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Interpreting Stress Detection Models using
SHAP and Attention for MuSe-Stress 2022

Ho-min Park, Ganghyun Kim, Jinsung Oh, Arnout Van Messem, and Wesley De Neve

Abstract—Understanding emotional reactions, especially
stress, during job interviews holds significant implications
for assessing the well-being of candidates and tailoring
feedback. However, current techniques, though effective,
often lack interpretability. In this study, we investigate emo-
tion recognition by focusing on making sense of machine-
learning models. Specifically, our work leverages the power
of interpretable methods in detecting stress through mul-
timodal time series. Building upon prior research, our
main contribution is a novel method for calculating feature
importance scores using Shapley Additive exPlanations
(SHAP) and attention. We applied this technique to models
from the MuSe 2022 stress detection competition, generat-
ing insights into the importance and interplay of various
features in Arousal or Valence prediction. Our findings sug-
gest that leveraging SHAP for feature selection can enhance
prediction effectiveness while mitigating computational de-
mands. With this, we introduce an advanced, interpretable
paradigm for multi-modal emotion recognition in practical
stress-detection scenarios.

Index Terms—Acoustic features, Attention, Emotion
(stress) detection, Interpretability, Linguistic features, Mul-
timodal fusion, Multimodal sentiment analysis, Shapley
Additive exPlanations (SHAP), Visual features

I. INTRODUCTION

Human emotional responses have long captivated re-
searchers, given their profound influence on our physi-
ology and behavior. Emotional shifts, particularly stress,
lead to evident changes in the autonomic nervous system
that in turn affect our voice intonation, facial expressions,
and body gestures [1]. These are vital cues we innately
recognize and interpret. With the advent of artificial
intelligence (AI), there has been a surge in attempts to
allow machines to recognize these emotional cues, much
like humans do [2, 3, 4, 5].

The potential applications of AI-driven emotion recog-
nition are vast, spanning sectors like healthcare, security,
and affective computing [6]. Broadly, the techniques
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employed fall into two main categories: (1) direct tech-
niques, which require physical contact with the body
to obtain readings like heart rate or electroencephalo-
grams [7, 8, 9, 10], and (2) indirect techniques, which
rely on cameras and microphones to discern facial ges-
tures, body posture, and speech [11, 12, 13, 14, 15].

While these emotion-recognition techniques have seen
notable advancements, they are not without challenges.
Many adopt a multimodal approach, extracting informa-
tion from various sources to enhance their effectiveness.
This approach, while improving effectiveness by inte-
grating various modalities [16], complicates the inter-
pretation of how specific modalities impact prediction.

In recent years, the increased effectiveness of machine
learning, backed by developments in data engineering
and novel learning methodologies, has expanded the
horizons of its applications [17, 18, 19]. Such expansion
demands not just robust predictions but also a clear
understanding of the decision-making process of these
models, especially when the outcomes directly impact
humans [20]. This is where interpretable machine learn-
ing steps in, shedding light on these otherwise ‘black-
box’ models [21].

Moreover, in addition to these advancements, it is
crucial to discern overarching trends in the decision-
making of a model. Understanding these broad patterns
helps not only in prediction but also in making sense
of the consistency and generalization abilities of models
across varied scenarios.

Our foray into this domain began with developing a
multimodal Transformer encoder model and engineering
a new Pose feature [22]. Building on this foundation,
this paper seeks to push the boundaries of emotion
recognition through interpretable machine learning. In
particular, we aim to:

• Highlight the enhanced effectiveness achievable by
fusing various features.

• Perform a detailed investigation of model inter-
pretability, shedding light on why and how specific
models learn, by studying Shapley Additive exPla-
nations (SHAP) and attention scores across a range
of features.

• Introduce a novel feature selection methodol-
ogy that harnesses the power of the SHAP
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TABLE I: Summary of approaches employed in MuSe-Stress 2022, providing a comparative overview of the various
techniques used, including attention mechanisms and LSTM architectures. The acronyms used are as follows: DS
denotes DeepSpectrum, eGe denotes eGeMAPS, and ECG denotes Electrocardiogram.

Emotional
dimension Study Features used Method Fusion

technique Test CCC

Arousal

He et al. [23] DS, IS10, SENetFace, BERTsent, ECG signals Temporal attention mechanism - 0.6818
Liu et al. [24] DS, FAUs, BERT LSTM + CNN + self-attention Early 0.6689
Li et al. [25] DS, eGe, ResNet-18, FAUs, BERT, Biosignals GRU + self-attention Late 0.5549
Baseline [15] DS, eGe, BERT, LSTM Late 0.4761

Ours [22] DS, eGe, BERT, VGGFace2 Transformer encoder Late 0.6196

Valence

He et al. [23] DS, eGe, SENetFace, ECG signals LSTM Early 0.6841
Liu et al. [24] DS, FAUs, BERT LSTM + CNN + self-attention Early 0.6803
Li et al. [25] DS, eGe, ResNet-18, FAUs, BERT, Biosignals GRU + self-attention Late 0.5857
Baseline [15] DS LSTM - 0.4931

Ours [22] DS, eGe, VGGFace2, FAUs LSTM Late 0.6274

scores, demonstrating their utility in handling high-
dimensional data.

Our findings point to differences in how features
impact Arousal and Valence predictions. Additionally,
our findings demonstrate that selecting features based
on SHAP scores can enhance prediction accuracy while
maintaining computational efficiency. Thus, our find-
ings and the underlying methodology contribute to a
better understanding of emotion recognition capabilities
in machine learning models and provide insights into
how different modalities affect Arousal and Valence
predictions.

The remainder of this paper is organized as follows.
Section II provides an overview of the different ap-
proaches used in the MuSe 2022 Stress Detection com-
petition. Additionally, this section discusses the back-
ground and use of interpretable machine learning, which
aims to help with the understanding and interpretation of
the predictions made. Section III describes the dataset
and the methods used for model training and evalu-
ation. Section IV provides an overview of our major
experimental results, focusing on unimodal prediction,
multimodal late fusion, and conducting an ablation study.
Section V analyzes and discusses our results. Finally,
Section VI presents conclusions and directions for future
research.

