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ABSTRACT 
The focus of multimodal emotion recognition has often been on the 
analysis of several fusion strategies. However, little attention has 
been paid to the efect of emotional cues, such as physiological and 
audio cues, on external annotations used to generate the Ground 
Truths (GTs). In our study, we analyze this efect by collecting six 
continuous arousal annotations for three groups of emotional cues: 
speech only, heartbeat sound only and their combination. Our re-
sults indicate signifcant diferences between the three groups of 
annotations, thus giving three distinct cue-specifc GTs. The rele-
vance of these GTs is estimated by training multimodal machine 
learning models to regress speech, heart rate and their multimodal 
fusion on arousal. Our analysis shows that a cue(s)-specifc GT 
is better predicted by the corresponding modality(s). In addition, 
the fusion of several emotional cues for the defnition of GTs al-
lows to reach a similar performance for both unimodal models and 
multimodal fusion. In conclusion, our results indicates that heart 
rate is an efcient cue for the generation of a physiological GT; 
and that combining several emotional cues for GTs generation is 
as important as performing input multimodal fusion for emotion 
prediction. 

CCS CONCEPTS 
• Human-centered computing → Collaborative and social com-
puting. 
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1 INTRODUCTION 
The conscious perception of one’s emotional state is pivotal not 
only for a sense of belonging and well being, but also for rational 
decision-making [40]. Hence, building computers that can recog-
nize and express afect and consequently interact efciently with 
humans can help not only to enhance the emotional experience but 
also the quality of life. 

As addressed by the appraisal theory of emotion [48], emotion 
is an event-focused, two-step process consisting of: 1) relevance 
based emotion elicitation mechanisms that 2) share emotional re-
sponse at the four levels as shown in Figure 1. In their work [42], 
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Figure 1: Illustration of the processes involved during the 
emotion elicitation according to the Appraisal theory of emo-
tion [42] (permission granted by the authors, Eva R Pool and 
David Sander). 

Eva R Pool and David Sander explain how these four levels can be 
measured. The autonomic level can be measured with peripheral 
physiological signals such as heart rate and skin conductance. The 
action tendency can be measured by recording eye movements 
towards outcome. At an expression level, emotion response can 
be measured via facial expressions and speech. And fnally, the 
subjective feelings can be estimated via ratings of intensity and 
pleasantness of the stimuli. By leveraging the multi-level aspect of 
the emotional response, multi-modal emotion recognition (MER) 
systems make use of several signals like facial videos, speech, gaze, 
and physiological activity to make accurate predictions of the sub-
jective feeling. However, to build such systems using supervised 
machine learning algorithms, we need a large quantity of labelled 
training data. 

The subjective feeling can be measured efectively via three 
dimensions of arousal, valence, and dominance ratings [2, 47]. Ac-
curate estimates of these ratings are critical as they represent the 
Ground Truth (GT) for the Machine Learning (ML) based emotion 
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recognition systems. As a common practice in afective computing, 
these estimates are collected with the help of external annotators 
by showing videos of participants’ facial expressions and speech. 
This strategy relies on the natural process of interpreting others’ 
emotions using diferent social cues such as their facial expressions, 
speech, hand gestures and body movements [27]. In their study 
elucidating social signal processing, Marc Mehu et al. [35] difer-
entiate between social signals and social cues. While social signals 
have evolved explicitly to communicate the state of an underlying 
process, social cues are subjected to receiver’s own interpretation 
and perception. 

Relying on social signals and cues can sufer from several limita-
tions. Firstly, the ratings provided by the annotator only account 
for the perceived emotion which can be biased by the annotator’s 
background, social environment and emotional state. Moreover, the 
social cue, in itself can plausibly result in a diferent interpretation 
of the underlying emotion. Hence, it may or may not be equivalent 
to the subject’s subjective feeling. Secondly, it is known that while 
perceiving emotions in a multi-sensory setting, the annotators tend 
to pay more attention to a particular cue [51]. For instance, if it 
is assumed that between facial and speech cues, more attention is 
paid to the speech cue for annotating, then it is plausible that the 
MER performance with or without the signal corresponding to the 
more attended cue (in our example, the speech signal) is diferent, 
probably higher for speech. This would render the other modalities 
less efective for MER systems. 

This calls for a systematic study of the efect of social signals and 
cues on the defnition of GT. In addition, if several social signals 
can generate diferent GTs, there is a need to study how they can 
be predicted by several modalities and their fusion. 

Specifcally, the contributions of this paper are as follows: 

(1) Estimations of perceived arousal are obtained by using audi-
tory feedback of heart rate as a social cue and its efectiveness 
for GT estimation is demonstrated. 

(2) Arousal annotations are collected from three groups of social 
cues: speech only, heartbeat sound only, and speech with 
heartbeat sound, thus producing three GT sets. 

