores, the total sum of both 
questionnaires and the VAS 2 – VAS 3 di$erence score. "ere was a signi!cant negative correlation between 
the di$erence score and the total sum score of the SPS-6 and SIAS-6 (rs = – 0.36, p = .037). "is means that the 
higher SA is (here de!ned by the overall sum of both questionnaires), the more embarrassed a person felt a&er 
reading the story out loud.

Prediction of embarrassment based on acoustic features
"e second goal of the study was to test the possible prediction performance of machine learning models applied 
to predict embarrassment. During our preliminary analysis of embarrassment prediction, we used three-class 
and two-class con!gurations for classi!cation experimental setups. In the two-class settings, in addition to 
the non-embarrassment class concept (see Sect.#Machine learning experimental setup), we used a pre- vs. post-
embarrassment con!guration. Additionally, considering the scarcity of collected embarrassment data and the 
need for better interpretability, we used only knowledge-based acoustic features, namely the ComPaRE (see 
Sect.#Acoustic feature representations) feature set.

Table#2 shows the prediction performance (i.e., the probability of predicting the correct set) of RF and SVM. 
"e best performance was found for predicting the pre-set vs. the embarrassment-set (pre vs. emb), where the 
right prediction for the respective set was made in 84.8% of the cases for RF and 86.4% for the SVM (since it 
was a two-class con!guration, a performance by chance would be 0.5. "e results here indicated a very good 
prediction performance). "e second- and third-best performance was found for the prediction of the post vs. 
embarrassment (post vs. emb) and for the pre- and post-set combined vs. the embarrassment-set ((pre + post) 
vs. emb). "e pre- vs. post-comparison was slightly above chance and could not be discriminated satisfactorily. 
In the case of the three-class con!guration (pre vs. emb. vs. post), the main misclassi!cation confusion was 
observed between the pre- and post-embarrassment classes: "e pre- and post-state showed a tendency to have 

Questionnaires N M SD Mdn
SPS-6 33 2.52 3.01 2.00
SIAS-6 33 7.00 4.02 6.00
S (SPS–6 & SIAS–6) 33 4.76 4.18 4.00

Table 1. SPS-6 & SIAS-6 descriptive statistics. SPS-6: Short form Social Phobia Scale; SIAS: Short form Social 
Interaction Anxiety Scale.
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16 participants had SIAS-6 score above cut-off 7
17 participants has SPS-6 score above cut-off 2
9 participants (above both SIAS-6  and SPS-6 cut-off)

similar characteristics since their predictive performance was slightly above chance (see Sect.!Categorical model 
of embarrassment using the 7 emotions from EMO-DB for quantitative proof of similarity).

Supplementary Table 2 shows the top-ranked features for each combination of prediction from Table! 2. 
Feature ranking was conducted based on RF feature importance rates. "e glossary in Supplementary Table 
1 can be consulted for more information on the features. A more detailed description of acoustic features and 
their corresponding mathematical models can also be found in the paper of Eyben38. Since the best prediction 
performances were found for pre vs. embarrassment and (pre + post) vs. embarrassment, only their top-ranking 
features were examined in more detail. For selected set con#gurations (pre vs. embarrassment and (pre + post) 
vs. embarrassment), mainly vocal tract-related dynamic features were presented in the top-ranking list (i.e., the 
most discriminative features). Most of the top-ranked acoustic features for the (pre + post) vs. embarrassment 
task represent temporal dynamics of envelope of short-term spectrum which relates to modulation frequency 
information, indicating changes in energy in frequency bands across time due to speech articulation (movement 
of jaw, tongue and lips)39.

One way to ascertain whether modulation frequency information is indeed playing a central role here 
is to compare speaking rate, as changes in rate of speech leads to changes in modulation spectrum40. More 
precisely, peak modulation frequency tends to correlate with speech rate. We used the speech recognition system 
to transcribe the pre, post, and embarrassment speech and calculated speaking rate in terms of graphemes-
per-second for each condition, respectively, each time point. As mentioned earlier, graphemes-per-second 
is a good indicator of speaking rate in our case, as in German the grapheme-to-phoneme relation is shallow 
when compared to English. Figure! 4 shows the distribution of grapheme-per-second for 33 speech samples 
(33 speakers) for each condition. We found that the speaking rate was higher for embarrassment (mean: 11.92) 
than for pre-embarrassment (mean: 7.67) and post-embarrassment (mean: 8.16), suggesting that modulation 
frequency information indeed helps to distinguish state of embarrassment.