II. RELATED WORK

This section discusses our participation in the stress-
detection sub-challenge of the 2022 edition of the Mul-
timodal Sentiment Analysis Challenge (MuSe), as well
as our application of methods for interpretability. In
particular, in Section II-A, we provide an overview of
the sub-challenges presented by the MuSe 2022 compe-
tition, along with the different methods employed by the
participants. Additionally, in Section II-B, we elaborate
on SHAP and attention, which we utilized to enable
interpretability in our models.

A. MuSe-Stress 2022

MuSe is a renowned emotion recognition challenge.
The third edition, MuSe 2022 Challenge: Multimodal
Humour, Emotional Reactions, and Stress, was held in
conjunction with the 30th ACM International Multi-
media Conference in Lisbon. This challenge notably
featured the MuSe-Stress Sub-challenge, which aimed
to assess models capable of predicting emotion labels
in 5-minute job interview recordings. MuSe 2022 pro-
vided participants with various curated features, such
as eGeMAPS from openSMILE [26], facial action units
(FAUs) via Py-Feat [27], Biosignals, DeepSpectrum us-
ing DenseNet-121 [28], VGGFace2 via ResNet-50 [29],
and BERT-based textual features [30]. More details can
be found in Section III-B. Furthermore, the organizers set
a baseline using a bidirectional long short-term memory
(LSTM) model [31] to predict Valence and Arousal
from these features, using the Concordance Correlation
Coefficient (CCC) as its metric. The MuSe-Stress sub-
challenge attracted 41 teams from 16 countries, with four
unique methods highlighted in the workshop proceed-
ings. These methods, including ours, are summarized
in Table I, along with the baseline approach [15]. In
Table I, Test CCC represents the final evaluation result
obtained by each team. The detailed metric is discussed
in Section III-E.

He et al. [23] extracted features directly, not using
the features provided by the organizers of MuSe, except
for DeepSpectrum. They re-extracted eGeMAPS and
Biosignals from the available raw data by adjusting some
of the parameters used by the organizers of MuSe, also
adding a new feature called BERTsent, fine-tuned for
sentiment analysis tasks in the area of product reviews.
Moreover, He et al. proposed a multimodal model using
a temporal attention mechanism, training this model with
the aforementioned features. The effectiveness of the
model obtained was compared with an LSTM model [31]
trained using an early fusion approach. In the evaluation
on the test set, this LSTM model was able to obtain

This article has been accepted for publication in IEEE Transactions on Affective Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TAFFC.2024.3488112

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



IEEE TRANSACTIONS ON AFFECTIVE COMPUTING, VOL. 00. NO. 00, JUNE 2023 3

the highest effectiveness for predicting Arousal, while
also doing well for predicting Valence. Although He
et al. [23] acknowledged that their code is based on
previous work [32], neither the model nor the parameters
used in Muse-Stress have been made publicly available.

Li et al. [25] were active participants in all sub-
challenges. For MuSe-Stress, they utilized a ResNet-50
model pre-trained on the VGGFace2 dataset to extract
FAUs. They also used the BERT features provided
by the organizers, along with re-extracted eGeMAPS,
DeepSpectrum, and Biosignals features. Another inno-
vative step they took was to extract a new feature using
a ResNet-18 model pre-trained on the mini-AffectNet
dataset [33]. For each sub-challenge, the authors devel-
oped three distinct models. For MuSe-Stress, in partic-
ular, they implemented a Gated Recurrent Unit (GRU)
model enhanced with a self-attention mechanism. This
model was trained using a combination of DeepSpec-
trum, FAUs, ResNet-18, and Biosignals features. When
evaluating on the test set, a late fusion strategy was
employed, with test results surpassing the baseline re-
sults provided by the organizers of MuSe. The code and
models used by Li et al. are available in their GitHub
repository.1

Among the features made available by the organizers
of MuSe, Liu et al. [24] only used DeepSpectrum, FAUs,
and BERT. They employed spatio-temporal feature-wise
fusion networks, which fed the same inputs into (1)
an LSTM and (2) a convolutional neural network with
multi-head self-attention. The LSTM output was then
used to affine transform the output of (2) using a
feature-wise linear modulation method. They employed
an ensemble approach, mimicking a late fusion strategy,
making it possible to achieve better results than the base-
line put forward by the organizers of MuSe. However,
neither the model nor the parameters used by Liu et al.
in Muse-Stress have been made publicly available.

In summary, most MuSe-Stress participants employed
the features provided by the organizers of the challenge,
with some of them also adopting a wide variety of
alternative feature extraction methods and machine learn-
ing techniques, including the attention mechanism [34].
However, it is worth noting that the attention mechanism
did not always yield excellent results, and that the use of
an LSTM model proved more powerful than expected.
In our approach [22], we also made use of an attention-
based model, called Transformer encoder, with LSTM
performing better in predicting Valence.

None of the papers published in the workshop pro-
ceedings, including our paper, adequately explains why
and how the underlying approaches work. In this study,
we employ interpretability methods to better understand

1https://github.com/MUSE2022-HFUT/MuSe2022

the input-prediction relationship and to provide more in-
depth insights.

B. Interpretability methods

Interpretability in machine learning has become a
focal point of research attention, stemming from the
growing demand for understanding and trust in models.
In this context, we can distinguish between two types
of models: white-box models and black-box models,
as discussed in [35]. White-box models, exemplified
by Decision Trees and Linear Regression, offer a high
level of transparency, enabling users to easily understand
their inner workings. However, black-box models, which
include complex models such as deep neural networks,
are usually difficult to interpret directly, necessitating
the adoption of specialized methods to understand their
decision-making processes, paving the way for further
advancements in the field of interpretability.

The concept of interpreting machine learning models
and providing insights for human understanding is often
referred to as eXplainable Artificial Intelligence (XAI).
XAI can be further categorized based on the scope of
the interpretation offered. Global interpretation provides
a holistic overview, describing the overall behavior of a
model, while local interpretation focus on individual pre-
dictions, shedding light on the rationale behind specific
model decisions [36].

In this section, we focus on the global interpretabil-
ity of two types of black-box models, namely Trans-
former encoders and LSTMs, aiming to understand their
decision-making processes. We employ tools such as
SHAP and the attention score to gain insights into their
internal dynamics.