(3) The annotations were analyzed to validate that: 
(a) the annotations obtained from the diferent cues are dif-

ferent from each other. 
(b) inter-rater agreement is similar for the annotations ob-

tained from diferent social cues. 
(4) We run unimodal and multimodal regression models based 

on Support Vector Regressor (SVR) [1] to predict the three 
GT sets to estimate the impact of the presented social cues 
(speech and heartbeat) on the classifers performance. 

2 RELATED WORK 
To understand the interplay of various modalities used for MER, 
there are several studies highlighting various fusion strategies [7]. 
Yuxuan Zhao et al. [55] make use of EEG, ECG and GSR signals 
from DEAP [23] and AMIGOS [38] databases to train deep neural 
networks to classify afective states in the four quadrants formed by 
the arousal-valance dimensional scale. They demonstrate a superior 
performance when employing a biologically inspired decision level 
fusion method for emotion classifcation. Asif Iqbal Middya et al. 

[37] use the audio and visual recordings from RAVDESS [31] and 
SAVEE [19] datasets to train CNN-LSTM based deep networks to 
classify emotion on a discrete scale. They employ model level fusion 
in which features learned from the individual modalities separately 
are thereafter concatenated to classify emotion. 

The training of machine learning models for MER necessitate the 
acquisition of an emotional ground truth. To construct the ground 
truth, the labels can be predetermined before emotion elicitation 
e.g., by showing labelled set of images or videos. AMIGOS [38] 
is one such dataset in which emotions are induced by showing 
emotional movie excerpts. However, such labels do not encom-
pass the real-world dynamics. To overcome this challenge, many 
datasets have been developed in a naturalistic and spontaneous 
emotion inducing settings [50]. To estimate the ground truth for 
such datasets, two common strategies are used: 1) self-reports in 
which participants themselves report on the felt emotions during or 
after the experiment, and 2) external annotations wherein annota-
tors provide their estimation of the perceived emotion using social 
cues. The latter has more preference for in-the-wild datasets such 
as RECOLA [45], the OMG-emotion behavior dataset [4], MOSI 
[54]. Such datasets truly encompass the real-world dynamics as 
they record videos from social media platforms, movies and reality 
TV shows. Since they are collected in uncontrolled environment, 
they are most difcult to predict as well [24]. So far, the social 
cues shown to the annotators are limited to facial expressions and 
speech. 

Shun Katada et al. [22] employs Multimodal Sentiment Estima-
tion using the multimodal chat-dialog corpus Hazumi1911 [21]. 
The dataset is annotated by 1) participants themselves and by 2) 
external annotators using participants’ linguistic, speech and fa-
cial information to estimate sentiment. Unimodal and multimodal 
machine learning based models were trained to recognize both self-
reported and externally annotated ground-truth using linguistic, 
physiological, audio and visual features. Results demonstrate that 
physiological signals were better to predict self-reported annota-
tions while speech performed better on external annotations. 

Kosmos et al. [41] explore multimodal interaction for arousal 
estimation using the RECOLA dataset [45] which contains multi-
modal recordings in a naturalistic dyadic interaction settings. The 
dataset is externally annotated using two social signals: partici-
pants’ speech and facial videos. Results indicate that the machine 
learning models achieve the highest accuracy for the audio modal-
ity. Additionally, when physiological signals are considered, there 
is no performance gain as compared to the baseline models. 

A similar efect can be seen in several studies. For multimodal 
datasets in which ground truth (GT) is collected via self-reports, 
performance of physiological signals either is comparable to the 
other audio/visual modalities or its addition helps to boost the 
performance [10, 12]. Whereas, it makes no to marginal diference 
for datasets in which GT is collected via external annotators [39, 43] 
using participants’ facial and audio information. The noteworthy 
point is that none of the datasets make use of heart rate for to 
establish GT. 

One own’s afect state can be experienced by oneself. Moreover, 
there is strong theoretical evidence for a positive association be-
tween interoceptive accuracy and emotion recognition. This is con-
frmed by empirical fndings from psychological studies which used 
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heartbeat perception task as a measure of interoception accuracy 
[13, 14, 30, 49] while also revealing that this relationship is complex. 
Whether inherent interoception capabilities can be extended to in-
fer others’ emotions using feedback from their heart rate remains 
an open and under-researched question. Joris H. Janssen et al. [20] 
probes this possibility and found that people relate increases in 
heart rate to increases in emotional intensity. 

Considering the fndings reported above, we put forth our re-
search questions: 
RQ1 - Can heart rate feedback be used as a social cue to annotate 

arousal? 
RQ2 - Do diferent social cues induce a diference in the annotators’ 

perception of arousal, thus giving diferent GT sets? 
RQ3 - Does the multimodal and unimodal emotion recognition 

performance difer for those GT sets? 

3 METHODS 
This section describes the methodology adopted for the experimen-
tal protocol, the annotations analysis and the Machine learning 
models employed to predict arousal. 