Pre vs. emb Post vs.emb Pre vs. post (Pre + post) vs. emb Pre vs. emb vs. post
RF 0.848 0.833 0.621 0.803 0.636
SVM 0.864 0.818 0.591 0.818 0.596

Table 2. Prediction performance UAR of RF and SVM for various combinations of pre-, embarrassment- 
and post-sets. UAR = Unweighted Average Recall. RF = Random Forest. SVM = Support Vector Machine. 
emb = embarrassment. "e bold print indicates trends for a higher prediction accuracy for RF and SVM.

 

Fig. 3. VAS values connected over all time-points for each participant. VAS-1 measured embarrassment 
between telling a story based on a neutral picture and writing about an embarrassing experience. VAS-2 
measured embarrassment between writing about an embarrassing experience and reading the embarrassing 
story. VAS-3 measured embarrassment between reading the embarrassing story and telling a story based on 
another neutral picture. "ere was a signi#cant di$erence between VAS-2 and VAS-3 (V = 551, p < .001), where 
31 out of 33 got signi#cantly more embarrassed a%er reading the embarrassing story.
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Significant difference between VAS-2 and VAS-3

31 out of 33 significantly embarrassed after 
reading the embarrassing story

Statistically significant Negative correlation between 
SPS-6+SIAS-6 score and (VAS-2 –VAS-3)



Acoustic classification-based analysis

similar characteristics since their predictive performance was slightly above chance (see Sect.!Categorical model 
of embarrassment using the 7 emotions from EMO-DB for quantitative proof of similarity).

Supplementary Table 2 shows the top-ranked features for each combination of prediction from Table! 2. 
Feature ranking was conducted based on RF feature importance rates. "e glossary in Supplementary Table 
1 can be consulted for more information on the features. A more detailed description of acoustic features and 
their corresponding mathematical models can also be found in the paper of Eyben38. Since the best prediction 
performances were found for pre vs. embarrassment and (pre + post) vs. embarrassment, only their top-ranking 
features were examined in more detail. For selected set con#gurations (pre vs. embarrassment and (pre + post) 
vs. embarrassment), mainly vocal tract-related dynamic features were presented in the top-ranking list (i.e., the 
most discriminative features). Most of the top-ranked acoustic features for the (pre + post) vs. embarrassment 
task represent temporal dynamics of envelope of short-term spectrum which relates to modulation frequency 
information, indicating changes in energy in frequency bands across time due to speech articulation (movement 
of jaw, tongue and lips)39.

One way to ascertain whether modulation frequency information is indeed playing a central role here 
is to compare speaking rate, as changes in rate of speech leads to changes in modulation spectrum40. More 
precisely, peak modulation frequency tends to correlate with speech rate. We used the speech recognition system 
to transcribe the pre, post, and embarrassment speech and calculated speaking rate in terms of graphemes-
per-second for each condition, respectively, each time point. As mentioned earlier, graphemes-per-second 
is a good indicator of speaking rate in our case, as in German the grapheme-to-phoneme relation is shallow 
when compared to English. Figure! 4 shows the distribution of grapheme-per-second for 33 speech samples 
(33 speakers) for each condition. We found that the speaking rate was higher for embarrassment (mean: 11.92) 
than for pre-embarrassment (mean: 7.67) and post-embarrassment (mean: 8.16), suggesting that modulation 
frequency information indeed helps to distinguish state of embarrassment.

Pre vs. emb Post vs.emb Pre vs. post (Pre + post) vs. emb Pre vs. emb vs. post
RF 0.848 0.833 0.621 0.803 0.636
SVM 0.864 0.818 0.591 0.818 0.596

Table 2. Prediction performance UAR of RF and SVM for various combinations of pre-, embarrassment- 
and post-sets. UAR = Unweighted Average Recall. RF = Random Forest. SVM = Support Vector Machine. 
emb = embarrassment. "e bold print indicates trends for a higher prediction accuracy for RF and SVM.
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between telling a story based on a neutral picture and writing about an embarrassing experience. VAS-2 
measured embarrassment between writing about an embarrassing experience and reading the embarrassing 
story. VAS-3 measured embarrassment between reading the embarrassing story and telling a story based on 
another neutral picture. "ere was a signi#cant di$erence between VAS-2 and VAS-3 (V = 551, p < .001), where 
31 out of 33 got signi#cantly more embarrassed a%er reading the embarrassing story.
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6373 ComParE features