In this study, we utilize SHAP for interpreting the
predictions generated by machine learning models, par-
ticularly focusing on LSTMs. Based on coalitional game
theory [37], this approach is able to estimate the con-
tribution of each input feature to the predictions made
by a model. This is achieved by comparing the model
output when a feature is present with the model output
when the feature is absent. There exist several variants
of SHAP, including DeepSHAP, Kernel SHAP [38], and
Tree SHAP [39]. Although the basic idea behind these
variants is the same, differences can be identified in
how they are calculated, depending on the structure of
the targeted models. In our research, we utilize Ker-
nel SHAP, which involves the creation of a surrogate
model that follows the original model predictions. This
surrogate model is trained using a coalition vector that
maps the “coalition” of the input features, with the model
predictions as output. Then, Shapley values are predicted
through various combinations of coalition vectors. Al-
though Kernel SHAP is computationally expensive, it
has been demonstrated to have a more stable agreement
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with human intuition than Local Interpretable Model-
Agnostic Explanations (LIME) [40] and Deep Learning
Important FeaTures (DeepLIFT) [41], based on human
intuition experiments involving 82 random individuals.

We also use the attention mechanism of Transform-
ers [34] as a model-specific method. This mechanism
enables a model to focus selectively on parts of the
input when processing this input. Attention is typically
used in sequence or time series models, such as ma-
chine translation and different types of load forecasting,
where the input or output can be of different lengths.
There is still debate whether attention is related to
interpretability [42]. For example, several publications
argue that attention is an intermediate result and has
little correlation with model interpretation [43, 44], while
other papers refute this claim [45, 46]. Nevertheless,
attention comes with advantages such as intuition and
simplicity, and it has now become a de facto method for
interpreting Transformers [47, 48, 49].

III. MATERIALS AND METHODS

This section provides a detailed account of the mate-
rials and methods employed in our study. Specifically,
we outline the dataset and models utilized, the feature
extraction process, the experimental settings, and the
employed interpretability methods.

A. Source data: Ulm-TSST

The Ulm-Trier Social Stress Test (Ulm-TSST)
dataset [15], which was used by the MuSe-Stress 2022
sub-challenge, targets the development of models for
predicting continuous emotional Valence and Arousal
levels. This dataset includes 69 subjects aged 18 to
39 who were recorded for approximately five minutes
in a job interview setting, which is a stress-inducing
environment. The total length of the audio-visual record-
ings available in the Ulm-TSST dataset is 5 hours 47
minutes and 27 seconds. The Rater Aligned Annotation
Weighting (RAAW) method [50], involving three raters,
has been used to annotate emotional Arousal and Valence
levels. In addition to audio-visual recordings, the Ulm-
TSST dataset also contains transcripts and physiological
signals.

B. Feature extraction

Table II presents the type, name, and dimension of the
features used for model training, as well as the extractor
used to obtain them. To improve clarity, we divided the
features into human-driven features (HDFs) and data-
driven features (DDFs). HDFs are features defined by
humans, and each element of a feature has a clear
and intuitive meaning. For instance, the FAU feature
represents a combination of facial muscle movements.

TABLE II: Types of features and their extractors. For
clarity, we have categorized the features into two groups:
human-driven features (HDFs), which can be easily
understood by people, and data-driven features (DDFs),
which are extracted using a pre-trained model.

Type Modal Name Dim Extractor

HDF

Sensor Biosignals 3 Sampling (2Hz)
Video FAUs 20 Py-Feat [27]
Video Pose 26 OpenPose [51]
Audio eGeMAPS 88 openSMILE [26]

DDF
Video VGGFace2 [29] 512 ResNet-50 [52]
Text BERT 768 BERT [30]

Audio DeepSpectrum [28] 1024 DenseNet-121 [53]

On the other hand, DDFs are features extracted using
pre-trained convolutional neural networks, making it
challenging for humans to interpret the extracted features
intuitively.

In what follows, we provide a brief description of
each feature type. Before discussing the details of the
features used, it is essential to note that, except for the
Pose feature, all other features were provided by the
organizers of the dataset.

Two acoustic features, eGeMAPS and DeepSpectrum,
were used to represent characteristics extracted from the
audio modality.

eGeMAPS [54] is a widely-used set of acoustic fea-
tures in audio processing and analysis. It consists of 88
low-level acoustic HDF features that combine low-level
descriptors and functionalities. The low-level descrip-
tors are values extracted from a speech signal, which
include pitch, jitter, shimmer, spectral flux, spectral roll-
off, spectral energy, loudness, and voicing probability.
The functionalities are methods used to represent each
feature, such as first and second-order derivatives, arith-
metic mean, and standard deviation. The extraction of
eGeMAPS features was facilitated through the use of
the openSMILE toolkit.2

DeepSpectrum refers to a collection of audio fea-
tures derived from Mel spectrograms. These features are
extracted by a pre-trained DenseNet-121 network [28].
The Mel spectrograms are utilized as a tool to depict
the spectral content of an audio signal. This feature
was extracted through code from the eponymous Github
repository.3

BERT pertains to features that have been extracted
from German textual transcripts by employing the BERT
model [30], while VGGFace2 and FAUs refer to features
that have been extracted from the video modality.

The VGGFace2 features were extracted by utilizing
a ResNet-50 network that has been pre-trained on the
VGGFace2 dataset [29], which comprises approximately

2https://github.com/audeering/opensmile
3https://github.com/DeepSpectrum/DeepSpectrum
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Fig. 1: Overall pipeline for multimodal stress detection: (1) feature extraction, (2) unimodal prediction, and (3)
multimodal prediction. The resulting model can predict the level of emotional Arousal or Valence. In this study, we
investigate which uni/multimodal features have the greatest impact on our best models, hereby also paying attention
to the influence of their feature dimensions.

3.3 million facial images of approximately 9,000 distinct
individuals.

FAUs [55] pertain to a distinct facial region that can
aid in predicting the type and intensity of emotions being
felt. The Py-Feat [27] tool (default configuration) was
used to extract FAU features.

Biosignals refers to a combination of three sensor
values: electrocardiogram (ECG), respiration (resp), and
heart rate (BPM). We treated these three values as a
single modality, consistent with the approach taken in
the MuSe-Stress 2022 baseline.

The Pose feature was extracted by utilizing the Open-
Pose GitHub project,4 which tracks the movement of
25 key points of the human body across several video
frames.