3.1 Dataset 
For the purposes of our study, we use the EATMINT database [8]. 
It contains multimodal and synchronous recordings of 30 remote 
dyadic interactions including electrocardiograms (ECG), electroder-
mal activity, blood volume pulse, respiration, skin temperature, eye-
movements, facial expressions, speech signals, French transcripts 
of the conversation, and screen recordings of the collaborative task. 
Each dyad had to collaborate for more than 30 minutes to design a 
slogan against violence at school using the Drew software. Drew 
[8] is a collaborative environment which allows to build argumen-
tative graphs to discuss ideas and reach a consensus. Since the data 
is recorded in collaborative dyadic interaction settings, it allows 
for naturalistic and spontaneous emotion emergence. Although 
participants in the EATMINT experiment had to report their emo-
tions sporadically during and after the interaction, there are no 
continuous annotations available for this database. 

3.2 Experiment protocol 
In order to analyze the efect of several social cues on annotations 
we collected estimations of arousal levels for the frst 10 minutes 
of EATMINT interactions. We have used only the frst 10 minutes 
to keep our crowdsourcing experiment short and engaging, while 
also allowing the annotators to follow the interaction from the 
beginning. More specifcally three groups of videos representing 
the dyadic interaction were created for the annotation purposes. 
Each group of videos contained common contextual information 
and specifc social cues: speech, heartbeat sound, and a combination 
of both. 

For our study, we make use of speech and ECG signals. While 
it is a standard practice to use speech for collecting annotations, 
this study proposes to use heartbeat sounds as social cues. We 
chose to provide auditory feedback of heart rate to compare two 
audio cues and avoid cross-modalities efects. We have focused on 
the estimation of time-continuous perceived arousal as previous 
studies have shown that both physiological signals and speech 

Table 1: Properties of S1 and S2 heart Sounds 

Sound Duration Amplitude Scaling Frequency band 

S1 0.11s 1 10-100 Hz 
S2 0.07s 0.6 120-250 Hz 

can be predictive of arousal [33, 53], while physiological signals 
are often less efcient to predict valence [6]. Before we can use 
the signals to construct group specifc cues, we apply several pre-
processing steps. 

Since we are not interested in studying dyadic interactions, we 
treat each EATMINT participant independently. Thus for every 
participant following two strategies are employed to minimize 
cross-speaker traces. Firstly, speech is cleaned by removing back-
ground noise using fmpeg1. We pass the audio through the aftdn 
flter (nf=-25:nr=50). The parameters are chosen empirically by 
visual inspection of the signals. This frst fltering is followed by a 
band-pass flter with cutof frequencies between 200 Hz and 3000 
Hz. Secondly, using exact timestamps from transcripts, the speech 
signal is silenced for the time duration when the other speaker is 
talking. All the speech signals are then normalized for loudness us-
ing Audacity’s Loudness normalization efect with default settings. 
The signals are sampled at 22050 Hz . 

To give the participants a natural feel of the heartbeat sound, 
we decided to synthesize the S1 and S2 sounds from the ECG sig-
nal. The S1 and S2 sounds are the main components of the heart 
sounds [34] and are colloquially referred to as the “lub-dub” heart 
sound. Technically, S1 occurs when the tricuspid and mitral valves 
close marking the beginning of systole and S2 occurs when aortic 
and pulmonary valves close thus marking the end of systole and 
beginning of diastole. As per the literature [11, 15, 34], the S1 is 
longer, louder, and occurring in a lower frequency band than S2. 
The parameter selections for synthesizing S1 and S2 sounds are 
detailed in Table 1, drawing from the literature. The time duration 
between the sounds S1 and S2 is taken to be 0.287 secs based on 
the fndings of [34]. 

As a frst step, heart rate is computed from the ECG Signals. 
This is achieved by performing RR peaks detection employing the 
algorithm proposed by P. Hamilton [18] using BioSPPy2 toolbox. 
The R-peaks are further corrected using median fltering algorithm 
based on two parameters, steps and threshold. For a current Inter-
Beat-interval (IBI), median value of the steps number of IBIs pre-
ceding and following the current IBI is calculated. If the current 
IBI exceeds threshold times the calculated median IBI, then equally 
spaced IBIs are inserted. The duration of the newly inserted IBIs is 
kept same as the median IBI. Care is taken to keep the shortest IBI 
above 2 ms. The values of the steps and threshold used are 4 and 1.7, 
respectively, which were empirically determined through visual 
inspection of the R-peaks. 

These R-peaks are then converted to wav format following the 
procedure described below and illustrated in Figure 2. 

(1) We start with synthesising white noise by drawing random 
samples from a normal distribution. 

1https://fmpeg.org/
2https://pypi.org/project/biosppy/ 
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(2) The white noise is then fltered separately for S1 and S2 
based on the respective characteristics of Table 1. 

(3) The fltered white noise is passed through the hanning win-
dow. 