Feature ranking analysis: spectral modulation features (e.g., delta, delta-delta 
features) 

Dimensional modeling of embarrassment using the dimensions Valence, arousal, and 
dominance (VAD) from VAM
In order to !nd the possible location of the embarrassment state in the circumplex model of a"ect introduced 
by Russell41, we decided to process the embarrassment data using pre-trained VAD regressors. Figure#5a and c 
shows a density map for the predicted valence, arousal, and dominance levels for pre vs. embarrassment and post 
vs. embarrassment states for all 33 participants (represented as dots). Considering the sparsity of the collected 
data, we used knowledge-based feature representations (i.e., ComParE) for acoustic modeling in our regression 
models.

Predictive models were trained on the VAM database speech samples. $e regressors trained on VAD 
emotional dimensionalities were used to predict VAD levels for pre-, post-, and embarrassment samples. To 
evaluate changes in VAD levels for embarrassment phenomena, we mapped the obtained predictions in 2D plots 
presented in Fig.#5a and c.

Arousal (Fig.#5b) & dominance (Fig.#5c) seem to indicate embarrassment phenomena (more points are on 
the embarrassment side from the diagonal), while valence (Fig.#5a) does not show any predictive value (dots are 
quite evenly distributed around the diagonal) and should not be used without further linguistic post-hoc tests.

Nevertheless, none of the VAD dimensions could di"erentiate enough between pre- vs. embarrassment and 
between post- vs. embarrassment states. $e obtained results showed that embarrassment phenomena could be 
characterized by comparatively complex changes in VAD levels compared to pre vs. embarrassment and post vs. 
embarrassment states.

Supplementary Table 3, the mutual information (MI) between the regression task for the VAD emotional 
dimensions on VAM samples and the embarrassment detection task can be found. Selected acoustic features 
have high MI rates for both tasks (embarrassment detection and VAM-based emotion modeling). As in our 
previous feature ranking analysis based on RF feature importance, vocal tract-related modulation features are 
in%uential in the selected features with high shared MI. Additionally, Supplementary Table 4 shows MI between 
EMO-DB and embarrassment.

Categorical modeling of embarrassment using the 7 emotions from EMO-DB
For the classi!cation task, the database EMO-DB was used to train the classi!ers for acoustic emotion categories. 
$e database contains emotional speech data from 5 female and 5 male actors speaking in German. $ey 
portrayed the following 7 emotions: happiness, sadness, disgust, fear, boredom, anger, and neutral state, to which 
our embarrassment data set was compared.

Figure#6a shows the probability density functions (PDF) for posterior probability of all EMO-BD emotions 
over the 3 audio time points (pre, embarrassment, post). In other words, it shows the probability of how much 
each emotion was represented in our embarrassment sample for each time point. $ere is a skewed distribution 
for each time point and a clear distribution change in posterior probabilities of the emotions boredom, sadness, 
and neutral state over the time points. $e most indicative changes in these 3 emotions are plotted in Fig.#6b. $e 
histogram plots show average posteriors for sadness, boredom, and neutral state.

For quantitative proof of the signi!cance of emotional posterior modeling, we used a t-test to evaluate 
the average posteriors of each emotional state. $e above-mentioned indicative changes were also observed 
in Table#3 with the mean posterior values of each emotion: $e obtained p-values for sadness, boredom, and 
neutral state posteriors are highly signi!cant for both pre vs. embarrassment comparisons and the post vs. 
embarrassment comparisons. At the same time, the p-values for pre vs. post comparisons for all emotional states 
are not signi!cant. With that, it could be shown that pre- and post-states show indeed similar characteristics, 
which was already assumed in Table#2.

In conclusion, being embarrassed seems to shi& the voice toward less sadness but more boredom and neutral 
state-related characteristics. But this shi& is only temporary and disappears a&er a while (at post).

Supplementary Tables 3 and 4 shows the MI for categorical emotion classi!cation on EMO-DB and the 
dimensional modeling. We used the complete emotion set presented in the EMO-DB database and binary 
classi!cation mapping con!gurations: high/low and arousal/valence. Results in Supplementary Tables 3 and 
4 show that the embarrassment phenomenon could cause changes in both emotional dimensions, such as 
arousal and valence. Hence, the highest shared MI in the emotion classi!cation task with the 7 emotional classes 
experimental setup can be observed.