C. Models

In this study, we utilized two models: the first being
the LSTM model provided by the MuSe-Stress organiz-
ers [15], and the second being the Transformer encoder
model we introduced in previous work [22]. In Table I,
two approaches obtained higher CCC values than our
approach. However, for these two approaches, neither the
code nor the model parameters used for the competition
could be obtained from the authors. Therefore, among
the different approaches published, we chose our model,
which has the highest CCC value, as our main model.
We employed late fusion, as depicted in Figure 1. In the
unimodal prediction step, we trained a separate model
for each unimodal feature and emotional dimension.
Subsequently, in the multimodal step, we used as input a

4https://github.com/CMU-Perceptual-Computing-Lab/openpose

combination of the predictions produced by the unimodal
models. At each stage, each model predicted only one
emotional dimension, either Arousal or Valence. We
trained twenty identical models using different random
seeds and we fine-tuned the hyperparameters using a
two-pronged approach [22]. Specifically, this approach
involved shallow tuning of model capacity, the number
of stacks, and learning rates, and deep tuning of window
lengths, hop lengths, and batch sizes. After performing
shallow and deep tuning, the final test submission was
obtained by adopting a late fusion approach, selecting
deep-tuned unimodal models with high Development
CCC scores.

The prediction outcomes of the two models utilized
in our earlier study are shown in Table III. The high-
est Development/Test CCC scores for each emotional
dimension, modality, and type of model are emphasized
in bold. In addition, we conducted an in-depth analysis
of these models using SHAP and attention scores.

In Table III, the two emotional dimensions, namely
Arousal and Valence, are both on display with the results
obtained by the LSTM model and the Transformer
encoder model listed for each dimension. To further
understand the decision-making process of these models,
we employed SHAP scores with the LSTM model and
attention scores with the Transformer encoder model.
Detailed explanations are provided in Section III-F. The
test set labels were withheld (that is, the test set labels
were not publicly available), and the evaluation on the
test set was carried out through an online platform
provided by the organizers of MuSe-Stress. The column
with the label Devel CCC represents the Development
CCC scores obtained for the publicly available valida-
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TABLE III: A summary of the prediction outcomes obtained in previous work [22]. A, T, and V are abbreviations
used in late fusion, where A refers to DeepSpectrum and eGeMAPS, T refers to BERT, and finally, V refers to
VGGFace2 and FAUs. The Test CCC results are largely empty because of a submission limit. The highest Devel/Test
CCC scores for each emotional dimension, modality, and type of model are emphasized in bold. This study employs
SHAP and attention to investigate the models that generated the prediction outcomes shown below.

Features
(Physiological) Arousal Valence

LSTM Transformer encoder LSTM Transformer encoder
Devel CCC Test CCC Devel CCC Test CCC Devel CCC Test CCC Devel CCC Test CCC

Unimodal
features

DeepSpectrum 0.4880 0.4220 0.4521 - 0.6140 - 0.6424 0.5581
eGeMAPS 0.5238 - 0.6635 0.4191 0.6100 0.3722 0.5901 -

BERT 0.4915 - 0.5503 0.3504 0.5518 0.3974 0.4470 -
Biosignals 0.5310 0.1477 0.3399 - 0.4629 0.1127 0.3503 -
VGGFace2 0.5876 0.2342 0.4576 - 0.4319 0.1362 0.4902 -

FAUs 0.6127 0.0043 0.5296 - 0.5543 0.4459 0.4529 -
Pose 0.5216 - 0.5454 0.1764 0.5047 - 0.6025 0.2079

Late
fusion

A+T 0.6818 - 0.6810 - 0.6652 - 0.6810 -
A+V 0.6598 - 0.7660 - 0.8096 0.6281 0.6642 -
T+V 0.5989 - 0.6400 - 0.7061 - 0.7450 -

A+T+V 0.6787 - 0.7560 - 0.7291 - 0.7620 -
Best 3 max 0.7660 - 0.5872 - 0.6528 - 0.7840 -
Best 3 mean 0.7773 - 0.7820 - 0.7760 - 0.6634 -

Total 0.7369 - 0.7940 0.4591 0.8080 - 0.6990 -

Final DS+eGe+BERT+VGG - - 0.6973 0.6196 - - - -
A+V - - - - 0.8125 0.6351 - -

tion (development) set. When compared to the baseline,
except for the Arousal-DeepSpectrum-Test CCC, we can
observe that both the Devel and Test CCC of our LSTM
and Transformer encoder exhibit superior performance.
The CCC results for the baseline and comparisons with
our results can be found in the baseline paper [15] and
our previous work [22], respectively. Due to the limited
number of submissions available for testing, the Test
CCC portion of Table III is largely unpopulated. Detailed
explanations of Table III and the test submission strategy
used in previous research are available in Appendix D.
Test CCC scores and the methodologies used to derive
them are discussed in [22] and can also be found on our
GitHub page.5

D. Hardware and software settings

Our experiments were carried out employing three
NVIDIA GeForce RTX 3090 GPUs, each with 24 GB
of memory, and two Intel(R) Xeon(R) Silver 4214R
CPUs (2.40 GHz, 12 cores, and 24 threads). We used
Python 3.8.8, PyTorch 1.11.0, and CUDA 11.3 to train
our models and perform hyperparameter tuning. We
also utilized Weights and Biases 0.12.16 for logging
and tracking. To avoid overfitting, we used the default
early stop strategy of the MuSe-Stress 2022 baseline
code during training. Additionally, we trained the models
for 100 epochs. Typically, training the LSTM baseline
model used approximately 1,500 to 3,000 MiB of GPU
memory, while training our Transformer encoder utilized
around 3,000 to 5,000 MiB of GPU memory.

5https://github.com/powersimmani/MuSe2022FeelsGood

E. Evaluation metric and loss

We used the CCC as an evaluation metric and as a
loss to train both the LSTM baseline model and our
Transformer encoder. The CCC is defined as:

CCC =
2ρσŶ σY

σ2
Ŷ
+ σ2

Y +
(
µŶ − µY

)2 ,
where µZ and σZ are the mean and the standard de-
viation of Z ∈ {Y, Ŷ }, and where ρ is the Pearson
correlation coefficient between Ŷ (prediction) and Y
(label). Furthermore, the CCC-based loss L is given as
follows:

L = 1− CCC.