(4) As the original sampling rate of ECG signal is 512, the sam-
pling rate of fnal wav sound is kept at 512*17 = 8074 Hz. 
At this sampling rate, we construct a dirac like time-series 
having unitary values for indices exactly where an R-peak 
occurred for S1. For S2, the time-series is constructed using 
shifted R-peaks by 2500 samples or 0.28 s to account for the 
time duration between S1 and S2 sounds. 

(5) The respective dirac like time-series is convolved with the 
respective windowed and fltered white noise for S1 and S2. 

(6) Finally, the convolved S1 and S2 signals are concatenated on 
the time-axis. 

(7) Using the signal above, heart rate sounds are recorded in a 
mono wav fle with sampling rate 8704 Hz. 

Figure 2: Steps for heart rate sonifcation 

Using the two speech and heartbeat sound cues derived from the 
participant’s speech and ECG signals, we construct the following 
three groups of social cues: speech only, heartbeat sound only, both 
speech and heartbeat sound. The speech and heartbeat sound is 
combined using fmpeg amerge flter with a stereo output balanced 
in both ears. 

As mentioned above, we treat each EATMINT participant in-
dependently. Consequently, the speech and heartbeats of the par-
ticipant’s partner are not added in the stimuli to ensure that the 
annotations diferences are only due to the social cues of the studied 
participant. Nevertheless, subtitles of the whole conversation (i.e. 
transcripts of both dyad members) are provided to the annotators 
in all conditions. In addition, a video of the participant’s screen is 
included in the stimuli so that annotators can obtain information 
about the arguments and actions of the dyad. Adding subtitles and 
a video of the screen are considered to be contextual information 
necessary for the understanding of the dyadic interaction. 

Finally, for each participant and group, we combine the group 
specifc cues (speech, heartbeat sound or both) and contextual infor-
mation in a video representing the frst 10 minutes of the interaction. 
Dummy screens representing the three conditions of the experi-
ment are shown in Figure 3. To overcome the annotator specifc 
bias, each video is annotated by 6 diferent annotators for each 

condition. Thus, in total for each EATMINT participant, we col-
lect 18 annotations (3 conditions * 6 annotators). An annotator 
is neither repeated across videos nor conditions. Because of the 
large number of annotations, we used two crowd-sourcing plat-
forms: Prolifc3 and Toloka4 to invite the annotators for our study. 
The only participant selection criterion used is fuency in French 
language to understand the conversations of the EATMINT partici-
pants. From the 450 annotators data (25 * 6 * 3), we can summarize 
demographic statistics of 439 annotators as some of the annotator 
revoked their consent to share demographic information. The age 
of the participants ranges from 19 to 69 (median age 27). For all the 
three conditions, the interquartile range for age (heartbeat sound: 
10, speech: 8, combined heartbeat sound and speech: 11) is similar. 
Participants are recruited from 51 diferent countries with France 
being the most frequent, accounting for 31 percent. 

To obtain time-continuous annotation for arousal, we used PA-
GAN [36] which is an online platform for collecting continuous 
dimensional afect annotations. Specifcally, we used RankTrace 
interface (Figure 4) provided by PAGAN as this is shown to induce 
better inter-rater agreement than the GTrace and BTrace [36]. Be-
fore the main task is started, thorough knowledge of arousal and 
clear instructions are provided. This study has received approval 
from the ethical committee of the University of Geneva, and partic-
ipants gave their consent for participation in the study and the use 
of the recorded data. 

Figure 3: Representations of the screens for the three condi-
tions of the experiment. 

Figure 4: Screenshot of the RankTrace interface used for 
continuous annotations in the PAGAN [36] platform 

3.3 Annotation analysis 
3.3.1 Post processing of annotations. To synchronize the unevenly 
sampled annotations provided by diferent annotators, annotations 
are interpolated at a frequency of 100 Hz by using a forward fll 
3https://www.prolifc.co/
4https://toloka.ai/ 
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method: the value at a given timestamp in the re-sampled time-
series is equal to the value of the closest previous timestamp in 
the original series. To account for variation in human annotators, 
the data from each annotator is re-scaled in the range [0, 1] using 
min-max normalization. 

3.3.2 Inter-rater agreement. To answer our RQ2 we want to analyse 
whether there are diferences between the annotations obtained 
from the diferent social cues. Firstly, we need to defne an index 
that can be used to quantify the diferences. Within the framework 
of the studies, inter-rater agreement (IRA) is defned as the extent 
to which ratings are identical [16]. Many indices are usable such 
as Krippendorf’s alpha [25], the Intraclass Correlation Coefcient 
(ICC) [5] and the Concordance Correlation Coefcient (CCC) [28] to 
measure IRA. A lower value of such an index would indicate lesser 
agreement and hence more diferences. Concordance correlation 
coefcient (CCC) is a statistical measure which can be used to 
assess the agreement between the two sets of continuous ratings 
made by diferent raters. By measuring the variation from the 45 
degree through the origin, it accounts for both the the precision 
(degree of variability) and the accuracy (scale or location shift) 
[3, 28]. Lawrence et al. [28] also provides a modifed version of 
CCC which can be used for more than two variables. We have 
further adapted the formula as advised in [29]. The Concordance 
Correlation Coefcient, �� for � annotators is given by: Í� −1 Í� 2 �=1 �=�+1 �� � 