Fig. 4. Histogram and Gaussian kernel density estimation for grapheme-per-second rates for pre-
embarrassment (le&), embarrassment (middle), and post-embarrassment (right).
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Categorical emotion analysis

setting included pre-embarrassment, embarrassment, and post-embarrassment labels. In the two-class setting, 
we provided a selection of di!erent combinations or grouped pre- and post-embarrassment classes into one 
class (i.e., non-embarrassment). Random Forest (RF) and Support Vector Machines (SVM) classi"ers were used 
to train predictive models that take ComPaRE FR as input. #e results obtained from the speaker-independent 
evaluation study for the second goal is presented.

For the third goal (i.e., adopting a dimensional approach and mapping embarrassment onto the VAD 
dimension), we employed a cross-corpora approach, where "rst three independent Random Forest-based 
regressors that take as input ComPaRE FR and predict valence, arousal, and dominance values, respectively, 
were trained on the emotional speech samples of the VAM dataset. As mentioned earlier in Sect.$ Auxiliary 
emotional corpora, the prediction values for each of the VAD emotional dimensions are lie in the range [-1,1]. 
A%er training the regressors on the VAM database, we used the models to predict VAD labels and estimate a 
possible location of the embarrassment state in the circumplex model of a!ect introduced by Russell (1980). 
For this purpose, we used pre- and post-embarrassment samples as a reference and modeled possible shi%s 
of numerical VAD labels in the context of these reference samples. #e results of this experimental study are 
presented.

For the fourth goal (i.e., comparing embarrassment to other emotions, following a categorical approach), 
as there are no categorical emotion labels associated with the data collected in our study, we again employed a 
cross-corpora approach. In this approach, a categorical emotion classi"er was "rst built on EMO-DB corpus (see 
Sect.$Auxiliary emotional corpora) and then the classi"er outputs for our speech data were analyzed. Considering 
the di!erent recording conditions and the phonetic di!erences between High German (in EMO-DB corpus) 
and Swiss German (in our data), for robust analysis, we took a multiple classi"er/expert approach. As illustrated 
in Fig.$ 2, we trained three di!erent categorical emotion classi"er systems based on (a) handcra%ed FR, (b) 
data-driven feature representation tuned for emotional analysis task (emotion data-driven FR), and (c) general 
data-driven FR on EMO-DB corpus. Each of the emotion classi"cation systems were trained to predict class 
conditional probabilities of seven emotion classes (including neutral class). For our analysis, we passed each 

Fig. 2. Flow chart of the emotional categorical analysis with EMO-DB samples. #e presented pipeline 
has been used to represent pre-embarrassment, post-embarrassment, and embarrassment samples with 
aggregated class-conditional probabilities (referred to as posterior-based emotional representations) from 
categorical emotional models trained on EMO-DB. #e proposed multiple classi"er/expert approach is based 
on three expert systems trained with handcra%ed FR, emotional data-driven FR, and general data-driven 
FR. FR = Feature Representation. RF = Random Forest. EMO-DB = a database (see16 for more information). 
AVG = average. For (a–c), see Sect.$Acoustic feature representations.
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only writing it and that the embarrassment induction was successful. !is was particularly the case for people 
who reported higher SA symptoms before the experiment.

In the second step, the robustness of the embarrassment data was tested based on acoustic features. !e 
robustness of the data set was shown through high prediction performance trends for the comparisons pre vs. 
embarrassment and pre- and post-set combined vs. the embarrassment-set, with SVM showing slightly better 
predictions than RF. !e pre- vs. post-prediction performance was slightly above chance; one hypothesis is that 
people return to the initial state so that pre and post cannot be distinguished from each other.

In the third step, embarrassment was examined dimensionally in the VAD dimensions. It was shown that 
there was a shi" in the dimensions of arousal and dominance, while there was none for valence. In order to obtain 
an applicable prediction with valence, one would have to adapt linguistic-based techniques since embarrassment 
is a complex emotion, and valence is dependent on di#erent factors (as is natural language processing in general 
domain-dependent). A participant could, for example, try to mask their embarrassment by altering the voice so 
that valence would be perceived as positive, even though the content of the audio data is negative. !ese results 
suggest either that embarrassment might not be described with simply VAD dimensions since there were no 

Emotion Mean p-value
Pre Emb. Post Pre vs. emb. post vs. emb. Pre vs. post

Happiness 0.06 0.06 0.06 0.503 0.652 0.818
Sadness 0.34 0.25 0.33 < 0.001 0.001 0.506
Disgust 0.15 0.15 0.15 0.699 0.397 0.697
Fear 0.08 0.09 0.09 0.079 0.146 0.685
Boredom 0.24 0.28 0.25 < 0.001 < 0.001 0.402
Anger 0.05 0.05 0.05 0.574 0.582 0.317
Neutral 0.08 0.12 0.08 < 0.001 < 0.001 0.200

Table 3. EMODB’s emotional representations in mean posterior values over all subjects (N = 33) and the 
p-value for the t-test for di#erent pairs of mean. p-values were retrieved from t-tests.