Note that CCC is a statistical measure that evaluates
the degree of agreement between predicted and ac-
tual values. Although the Pearson correlation coefficient
could be used for this purpose, it only measures the
strength of a linear relationship. For instance, if ŷi are
exactly twice the yi, the Pearson correlation between
Y and Ŷ would be 1, but the difference between the
predicted and actual values would be large. The key
difference in CCC comes from changing the denominator
(penalty term) from σŶ · σY to σ2

Ŷ
+ σ2

Y +(µŶ −µY )
2.

This modification means that CCC penalizes for the
variability and the difference in means between the ob-
served and predicted values, allowing for more accurate
measurement of the agreement between the ground truth
and predictions.
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F. Interpretability methods

In this section, we introduce two approaches for as-
sessing the importance of the unimodal and multimodal
features utilized by our models: the SHAP score and
the attention score. The SHAP score is computed using
the Kernel SHAP value, while the attention score is the
sum of the attention output weights. We also contrast
the dissimilarities between these two approaches and
describe how each one is integrated into the model.

1) SHAP score: Let n be the length of the time
series and m be the dimension of each feature (see
“Dim” in Table II). Furthermore, for i = 1, . . . ,m, let xi

be the ith observation of X ∈ Rm×n. In addition, let ŷ
be the vector of length n with the prediction outcomes.
Suppose we have an optimized stress detection model
f : Rm×n → Rn that has already been trained:

ŷ = f(X) ∈ Rn.

Given the trained model f and the dataset X , for j =
1, . . . , n, we can use the Kernel SHAP approach [38] to
approximate f(xj) with g(z′j) as follows:

g(z′i) = ϕj0 +

m∑
i=1

ϕjiz
′
i, (1)

where ϕj0 is the bias, z′ ∈ {0, 1}m is a simplified input
that is working as a coalition vector, and ϕji ∈ R
(i = 1, . . . ,m; j = 1, . . . , n) is a feature attribution.
For example, ϕji represents the contribution of the ith
feature of xj to obtain the prediction f(xj).

To focus on the feature attribution ϕ, let Φ(xj) denote
the feature attribution vector of the input xj for the jth
time step, i.e.,

Φ(xj) =
[
ϕj1 . . . ϕjm

]
.

We define the SHAP score vector sscore ∈ Rm using Φ
as follows:

sscore =

[ n∑
j=1

|ϕj1| . . .

n∑
j=1

|ϕjm|
]
. (2)

Note that each element of sscore denotes the overall
feature importance, which is computed by taking the
absolute sum of the feature importance at each time
point.

2) Attention score: We define the single-head atten-
tion weight matrix H ∈ Rn×n as follows:

H (Q,K) = Softmax
(
Q ·K⊤ +M√

dh

)
, (3)

where n is the length of the sequence, dh is the embed-
ding dimension of the attention layer of a Transformer
encoder, Q ∈ Rn×dh is the query, K ∈ Rn×dh is the

key, and M ∈ Rn×n is the mask (that is, the triangular
matrix in the attention layer). The attention weights form
a square matrix whose dimension equals the sequence
length.

Assuming that we have q heads, the mean attention
weight matrix B is then defined as follows:

B =
1

q

q∑
h=1

Hh(Q,K) ∈ Rn×n. (4)

Finally, let us denote the elements of B corresponding
to the ith row and the jth column as Bij . The attention
score vector ascore ∈ Rn can then be defined as follows:

ascore =

[
n∑

i=1

Bi1 . . .

n∑
i=1

Bin

]
. (5)

Due to the usage of Softmax, the sum of the entries of
ascore is n.

3) Method differences: The first method employed is
SHAP, which generates, for each input vector, coalition
vectors representing possible combinations of features.
The SHAP algorithm subsequently calculates the contri-
bution of each feature to the model output by simulating
the model behavior on possible coalitions of features.
This results in an overview of which features are deemed
important. However, it is worth noting that SHAP scores
are calculated and summarized for each input vector
independently, which means it does not account for
temporal aspects, such as the significance of specific time
points throughout an entire video.

In contrast, the attention-based method is particularly
useful for analyzing time series as it identifies essen-
tial time points or sections of the input for decision-
making. Nevertheless, the embedding of all features in
the Transformer encoder complicates pinpointing the
overall important features.

In Table IV, we summarize a number of key dif-
ferences between the models and the interpretability
methods used. In conclusion, both methods have their
own strengths and weaknesses, and can be used together
in a complementary manner for uni/multimodal time
series prediction. In this study, we utilized SHAP scoring
with the LSTM model and attention scoring with the
Transformer encoder. This approach was adopted as the
results indicated a lack of clear superiority or inferiority
between the LSTM and Transformer encoder models.
Additionally, the models operate differently, making it
unfeasible to apply attention with LSTM and SHAP with
the Transformer encoder.

Finally, our rationale for choosing a global approach
like SHAP over other local XAI techniques is as follows:
in the context of model interpretation, while SHAP
gives a holistic view of the behavior of a model, local
explanations, such as counterfactual explanations [56],
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Fig. 2: Overview of highly ranked FAU features (top 5) and lowly ranked FAU features (not top 5) according to
sscore. We can observe that some FAU features exhibit bias towards an emotional dimension (black vs dark grey).

TABLE IV: Overview of the models used in our study,
alongside the corresponding methods and the specific
dimensions of data that these methods can interpret.

Our model Interpretability
method

Interpretability
dimension

Transformer
encoder

Attention score
(ascore)

Time series
(n)

LSTM SHAP score
(sscore)

Feature dimension
(m)

emphasize individual predictions. Considering our objec-
tive to grasp overarching patterns in the decision-making
of a model, the use of a global approach like SHAP was
deemed more fitting than the use of intricate, instance-
focused counterfactual explanations.

IV. RESULTS

In what follows, we present our experimental results. In
Section IV-A, we detail the results obtained for unimodal
features, particularly for HDF, where the number of fea-
tures is relatively small, and where the results are easy to
comprehend. In Section IV-B, we present the outcomes
obtained for multimodal fusion. Lastly, in Section IV-C,
we introduce and discuss a feature selection method that
discards features with a low SHAP score.