�� = � (1)Í� −1 Í� �� − � � 
�2 + (� − 1) Í 

�
� 
=1 �

2 
�=1 � =�+1 � 

where �� � is the covariance between the annotations of partici-
pants � and � , �� and �� are the mean and variance of participant 
� , respectively. This form gets reduced to CCC for two variables 
when we substitute � = 2 in equation 1. We have used the biased 
estimate of CCC. 

CCC is preferred over other indices mentioned above as for ICC 
ANOVA assumptions need to be met whereas CCC provides more 
usage freedom as it is defned with less assumptions [9]. Moreover, 
ICC is closely related to CCC [9]. Krippendorf’s alpha [26] can 
be used, however, its estimation is based on the units of analysis 
which can explode quickly for a continuous variable. Furthermore, 
its estimations require pairwise calculations to obtain coincidences 
within units thus making it computationally difcult. 

Secondly, to qualify the diferences between the annotations for 
the three conditions, we need a reference level to which we can 
compare the overall between conditions agreement score and draw 
relevant conclusions. Hence, we are also interested in calculating 
agreement among annotators within each condition. If for each 
condition, the agreement among the annotators within that con-
dition is higher than the overall between conditions agreement, 
then it can be said that the annotations for the three conditions are 
diferent from each other. 

Thirdly, to compute CCC, we need a systematic methodology 
that allows for a fair comparison of the between and within condi-
tions agreement. As will be explained in section 3.4 below, for each 
condition we have averaged annotations across the six annotators 
to obtain an unique time-series which is representative of ground 
truth for that condition. Since the Machine learning analysis is run 

on these averaged estimates, it is important that we assess the dif-
ferences among these averaged annotations. Moreover, averaging 
allows for de-noising the signals and reducing annotators bias. To 
compute the overall between conditions agreement, one can sim-
ply compute CCC for the three averaged time-series, one per each 
condition, using Equation 1. Similarly, to compute the agreement 
within the annotators of a given condition, the formula given in 
Equation 1 can be used directly to compute CCC. One potential 
limitation of this approach is that it can overestimate agreement 
between conditions because it incorporates the averaging efect, 
which reduces the annotators’ variability. Consequently, we came 
up with a procedure which maintains this variability in a compara-
ble manner by allowing for averaging equal number of annotators 
while computing agreements at the two levels. The methodology is 
described below. 

To compute inter-rater agreement between conditions, for each 
of the three conditions, we frst sample three diferent annotators 
from from the six annotators belonging to that condition. Thereafter, 
the annotations are averaged across the three annotators within 
a condition to obtain an unique time-series per condition. Lastly, 
using Equation 1, CCC is computed for the three time-series. This 
procedure is repeated for all possible combinations of selecting 
three diferent annotators from three groups of 6 annotators each to 
accommodate for the efect of all the annotators. As a fnal step, the 
inter-rater agreement score is averaged across all the combinations. 

To compute inter-rater agreement among the annotators within 
a given condition, we start by sampling three diferent annotators 
from the 6 annotators belonging to that condition thus generating 
two sub groups of 3 diferent annotators each . For each sub-group, 
annotations are averaged across the three annotators to obtain a 
unique time-series per sub-group. Lastly, using Equation 1, CCC 
is computed for the two time-series. This procedure is repeated 
for all possible combinations of choosing 3 annotators from the 
six annotators belonging to a given condition. As a fnal step, the 
inter-rater agreement score is averaged across all the combinations. 

Finally, to assess if agreement is signifcantly diferent for within 
and between levels, we performed paired t-test independently for 
each condition. 

To answer our RQ1, we analyze if the inter-rater agreement 
score is diferent for the three groups of annotations. Here, we 
want to compare the agreement scores obtained for each of the 
three conditions. To do so, we compute within group inter-rater 
agreement score as described above. We then performed one-way 
repeated measures ANOVA to determine whether the mean inter-
rater agreement scores are signifcantly diferent between the three 
groups of annotations. If the agreement score is similar for all the 
three social cues, then it can mean that the annotators were able to 
interpret each of the social cues similarly. 