 

Fig. 6. !e density x-axis shows the average probability for the observed emotional class over all participants 
(sum of all probabilities is 1). Count = number of participants. (a) !e line plots show the distribution 
approximations of posterior-based seven emotional states for pre-embarrassment (le"), embarrassment 
samples (middle), and post-embarrassment (right). (b) Histogram and line plots of selected three emotional 
states, showing signi$cant changes between pre-embarrassment and embarrassment, for pre-embarrassment 
(le"), embarrassment samples (middle), and post-embarrassment (right).
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Voice-based hypoglycemia detection

Listening to Hypoglycemia: Voice as a Biomarker for Detection of a Medical Emergency Using Machine Learning, Vera 
Lehmann, Martin Hilpert, Zohreh Mostaani, Sevada Hovsepyan, Esmé Wallace, Colombine Verzat, Stefan Feuerriegel, 
Mathias Kraus, James Rosenthal, Gürkan Yilmaz, Mathew Magimai-Doss and Christoph Stettler, in: Diabetes Care, 2025 

• Hypoglycemia is a hazardous diabetes-related emergncy
• Detected by blood glucose level measurement
• Can voice serve as a tool to detect hypoglycemia in a non-intrusive manner? 

https://publications.idiap.ch/publications/show/5782


Study summary



Pilot study (6 subjects)

7.3 Experimental setup

this study, we aim to identify biomarkers in speech that can be indicative of hypoglycemia.
Towards this goal, we investigate the utility of an extensive set of speech features, previously
used in paralinguistic studies. These features are used with a binary classifier to distinguish
between euglycemia and hypoglycemia state as shown in Figure 7.1.

Speech signal

Feature extraction

Speech features

Knowledge-based
(e.g.eGeMAPs)

Data-driven
(BPE/PHR)

Classifier
(LR, RF, SVM)

Figure 7.1 – Proposed pipeline for detecting hypoglycemia using various speech features. BPE
stands for breathing pattern estimation.

The speech features that we utilize in this study are as follows:

• Knowledge-based: We extract three sets of knowledge-based features, namely eGeMAPS,
ComParE, and Long Term Average Spectrum (LTAS). eGeMAPS and ComParE are widely-
used features in paralinguistic and emotion studies in speech (see Section 2.1.1.1). We
have also used these features throughout this thesis for various tasks (see Section 4.2.1
and Chapter 6). eGeMAPS has been used to study the voice changes due to fluctuations
in blood glucose level (Pompe et al., 2023). LTAS provides spectral information of signal
over extended period of time. They have been used in clinical studies of voice quality
and pathological speech (see Section 2.1.1.1).

• Data-driven: In Chapter 4 we demonstrated the utility of embeddings extracted from
pre-trained neural networks for auxiliary tasks. Following the same approach, we use
embeddings extracted from raw waveform based CNNs trained for two different tasks,
(a) breathing pattern estimation (BPE) and (b) phoneme recognition (PHR). Embeddings
extracted from these networks have been used previously in Chapter 4 for various speech
related tasks.

For analysis, we further explore the effect of using physiological data, such as ECG signals,
to enhance the detection of hypoglycemia. Additionally, we examine the methodology we
developed in Chapter 6 to estimate heart rate from speech signals in different glycemic states.

7.3 Experimental setup

In this section, we first describe the data collection procedure. The speech features extracted
and the experimental protocol is followed by the classification models used in our experiments.

97

eGeMAPs feature-based system

Chapter 7. Hypoglycemia and speech

7.3.1 Data collection

The database referred to as HypoVoice was collected at the University Clinic for Diabetology,
Endocrinology, Nutritional Medicine and Metabolism (UDEM), Insel Hospital, Bern, Switzer-
land. Ethical approval for the study was granted by the Cantonal Ethics Committee of Bern
(KEK-BE: 2022-01142). The database includes simultaneous recordings of speech and phys-
iological signals from 6 patients with type 1 diabetes (3 men and 3 women) in a controlled
clinical environment. Data collection was performed under both euglycemic (normal blood
glucose levels) and hypoglycemic (low blood glucose levels) states and is annotated with
gold-standard BG levels. In the following, we describe the data collection procedure.