A. Score analysis for unimodal prediction

1) SHAP score: In this section, we concentrate on the
SHAP score results related to unimodal features, espe-
cially emphasizing FAUs, eGeMAPS, and Pose, which
are classified as HDFs. We deliberately left out Biosig-
nals and DDFs from our discussion, because both in
Arousal and Valence analyses, Biosignals did not reach
a Test CCC score higher than 0.15, which consequently
led to fusion disregarding the inclusion of Biosignals.
On the other hand, while DDFs played a role in late
fusion, we chose not to cover them in this section due to
their high dimensionality complicating a straightforward

interpretation. However, for readers interested in a more
in-depth exploration, the detailed discussions and raw
SHAP scores for Biosignals and DDFs are available in
Appendix A, with a comprehensive analysis presented in
Appendix D.

Figure 2 compares the ranking of FAU features over
emotional dimensions using their sscore values. Features
ranked within the top 5 are considered highly ranked,
while those outside this range are deemed lowly ranked.
FAU features colored in black and dark gray signify fea-
tures that are highly ranked in one emotional dimension
but lowly ranked in the other emotional dimension. For
instance, our experimental results indicate the following:

• both AU05 and AU10 rank within the top 5 for both
Arousal and Valence;

• AU04, AU06, and AU07 are highly ranked for
Arousal, but they are lowly ranked for Valence;

• AU12, AU24, and AU25 are highly ranked for
Valence, but they are lowly ranked for Arousal.

These results suggest that the influence of a feature
can differ based on the emotional dimension being
predicted. It should be noted that Figure 2 was adapted
from an image by Zhi et al. [55].

Table V provides a summary of eGeMAPS features
with high sscore values, yielding models that obtained a
top-2 or top-3 rank in terms of both Devel and Test CCC
(amongst models only making use of unimodal features).
Our experimental results show that low-level descriptors
related to frequency, such as Formant F1, Formant F2,
and Formant F3 frequencies [54, 57, 58], semitone fre-
quency [57, 59], and the second and third coefficients of
Mel-Frequency Cepstral Coefficients (MFCC) [60], have
a high impact. On the other hand, energy/amplitude-
related parameters, such as loudness or spectral (balance)
parameters, including the Alpha Ratio [54], exhibit little
importance. Since the dataset is composed of interviews,
we can deduce that the model focuses on the vocaliza-
tions of the subjects. Moreover, unlike FAUs, there are
fewer rank differences between Arousal and Valence.
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(a) Vocal tract anatomy (b) Highly ranked features

Fig. 3: Diagram of the vocal tract anatomy. The highly
ranked eGeMAPS features listed in Table V are closely
related to parts that produce human voice and speech,
such as the tongue (blue), lips (red), and larynx (green).
F0 refers to the fundamental frequency and F1 to F3
refer to the Formant, one of the low-level descriptors
of eGeMAPS. Each formant is marked in the color
corresponding to the associated anatomical part.

(a) Arousal-Pose (b) Valence-Pose

Fig. 4: The human body plots show the importance of
different Pose features based on sscore. The red dots
indicate the body parts that are considered critical by the
model, with bigger sizes indicating higher importance.
Substantial differences between the Arousal and Valence
models were observed in the elbow and eye regions.

To enhance the comprehension of our research find-
ings, Figure 3 displays the vocal tract anatomy, linking
the eGeMAPS features from Table V to their anatomical
origins:

• Figure 3(a) presents the primary components.
• Figure 3(b) highlights the top-ranked features using:

– Blue for the tongue, influencing F1 and F2.
– Red for the lips, impacting F3.
– Green for the larynx, linked to F0.

Figure 4 presents the importance of different Pose

features, based on sscore values obtained for the most
effective LSTM models trained on the unimodal Pose
feature.

Typically, body parts that are barely visible due to the
position of the camera, such as the feet and knees, have
an sscore value of zero. The hands, which demonstrate
the most movement, obtain the highest sscore values.
Interestingly, we can observe that the Arousal and Va-
lence prediction models emphasize different body parts.
Specifically, the Arousal prediction model prioritizes
the left elbow, shoulder, and eye, while the Valence
prediction model prioritizes the right elbow and eye.

2) Attention score: The proposed attention score al-
lows us to identify high-attention time intervals in the
Transformer encoder, thereby improving model inter-
pretability. However, unlike the original Transformer
model, which represents a single interval as an embedded
single word [34], our Transformer encoder is trained
on a dataset in which each time interval is represented
as a feature with dimensions ranging from 3 to 1024,
which required us to find a way to interpret these high-
dimensional results. To that end, we used a method that
compares and divides the data into, on the one hand,
time intervals that received a top-1% attention score and,
on the other hand, the other time intervals as described
below.

First, we used t-distributed Stochastic Neighbor Em-
bedding (t-SNE) [61] to reduce the dimensionality of
each HDF and DDF feature. We then segmented the
results into 20 clusters using K-means clustering [62].
Subsequently, we identified the cluster that received
the top-1% ascore and named it the Most Significant
Cluster (MSC). We then compared the MSC with the
other clusters to comprehend the characteristics of the
features within the MSC. Our objective was to investi-
gate whether there was a noticeable difference in value
distribution between MSC and non-MSC features with
high SHAP scores. However, upon closer examination,
we found no clear connection between SHAP scores and
attention scores.

Nevertheless, we found a notable difference for the
FAU features, as depicted in Figure 5. For instance,
Figure 5(a) illustrates the Transformer encoder model
trained with Arousal-FAUs, where the orange box rep-
resents the distribution of feature values in the MSC,
and the blue box represents the feature value distribution
of all other clusters. We discovered that the higher the
attention received, the higher the values of AU10, AU06,
AU07, AU12, and AU25. In contrast, for Valence-FAUs,
the differences were smaller, but we observed that the
feature values of AU04, AU06, and AU07 in the MSC
were, on average, slightly higher than those in the non-
MSC clusters.

Moreover, we observed variations in the distribution
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(a) Arousal-FAUs (b) Valence-FAUs

Fig. 5: Comparison of the distribution of FAU feature values. The distribution of the feature values in the MSC is
highlighted in orange, while the distribution of the feature values in the remaining clusters is highlighted in blue.
The order of the features is based on Figure 2.

TABLE V: Highly ranked eGeMAPS features according to sscore values. These features are crucial for predicting
both Arousal and Valence.