3.4 Machine learning (ML) analysis 
This section describes the methodology adopted to study the third 
research question RQ3. Since our focus is on comparing perfor-
mances, we use a baseline ML algorithm: Support Vector Regressor 
(SVR) [1] to predict perceived arousal. Literature review reveals SVR 
as a reliable choice for continuous arousal recognition [44]. As we 
ran 9 models for each of the 25 participants as explained below, SVR 
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being memory efcient converged faster and saved long training 
time typical of deep architectures. We use the Radial Basis Function 
kernel and a unitary value for the regularization parameter. The 
following models are trained using features from three groups of 
modalities to predict each of the three GT sets individually: 1) a 
unimodal model with speech only, 2) a unimodal model with heart 
rate only, and 3) a multimodal model with speech and heart rate. 
Thus, in total we run 9 models for each leave-one participant out 
iteration. The performance of the models is measured by computing 
Concordance Correlation Coefcient (using equation 1) between 
the ground truth and predictions. 

3.4.1 Feature extraction. We compute hand-crafted features for 
both modalities: speech and heart rate. We perform leave-one par-
ticipant out cross validation to generate training and test sets. Both 
signals are segmented using 10 sec overlapping windows with 20 
percent overlap for the train set and no overlap for the test set. 

The speech signals are down sampled to 16 kHz to reduce pro-
cessing times. To minimize speaker level biases, signals are min-max 
normalized in the range from -1 to 1 before segmentation. Using 
librosa5, the following features are extracted for segmented win-
dows: 12 mfcc coefcients, 20 chroma-STFT coefcients, spectral-
rollof, spectral-bandwidth, 7 spectral-centroid coefcients, spectral-
contrast, spectral-fatness, zcr and rms. The settings for FFT window 
size, n-ft are kept as 256 and hop length as 128. Finally, statisti-
cal moments (mean, argmax, argmin, maximum, minimum, range, 
standard deviation, skew, kurtosis, frst quartile, second quartile 
and third quartile) are computed across time frames of a segmented 
window giving in total 540 features per time window (45 features * 
12 statistical moments). 

Using the same method as described in section 3.2, the R-peaks of 
the 512 Hz ECG signal are extracted for each segmented windows. 
We then perform time-domain analysis of the heart rate variability 
using neurokit [32], thus giving 23 features derived from the NN 
intervals. To train multimodal model utilising features from both 
speech and heart rate, we simply concatenate the features from 
the individual modalities thus giving 563 features (540 from speech 
modality and 23 from the heart rate.) 

3.4.2 Annotation merge Strategy. The post processing steps as de-
scribed in section 3.3.1 are applied to the annotations. Furthermore, 
to compute one GT sequence per participant and per social cue, it 
is required to merge the annotations of the six annotators. This is 
computed by using the Evaluator Weighted Estimator (EWE) since 
it has been shown that it produces more reliable ground truths than 
computing the mean by maximum likelihood estimation (MLE) [17]. 
With EWE the combined estimated arousal is weighted by a conf-
dence score computed for each annotator. The confdence score is 
computed as the correlation between the average annotations and 
the annotator specifc annotations. 

After merging the annotations a linear trend was observed in the 
resulting arousal time series. Since we are interested in capturing 
short-term emotional dynamics, linear detrending is applied us-
ing python library scipy6. The detrended time-series is once again 

5https://librosa.org/
6https://scipy.org/ 

scaled between the range 0 to 1 using min-max normalisation. Fi-
nally, the annotations are smoothed by applying rolling mean using 
a window size 10 seconds to match with the signal segmentation 
window length. The overlap settings are kept same as that for signal 
segmentation. Using the methods described above, we prepare the 
data for training. 

Finally, we perform two-way repeated measures ANOVA to as-
sess the efect of social cues used for constructing GTs and the train-
ing modality used for extracting features on the emotion recogni-
tion performance. Appropriate post hoc tests are carried out. Please 
note that all the statistical tests are checked for underlying assump-
tions of normality, the absence of extreme outliers, and sphericity. 
The signifcance level is kept at 0.05 and is adjusted accordingly 
when required. Unless stated otherwise, two-tailed tests are per-
formed. We also ft ANOVA model for a within subjects design using 
the afex7 package in R [46]. Using the model estimated marginal 
means we plot an interaction plot with 95% confdence intervals. 

4 RESULTS AND DISCUSSIONS 

4.1 Annotation analysis results 
4.1.1 Comparison of within conditions and between conditions agree-
ments: Using the methodology detailed in section 3.3, we compute 
the agreements at the two levels: within and between conditions. 
The results of the paired t-test are shown in Figure 5. It can be seen 
that for the heartbeat sound only condition, there was a signifcant 
diference in mean agreement between the annotators within the 
condition (M = 0.39, SD = 0.20) and the annotators across all the 
conditions (M = 0.28, SD = 0.15); t(24) = -3.3, p = 0.003. For the 
speech only condition, there was a signifcant diference in mean 
agreement between the annotators within the condition (M = 0.38, 
SD = 0.18) and the annotators across all conditions (M = 0.28, SD 
= 0.15); t(24) = -2.69, p = 0.013. Similarly, for the combined speech 
and heartbeat sound condition, there was a signifcant diference 
in mean agreement between the annotators within the condition 
(M = 0.36, SD = 0.21) and the annotators across all conditions (M 
= 0.28, SD = 0.15); t(24) = -2.6, p = 0.016. To summarise, for all the 
social cues, on average the agreement among the annotators within 
a condition is signifcantly higher than that for annotators between 
conditions. In essence, the variations in annotations obtained under 
the same condition are comparatively smaller than those gathered 
under diferent conditions. This demonstrates that annotations orig-
inating from diferent social cues manifest notable dissimilarities. 
This afrmative response to RQ2 confrms that diferent social cues 
induce diferent perceptions of arousal among annotators. This in 
turn support the creation of distinct ground truth sets each holding 
information specifc to the social cue. 