7.3.1.1 Inclusion and exclusion criteria

We asked individuals with type 1 diabetes to participate in our study. They were native speakers
in German or Swiss German, aged between 21 – 60 years, with an HbA1c→9.0%, and using a
Continuous Glucose Monitorin (CGM) system with either multiple daily injections, insulin
pump, or hybrid closed-loop insulin therapy. Key exclusion criteria included contradictions to
the insulin used to induce the controlled hypoglycemic state; pregnancy or breast-feeding;
severe organ dysfunction; cardiovascular or cardiac disease; epilepsy or seizure disorders;
drug or alcohol abuse; chronic neurological or ear-nose-and-throat (ENT) disease influencing
voice; history of voice disorder; illiteracy; dyslexia; active smoking; or medication known to
interfere with voice. 6 individuals were selected to participate in the study.

Figure 7.2 – Data collection procedure.
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Main study (16 subjects)

AUROC: Area under ROC curve
AUPRC: Area under precision-recall 
curve
BACC: Balanced accuracy
MCC: Matthew’s correlation 
coefficient
F1: F1 score
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Segmental-approach validation (2)

task AUROC AUPRC BACC MCC F1 Sensitivity Specificity

Read aloud 
(utterance based)

0.97 ± 0.06 0.96 ± 0.08 0.96 ± 0.06 0.93 ± 0.12 0.96 ± 0.06 0.96 ± 0.08 0.97 ± 0.09

Read aloud 
(syllable based)

0.78 ± 0.1 0.77 ± 0.11 0.73 ± 0.11 0.45 ± 0.21 0.74 ± 0.1 0.74 ± 0.1 0.72 ± 0.11

DDK 
(utterance based)

0.9 ± 0.17 0.91 ± 0.16 0.89 ± 0.14 0.79 ± 0.27 0.89 ± 0.13 0.88 ± 0.15 0.9 ± 0.17

DDK 
(syllable based)

0.8 ± 0.14 0.78 ± 0.12 0.76 ± 0.12 0.53 ± 0.23 0.76 ± 0.12 0.78 ± 0.13 0.76 ± 0.1
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Speech-based heart rate estimation (1)

Figure 1: Training pipeline for predicting BPM and HRV values from knowledge-based and data-driven speech representations.

subjects (49 Females and 20 Males) performing free speech
tasks following the Trier Social Stress Test (TSST) protocol
[20]. Multiple physiological signals such as ECG, BPM, respi-
ration (RESP), and EDA were captured during the speech tasks
at a sampling rate of 1 kHz. This dataset was originally used to
study emotions (i.e., arousal and valence) of people in stressful
dispositions. However, in this paper, we are only interested in
the recorded heart activity (ECG).

2.2. Data Preprocessing

The utterances were originally acquired with 6 channels. We
select the channel that featured the highest loudness (the first
channel). Then, we re-sample all mono-channel utterances to
16 kHz and standardize them. Subsequently, we chunk the data
into clips of varying window sizes ranging from 3 to 5 seconds
with a hop size of 500 ms. The ECG signals are preprocessed
using NeuroKit package 1. BPM is computed from the ECG
signal using the same package. Then, for each audio clip, we
extract the corresponding ECG signal and compute HRV. Lastly,
we compute the average value for BPM and HRV for each clip
to have one value per audio sample/clip.

2.3. Speech Feature Extraction

We compared the performance of knowledge-based features
against speech representations generated from a pre-trained
self-supervised model.

Knowledge-based: We use openSMILE [21], an open
source toolkit for extracting low-level descriptors from audio
utterances. We extract two commonly-used feature sets from
openSMILE, namely eGeMAPS (88 features) [22] and Com-
ParE (6373 features) [23].

Data-driven: We use Hybrid BYOL-S model [2], a self-
supervised model derived from Bootstrap Your Own Latent
(BYOL-A) learning framework [24]. BYOL-A learns general-
purpose audio representations from juxtaposing two augmented
views of a single input utterance. The two augmented views are
fed to two networks, an online and a target network. The task
objective involves the online network predicting the generated
representations from the target network. The new variant of
BYOL-A (i.e. Hybrid BYOL-S) is a speech-specific derivation
that trains the online network to predict data-driven representa-
tions from the target network as well as knowledge-based rep-
resentations (ComParE features) simultaneously yielding robust
speech embeddings of size 2048. We selected Hybrid BYOL-S

1https://neuropsychology.github.io/NeuroKit/
functions/ecg.html

due to its superior performance on multiple audio downstream
tasks [25] as part of the HEAR 2021 challenge [17].