Importance Low-level descriptors Functionalities Related to

Top 5
Formant F3 frequency and bandwidth Arithmetic mean Vowel, lip shape, roundness shape
Formant F2 frequency and bandwidth Arithmetic mean Vowel, tongue position, length of lingualis anterior
Formant F1 bandwidth Arithmetic mean Vowel, tongue position, volume of the pharyngeal cavity

Top 10
Formant F1 frequency Arithmetic mean Vowel, tongue position, volume of the pharyngeal cavity
F0 semitone frequency from 27.5Hz Stddev, rising slope Intonation, frequency of laryngeal vibrations
2nd and 3rd coefficient of MFCC Normalized stddev Spectrum, shape and centroid of the sound spectrum

of feature values between MSCs and non-MSCs that
did not correspond to the features deemed important by
SHAP scoring. As this information is too extensive to be
included in the main text, we make the results available
in Appendix D for readers interested in further analysis.

B. Score analysis for multimodal late fusion

In this section, we present an analysis of SHAP scor-
ing and attention scoring for the two types of multimodal
late fusion models used to generate the final Test CCC
values. The obtained results can be found in Figure 6.
For Arousal, the Transformer encoder was trained using
late fusion of the DeepSpectrum, eGeMAPS, BERT,
and VGGFace2 predictions. For Valence, the LSTM
was trained using late fusion of the DeepSpectrum,
eGeMAPS, FAU, and VGGFace2 predictions. In the case
of the Transformer encoder (Arousal), we reduced the
dimension of the input features to two dimensions using
t-SNE, leading to easier interpretability. We marked the
attention scores in the top 1% (i.e., larger or equal
than the 99th percentile) in orange. As can be seen in
Figure 6(a), these dots are concentrated on one side.

We can compare the feature value distribution by
making a distinction between the features that fall into
the top-1% attention scores (orange) and all other fea-
tures (blue), as shown in Figure 6(b). For each of the
four features — DeepSpectrum, eGeMAPS, BERT, and
VGGFace2 — the median value of the orange box
is higher than that of the blue box. This observation
could imply that, within each feature, higher values (in
this case, unimodal predictions) tend to receive greater
attention. However, it is important to note that the

differences between the orange and blue boxes, except
for eGeMAPS, do not seem highly significant.

In the case of LSTM (Valence), SHAP scoring was
used to determine the importance of each feature. The
obtained results are shown in Figure 6(c). The features il-
lustrated in the plot are eGeMAPS (0.37), DeepSpectrum
(0.32), FAUs (0.28), and VGGFace2 (0.27). The obtained
scores are all relatively high compared to a baseline of
zero, which would indicate no feature importance. This
suggests that all four features play a considerable role in
the prediction of Valence by the LSTM model. However,
it is worth noting that the audio-type features (eGeMAPS
and DeepSpectrum) have slightly higher SHAP values
compared to the visual-type features (FAUs and VG-
GFace2), indicating that the audio modality might be
relatively more important for predicting Valence in this
particular model.

C. Feature selection using SHAP scores

During the process of obtaining SHAP and attention
scores, we could observe an interesting pattern: certain
features received very low ascore values. For instance, as
can be seen in the leftmost part of Figure 1, the knee of
the subject was omitted. As a result, for the Pose feature,
key points of the knee and key points below the knee are
likely to receive lower SHAP scores compared to other
key points, as confirmed in Figure 4. We also noticed this
pattern for eGeMAPS, DeepSpectrum, and VGGFace2.
Given these observations, we propose the use of a feature
selection method that leverages SHAP scores to make a
distinction between important and unimportant features,
where the latter can be discarded.
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(a) Two-dimensional feature atlas using t-SNE and
attention scores. The orange dots correspond to the

top-1% attention scores.

(b) Comparison of feature value distribution (all features)
(blue) and features with top-1% attention scores (orange).

(c) SHAP scoring for multimodal fusion using the
LSTM model (Valence).

Fig. 6: Results obtained by our final late fusion models.
The scatter plot (a) and the box plot (b) show the
results obtained by the Transformer encoder model when
predicting Arousal, whereas the bar plot (c) shows the
obtained SHAP scores for the LSTM model. The orange
color in (a) and (b) represents the input features that got
higher (99th percentile or above) attention scores, while
the blue color represents all other input features.

Figure 7 presents the outcomes of our ablation study,
illustrating the effectiveness of the model as we sequen-
tially remove features with the smallest SHAP scores.
This experiment was conducted by bringing together

the two emotional dimensions and three unimodal fea-
tures, resulting in six combinations. The solid blue line
represents the Devel CCC, whereas the orange dashed
line denotes the Test CCC. The x-axis of each subplot
indicates the number of features, hereby starting from
the left with all features (88, 512, or 1024) and removing
features when moving to the right. The Test CCC was
calculated using additional submission attempts provided
by the MuSe-Stress submission system after the end of
the competition.6

Our results demonstrate that using 78 features in
Arousal-eGeMAPS scores better than the use of the orig-
inal 88 features in terms of Test CCC, whereas the use of
38 features in Valence-eGeMAPS results in an optimal
Test CCC. In Arousal-VGGFace2, we can observe that
the Test CCC decreases when the number of features
decreases to 404. However, further reducing the number
of features to 284 leads to an improvement in both Test
CCC and Devel CCC. Using 404 features in Valence-
VGGFace2 results in a substantial increase in Test CCC.
In Arousal-DeepSpectrum, the Test CCC improves as
the number of features decreases. However, in Valence-
DeepSpectrum, there is a slight decline in both Test
and Devel CCC. Overall, the Test CCC improves for
four out of six combinations by reducing the number of
features. More detailed investigations can be found in
Appendix D.

V. DISCUSSION

The study presented in this paper leveraged the Ulm-
TSST dataset, which embodies both multimodal and
time series characteristics, to discern stress indicators.
Our previous work [22] resulted in the third place in
the MuSe-Stress 2022 challenge. Whereas prior research
focused on improving effectiveness using a novel Pose
feature and a Transformer encoder, the research effort
presented in this paper aims at improving our under-
standing of the importance of features using SHAP and
attention, extracted from models trained on Ulm-TSST.

A. Key findings

One important finding from our study is the variability
in feature significance. Investigating FAUs and Pose pro-
vided insightful examples, emphasizing the asymmetric
value of specific body parts and FAUs in predicting
Arousal and Valence. This observation points to potential
undiscovered correlations between emotional and phys-
iological responses. Our analysis further demonstrated
that eGeMAPS predominantly focuses on human speech
features rather than generic sound features.