4.1.2 Comparison of within conditions agreements: Using methods 
described in section 3.3, we compute within condition agreements. 
As illustrated in Figure 5, the mean inter-rater agreement scores are 
0.39 for heartbeat sound only, 0.38 for speech only, and 0.36 for the 
combined speech and heartbeat sound conditions. Prior values for 
IRA using CCC are ranging between 0.277 and 0.431 [52]. The values 
obtained here are within this range. We perform a one-way repeated 
measures ANOVA test to compare the within-group inter-rater 

7https://cran.r-project.org/web/packages/afex/index.html 
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Figure 5: Comparison of within and between group inter-
rater agreement scores for the annotations collected from 
the three groups of social cues. 

agreement scores for the annotations from the three social cues. 
The statistical analysis reveals that there is no signifcant diference 
in agreement among annotations obtained from diferent social cues, 
F(2,48) = 0.34, p = 0.72. Consequently, there is insufcient statistical 
evidence to reject the null hypothesis, suggesting equality in group 
means. This result supports the hypothesis that annotators were 
equally able to interpret both heartbeat sound and speech cues. 
This fnding partially afrms the response to RQ1, demonstrating 
the viability of utilizing heart rate feedback as a social cue for 
annotating arousal. 

4.2 ML analysis results 
Using methods described in section 3.4, a two-way repeated mea-
sures ANOVA was performed to assess the efect of social cues used 
for constructing GTs and the training modality used for extract-
ing features on the emotion recognition performance. To facilitate 
discussion, we use following acronyms for the three groups of 
modalities: 1) sp modality - a unimodal model with speech only, 
2) hr modality - a unimodal model with heart rate only, and 3) 
sp+hr modality - multimodal model with speech and heart rate. 
Results of the ANOVA test show that there was a statistically signif-
icant two-way interaction between GT social cue and the training 
modality on performance, F(2.51, 60.22) = 26.91, p < .001. The Green-
house–Geisser method was applied for Sphericity correction. The 
interaction plot using the model estimated marginal means and the 
95% confdence intervals is shown in Figure 6. 

As part of the post hoc tests, the efect of training modality was 
analysed for each of the GT social cue. P-values were adjusted 
using the Bonferroni multiple testing correction method. The efect 
of modality was signifcant for the speech cue (p < 0.0001) and 
heartbeat sound cue (p < 0.001) but not for the combined speech and 
heartbeat sound cue (p= 0.174). Hence, pairwise comparisons, using 
paired t-test, were performed for the speech only and heartbeat 
sound only cues. 

We frst analyse the results of the pair-wise comparisons for the 
heartbeat sound only cue. Results show that the performance was 

signifcantly diferent between 1) sp modality and hr modality (p 
< 0.001), and 2) sp modality and sp+hr modality (p< 0.00001). The 
performance was not signifcantly diferent between hr modality 
and sp+hr modality (p > 0.3). To sum up, to predict arousal estimated 
from the heartbeat sound cue, there is a signifcant diference in 
performances of the two classifers: 1) trained using features from 
the corresponding modality: heart rate, and 2) trained using features 
from modalities other than heart rate. At the same time, if both 
the classifers are trained using features from the corresponding 
modality, then then the comparison is insignifcant. 

We now analyse the results of the pair-wise comparisons for 
the Speech only cue. The performance is signifcantly diferent for 
1) hr modality and sp modality (p< 0.01), and 2) hr modality and 
sp+hr modality (p< 0.001). The performance was found to be not 
signifcantly diferent between sp modality and sp+hr modality (p > 
0.1). We observe the same efect as that for heartbeat sound only cue. 
To predict arousal estimated from the speech only cue, classifers 
trained using features from the corresponding modality:speech 
perform better in comparison to those which haven’t used the 
features from speech. 

To predict arousal estimated from combined speech and heart-
beat sound cue, there was no statistically signifcant diference in 
performance of all the three modalities: sp modality, hr modality 
and sp+hr modality. This is also in-line with the corresponding 
modality efect. Since the cue has been estimated using both the 
speech and the heart rate, all the three modalities perform similarly. 