2.4. Evaluation Pipeline

We evaluate the performance of the three feature sets to predict
BPM and HRV. To examine the generalizability of the meth-
ods to various speakers, we create two data splits, one speaker-
independent split where we used 70% of the speakers (N=48)
for training and hold out 30% (N=21) for testing. The second
split is speaker-dependent in which we keep 70% of the clips
for each speaker in the training set and the remaining clips per
speaker are evaluated. Additionally, we train speaker-specific
regression models for each speaker where the model is only
trained on data samples from one speaker and these samples
are split into 70% and 30% for training and testing, respec-
tively. For each experiment, multiple regressors are used such
as Ridge regression, Random Forrest (RF), Gradient boosting
tree (GBT), and multi-layer perceptron (MLP). We run a grid-
search for hyperparameters that are model-specific. In case of
speaker-independent, we run a 5-fold group shuffle split where
speakers in the training set were further divided into train and
validation sets (70% and 30%, respectively). Thus, ensuring
that the validation set includes unseen speakers during train-
ing with cross validation. On the other hand, when running
speaker-dependent experiments, we use a 5-fold time series split
where the training samples for all speakers are split into train
and validation (70% and 30%, respectively) while considering
the temporal dependency between the data samples. Lastly, for
speaker-specific, we train regression models on data samples
from a single speaker using 5-fold time series split as well. Af-
ter training the regression models, we report performance on a
held out test set using coefficient of determination (R2) score as
well as Pearson’s correlation coefficient, as illustrated in Figure
1.

3. Results & Analysis

Figure 2 illustrates the performance of candidate speech rep-
resentations on predicting BPM and HRV under two different
speaker conditions for unseen test sets; speaker-dependent and
speaker-independent protocols. We report the R2 and Pearson’s
correlation between the predicted and the ground truth. The
plotted distributions highlight the performance across differ-
ent regressors, targets (i.e., BPM and HRV), and window sizes
(i.e., 3, 4, and 5 seconds). We show that Hybrid BYOL-S out-
performs knowledge-based features in a speaker-dependent set-
ting. Whereas, all representations perform equally poorly in the

Figure 2: Performance of different speech features in both speaker conditions. The reported distributions show the evaluation across
multiple regressors and window sizes as well as the performance for predicting both targets (i.e. BPM and HRV).

speaker-independent setting. This result highlight the limita-
tions of generalizability of speech features for this downstream
task.

Moreover, we study the effect of context window duration
on performance. Figure 3 shows that increasing the window
size improves performance in all feature candidates. This figure
reports the Pearson’s correlation on a speaker-dependent test set
using GBT (best-performing regressor) for both targets. Impor-
tantly, we observe significant improvement between 3 sec win-
dow and 4 sec window while between 4 sec and 5 sec duration
performance is relatively overlapping.

Figure 3: Performance of different speech features with varying
context window duration. The reported distributions show the
evaluation using speaker-dependent and GBT regression model
for predicting both targets (i.e., BPM and HRV).

Figure 4: Predictions from GBT model using Hybrid BYOL-
S features with 5 sec window size. Predictions are shown for
speakers 52, 13, and 46, respectively.

Given the discrepancy between both speaker-related proto-
cols, we further train regression models on data samples from
a single speaker resulting in building a model per speaker (i.e.,
speaker-specific protocol). Figure 5 demonstrates the high vari-
ability in performance across a randomly selected sample of 20
speakers. In this figure, we report the Pearson’s correlation eval-
uated on Hybrid BYOL-S to predict BPM and HRV across dif-
ferent window sizes.

We further plot the predictions from three speakers; the
speaker exhibiting the lowest correlation (i.e., speaker 52),
the speaker with the highest positive correlation (i.e., speaker
46) and the speaker with the highest negative correlation (i.e.,
speaker 13), as shown in Figure 4. This figure provides insights
regarding the model’s ability to capture the variability within a
single speaker.