6https://codalab.lisn.upsaclay.fr/competitions/5357\?secret\ key\=
832c58ee-e9e1-4e36-9b82-e6819767f43f
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(a) Arousal-eGeMAPS (b) Valence-eGeMAPS

(c) Arousal-VGGFace2 (d) Valence-VGGFace2

(e) Arousal-DeepSpectrum (f) Valence-DeepSpectrum

Fig. 7: Results obtained by our ablation study, showing
the effect of removing features, in order of smallest
SHAP score, on model effectiveness. The solid blue lines
represent the Devel CCC, whereas the dashed orange
lines represent the Test CCC.

When employing multimodal models, we noticed a
distinct preference for audio features, indicating that
the fusion model gives precedence to eGeMAPS and
DeepSpectrum features. The utilization of SHAP for
feature selection played a fundamental role in our study,
underscoring its effectiveness in both reducing computa-
tional overhead and being useful even when new DDFs
are introduced in the future.

B. Limitations of SHAP in audio feature interpretability

SHAP values, grounded in feature independence and
symmetry, may face challenges when applied to features
that do not exhibit the two aforementioned properties.
For example, the position of the tongue during speech
impacts Formant F1 and F2, illustrating feature inter-
dependencies. This complexity can be easily found in
audio-type features like eGeMAPS and DeepSpectrum.
Consequently, relying solely on the foundational as-
sumptions of SHAP might not capture the full under-
standing of audio data, suggesting the need for further
research on tailored interpretability techniques or hybrid
methods for more accurate analysis.

C. The scope and shortcomings of the Ulm-TSST dataset
The Ulm-TSST dataset distinctively enhances senti-

ment analysis with its extensive scope, surpassing similar
datasets like IEMOCAP [11], MSP-IMPROV [13], and
RAVDESS [14], by tripling the subject pool. Its unique-
ness stems from capturing authentic emotional responses
in a real-world scenario, unlike others that primarily use
actor-simulated emotions. This characteristic enriches its
practical applicability, offering a more natural perspec-
tive on emotional analysis.

However, the widespread applicability of multimodal
sentiment analysis must take into account certain inher-
ent limitations. A prime example is the demographic
composition of the Ulm-TSST dataset. Dominated by
German speakers aged between 18 and 39 years, there
exists a risk of it not entirely capturing a varied demo-
graphic, which could introduce potential biases, thereby
challenging the generalizability of the results derived
from it.

VI. CONCLUSIONS

In this study, we focused on applying interpretability
in sentiment analysis problems characterized by mul-
timodality and time series properties. We investigated
models for sentiment analysis with the aim of achieving a
better understanding of the underlying reasons and mech-
anisms behind their decision-making processes, thus
going beyond merely evaluating their effectiveness. Our
study revealed several insights, such as the differential
importance of each HDF feature across Arousal and
Valence, and the feasibility of reducing computational
demands while maintaining effectiveness through the
application of sscore for feature selection.

The primary insights of this study are derived ex-
clusively from the Ulm-TSST dataset. To enhance the
generalizability of our findings, future research efforts
should consider applying our approach to a broader
spectrum of datasets such as EMOCAP, MSP-IMPROV,
RAVDESS, and even newly constructed datasets that
cover a large number of subjects, a wide range of (gen-
uine) emotional responses, and more use cases. Addition-
ally, exploring alternative methods for interpretability,
especially in scenarios where the assumptions of SHAP
regarding feature independence and symmetry are less
applicable might be crucial. Methods like Integrated
Gradients [63] could be less influenced by these two
assumptions. On the other hand, conducting local case
studies using counterfactual explanations or LIME could
also provide further valuable insights. These methods
show how small input changes can make a big difference
in predictions, helping us understand how models make
decisions.

Furthermore, investigating ways to leverage insights
from different emotion recognition tasks to develop more
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robust and generalizable models is a promising direction.
This could involve studying how interpretability methods
can help identify common patterns across tasks such
as stress detection, humor recognition, and reaction
intensity prediction, all of which were part of MuSe-
2022. Such cross-task analysis could potentially lead to
more universal observations about emotion recognition
models and their interpretability. Finally, designing new
interpretability methods specifically for datasets with
multimodal and time series characteristics could also
offer novel insights and contribute substantially to the
field of affective computing, particularly in areas such
as stress detection and sentiment analysis. Additionally,
expanding on the ablation analysis in Section IV-C
to uncover the reasons behind each observation could
provide valuable insights into model behavior and feature
importance.

While our study provides valuable insights, it is
important to acknowledge the limitations of the Ulm-
TSST dataset, particularly in terms of demographic rep-
resentation. Future research should aim to incorporate
more diverse datasets to enhance the generalizability of
findings in multimodal sentiment analysis. Additionally,
as we continue to develop and apply these technologies,
it is crucial to maintain a focus on fairness and ethics.
Interpretability methods play a key role in this regard,
helping to identify and mitigate potential biases and
ensuring the responsible deployment of emotion recog-
nition systems across various domains.

In conclusion, this research effort represents a step
toward addressing the following question in the practical
application of sentiment analysis models: ”Are they
trustworthy?” Through the application of methods for
interpretability, we improve not only model transparency
but also facilitate more reliable and ethically sound
applications of sentiment analysis in diverse situations.

APPENDIX A
SHAP SCORES

This appendix contains all information used to obtain
the SHAP scores presented in Section IV-A1. The files
make use of the CSV format.

Link: https://figshare.com/s/8bae7b015a0054a5de08

APPENDIX B
ATTENTION SCORES

This appendix contains all information used to obtain
the attention scores presented in Section IV-A2. The files
make use of the Python Pickle format.

Link: https://figshare.com/s/8bae7b015a0054a5de08

APPENDIX C
SELECTED FEATURES

This appendix contains the selected features used for
training, as discussed in Section IV-C.

Link: https://figshare.com/s/0f725364144ba22cdefc

APPENDIX D
SUPPLEMENTARY MATERIALS

This appendix provides in-depth analyses that could not
be included in the main text due to space constraints.
Specifically, it includes an in-depth analysis of SHAP
scores and attention scores, with detailed visualizations
for both HDFs and DDFs. Additionally, it offers further
analysis of feature selection using SHAP scores, as well
as additional explanatory notes for Table III and the
test submission strategy employed in previous research.
Link: https://figshare.com/s/9495ee00db5456bda578
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