Collectively, the fndings suggest that specifc ground truth sets 
are more accurately predicted when corresponding modalities are 
utilized. This explains the low performance of physiological sig-
nals for predicting emotions which were externally annotated us-
ing facial and speech cues [39, 41, 43]. In their works, adding of 
physiological signals in a multimodal paradigm did not improve 
performance because physiological information was not present 
in the GT. The earlier discussion has highlighted that diferent so-
cial cues infuence annotators’ perception of arousal, consequently 
yielding distinct GT sets. Our results provide further evidence to 
validate RQ3, emphasizing that the performance diference between 
multimodal and unimodal emotion recognition is subjected to the 
GT employed. Fusion of multiple modalities to enhance perfor-
mance is more efective if the GT has also been estimated using the 
corresponding social cues from the modalities. 

In section 4.1.2 we discussed the viability of employing heart 
rate feedback as a social cue for annotating arousal. Through our 
analysis of emotion recognition performance, we observe that for 
combined speech and heartbeat sound cue, the performance of the 
speech modality, heart rate modality and their multimodal fusion 
exhibit no signifcant diferences. This indicates that annotators 
efectively integrated information from both cues to form a coher-
ent GT, yielding comparable predictions from both unimodal and 
multimodal emotion recognition systems. This positive outcome 
directly addresses RQ1, substantiating that heart rate feedback is 
not only as viable as speech cues, but indeed benefcial for emo-
tion recognition, contributing valuable information to the ground 
truth. We possess unique inherent ability to sense our well-being 
via interoception of which heart rate feedback is an integral part 
[13]. It seems that it is possible to extend that capability to infer 
others emotion via feedback of their cardiac activity. In addition, it 
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Figure 6: Interaction plot for the efect of training modality 
and the GT social cue on emotion recognition performance. 

is possible that this competence improves with the widespread use 
of wearable sensor technology in day to day lives. 

4.3 Conclusions 
In conclusion, we performed a systematic analysis of the efect 
of social cues on ground-truth defnition and on the performance 
of emotion recognition systems. A subset of the EATMINT data-
base was continuously and externally annotated for arousal levels. 
The annotations were collected from three groups of social cues: 
1) heartbeat sound only, 2) speech only, and 3) combined speech 
and heartbeat sound. Unimodal and multimodal machine learning 
models were trained using features from speech and heart rate to 
predict these three GT sets. 

Our results show that the annotations collected for diferent so-
cial cues are signifcantly diferent from each other. Specifcally, for 
all three social cues, the mean agreement among annotators within 
a condition was found to be signifcantly higher than the agree-
ment among annotators across all conditions. This suggests that the 
perception of the same underlying emotion varies depending on 
the social cues considered. While an individual might experience a 
distinct emotion internally, its external estimation varies according 
to the employed social cue. Therefore, while establishing ground 
truth standards for emotion recognition, it is crucial to account 
for the infuence of diferent social cues on emotion perception. 
These insights contribute to a deeper understanding of how vari-
ous cues impact emotion interpretation. Furthermore, our analysis 
show that the annotators reach a similar level of agreement for 
heartbeat sound and speech cues. Hence using auditory feedback 
of heart-rate is as feasible as the conventionally used speech cue. 

The analysis of machine learning performance in our study 
highlights the superior predictive capability of modality-matched 
ground truth in our study. This establishes the relevance of the 
diferences observed between the cue-specifc ground truth sets 
from an emotional recognition perspective. While much attention 
has been directed towards the multimodal aspects of the emotion 
recognition, our fndings emphasize that the inclusion of multiple 

modalities yields greater benefts when the ground truth also in-
corporates cues from respective modalities. Moreover, our study 
underscores the viability and utility of utilizing auditory feedback 
of heart rate for emotion recognition. It explains why the per-
formance of multimodal emotion recognition using physiological 
signals makes marginal diference to predict emotions which have 
been externally annotated using only facial and speech cues. A 
recommendation of this paper is thus that physiological feedback 
should be part of the social cues given to annotators in the context 
of external emotion annotation tasks. 

For our study we could not use facial expression because of ethi-
cal reasons, but it would be interesting to conduct a study to see 
if similar results can be obtained. Moreover, analysing if there are 
social cues which are more efcient for a given dimension of emo-
tion (e.g. facial expressions for valence and physiological activity 
for arousal) can help towards building robust afective computers. 
While we used baseline models to perform our analysis, it would be 
interesting to see if the efects studied here are modulated by the 
complexity and sophistication of the architecture used to recognize 
emotion. Our analysis shows that unimodal cue specifc GTs are 
relevant for emotion recognition. Similar to how several modalities 
are fused together to construct a unifed learned representation, 
deep-architectures can be employed to learn to predict the several 
cue-specifc GTs in a multitask learning paradigm. This might have 
advantages of learning robust representations from multimodal sig-
nals and cues. The fndings presented in this study opens new ways 
to advance in the feld of afective computing and consequently 
Human Computer Interaction. 
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