Furthermore, we opted to pinpoint the salient acoustic fea-
tures for predicting heart activity. Thus, we perform feature im-
portance on the trained GBT regression model using eGeMAPS
and ComParE features. Figure 6 shows the top 10 features for
each feature set that contribute to predicting both BPM and
HRV. The feature importance is computed from the best esti-
mator and ranked accordingly.

4. Discussion & Conclusions

In this paper, we studied the robustness of acoustic and data-
driven features to predict heart activity parameters. We showed
that Hybrid BYOL-S, a self-supervised model, outperformed
acoustic features on this downstream task. This finding aligns
with previous work showing the feasibility of using speech rep-
resentations as predictors for heart activity [6, 14]. Addition-
ally, we highlight the significance of leveraging data-driven, in
particular SSMs, representational spaces for better predictive
power.

Nevertheless, we noticed that all features performed equally
poorly in the speaker-independent protocol as shown in Figure
2. This result exposes the limitations of these features and their
sensitivity to inter-individual variability confirming the work
done in [4]. Importantly, this dataset was originally collected to
study speech as a biomarker for stress. Accordingly, one might
hypothesize that the high variability in heart activity might have
been a consequence of variability in stress response across in-
dividuals. Hence, the inability of models to generalize across
speakers. Thus, it is crucial for future work to consider emo-
tional states and cognitive aspects as confounding variables for
predicting heart activity from speech. We further observe vary-
ing correlation scores when training models on a single speaker

Predicting Heart Activity from Speech using Data-driven and Knowledge-based features, Gasser Elbanna, Zohreh Mostaani and Mathew Magimai-Doss, in: Proc. of Interspeech, 2024 
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Chapter 7. Hypoglycemia and speech

Figure 7.9 – The estimated error for systems trained on only euglycemia or hypoglycemia, as well
as system trained on both set of data for speaker 102.

5 seconds as input features and trained four regression models, namely Ridge regression,
Random Forrest (RF), Gradient boosting tree (GBT), and multi-layer perceptron (MLP) as
described in Section 6.3.5. We followed the speaker specific protocol presented in Section 6.3.4
for training our models meaning we train a different model for each speaker. The Read speech
task is chosen for this analysis.

Two training scenarios are considered: (a) a model trained solely on euglycemic data, evaluated
on both euglycemic and hypoglycemic conditions, and (b) a model trained exclusively on
hypoglycemic data, evaluated similarly. The training data includes two sessions from each
condition, while the evaluation data consists of one session from each condition. We examine
the distribution of the error in these scenarios. Additionally, for each speaker, we train a model
on data from both euglycemic and hypoglycemic states and evaluate it on the same evaluation
data as before. We visualize the distribution of the estimated heart rate in this case.

Figure 7.9 presents the results for speaker 103. In this case, the ground truth heart rates
are well separated between the two conditions which is also reflected in the performance
of the previously presented classifier on the IBI features (see Figure 7.7). It can be seen that
the error distribution is also well separated between the two conditions. This indicates that
the models trained for estimating heart rate from speech signals are indeed able to capture
relevant cardiac activity information. When the model is trained on both conditions, it is able
to model the distribution of the heart rate in both conditions.
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7.6 Conclusion

Interestingly, it can be observed that the heart rate estimation models are also behaving in
a speaker dependent manner. They are dependent on the ground truth heart rate that is
provided for them. For example, for speaker 104, presented in Figure 7.10, there is not a
significant difference in the ground truth heart rate between the two conditions, resulting
in low classification performance with IBI features ( see Figure 7.7). This is also reflected in
the error distribution of the estimated heart rate error when the models are trained on one
condition as well as the estimated heart rate when the model is trained on both conditions.

Figure 7.10 – The estimated error for systems trained on only euglycemia or hypoglycemia, as well
as system trained on both set of data for speaker 104.

These findings can be considered as a fist step for validating our methodology for estimating
cardiac activity information from speech signals, emphasizing its potential applications within
medical settings.

7.6 Conclusion

In this chapter, we studied the potential of using speech signals to detect hypoglycemia in
individuals with type 1 diabetes. We introduced a novel dataset that includes both speech and
ECG signals collected from participants in euglycemic and hypoglycemic states in a clinical
setting. The participants were asked to perform four speech tasks, namely Sustained vowel,
Read speech, Diadochokinetic (DDK), and Picture description. A variety of knowledge-based
and data-driven features were extracted from the speech signals, and the performance of
multiple classifiers was evaluated across four distinct tasks. Additionally, employed our ex-
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Speakers from pilot study
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