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Ubersicht

Die traditionelle Stressmessung, oft kostspielig und zeitaufwendig, kann das natiirliche Verhal-
ten in akuten Stresssituationen storend beeinflussen. Videoaufnahmen, als nicht-invasive und
skalierbare Alternative, nutzen‘‘digitale Biomarker” wie Gesichtsausdriicke, Kopfbewegungen
und Blickverhalten zur Stresserkennung. Trotz vielversprechender Ergebnisse schrinken kleine
Stichprobengréfen und das Fehlen einer Kontrollbedingung die Generalisierbarkeit ein. Diese
Thesis erforscht die Erkennung von akutem Stress durch digitale Biomarker und erweitert die
Analyse um die videobasierte Herzratenmessung mittels Remote Photoplethysmography (rPPG)
zur Modellierung physiologischer Verianderungen. Dabei wird die rPPG-basierte Herzrate unter
dynamischen Bedingungen wie variabler Herzrate und Sprechaktivititen untersucht und in einem
multimodalen Ansatz mit digitalen Biomarkern fiir eine umfassende Stresserkennung kombiniert.
Vierundvierzig gesunde Individuen (57% Frauen) unterzogen sich dem Trier Social Stress
Test (TSST) und dem friendly TSST (f-TSST), beide videoaufgezeichnet und bestehend aus einem
Interview und einem Mathetest, in randomisierter Reihenfolge an zwei aufeinanderfolgenden Tagen.
Die Analyse der digitalen Biomarker zeigte, dass wiahrend des TSST signifikant weniger positive
Gesichtsausdriicke, reduzierte Kopfbewegungen und ein statischeres Blickverhalten gezeigt wurden
als beim f-TSST. Fiir die Unterscheidung zwischen TSST und f-TSST basierend auf digitalen
Biomarkern erzielten Modelle fiir maschinelles Lernen (ML) eine Accuracy von 73.345.5%.
Explainable Al identifizierte eine Kombination aus Gesichtsausdriicken, Korperbewegungen und
Blickverhalten als die zehn wichtigsten Marker. Im Matheteil waren @hnliche Marker relevant,
hingegen wurden im Interview vor allem Gesichtsausdriicke fiir die Klassifikation genutzt.
Wihrend die rPPG-Modelle auf den kontrollierten Benchmark-Datenséitzen UBFC-rPPG
und PURE vielversprechend waren, sank die Genauigkeit auf dem dynamischeren (f-)TSST,
insbesondere bei vermehrter Kdrperbewegung, variabler HR und Sprachsequenzen. Die Integration
der rPPG-basierten HR in die ML-Modelle verbesserte deren Robustheit, insbesondere wihrend
dem Matheteil, in der sich die Accuracy auf 77.3+6.5% verbesserte. Explainable Al identifizierte
die rPPG-basierte HR als eine der drei einlfussreichsten Marker auf die Modelle.
Zusammenfassend betont diese Arbeit das Potenzial videobasierter digitaler Biomarker zur
Erkennung von akutem psychosozialem Stress und zum besseren Verstdndnis von Stressreaktionen.
Der Einfluss verschiedener Stressoren auf das Verhalten bedarf weiterer Forschung. Obwohl die
rPPG-Modelle vielversprechend sind, miissen sie fiir eine zuverldssige Anwendung in der Praxis
noch verfeinert werden. Zukiinftige Forschungen sollten videobasierte Methoden weiterentwickeln
und Stresserkennungstechnologien robuster und anwendbarer machen, um das Stressmanagement

in klinischen, beruflichen und alltéiglichen Umgebungen durch digitale Biomarker zu vereinfachen.
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Abstract

Despite being well established, traditional stress measurement methods are typically costly and
time consuming. Video recordings offer a scalable, contactless way to observe human behavior by
extracting facial expressions, head movements, or gaze behavior — known as “digital biomarkers”.
Although initial findings for stress detection are promising, issues like small sample sizes and lack
of control conditions highlight the need for more research. This thesis investigates the contactless
detection of acute stress using video-based digital biomarkers. To enhance the understanding
of the interaction between behavioral and physiological stress responses, this thesis evaluates
remote photoplethysmography (rPPG) for estimating heart rate (HR) from facial videos under
more realistic conditions such as variable HR and speech. Finally, by integrating rPPG-derived
HR with digital biomarkers a multimodal approach is explored for comprehensive stress detection.

Forty-four healthy individuals (57% women) underwent the Trier Social Stress Test (TSST)
and the friendly TSST (f-TSST), which consist of an interview (Talk) and a mental arithmetic
test (Math), in randomized order on two consecutive days while being video recorded. Analysis
of the extracted video-based digital biomarkers revealed that individuals displayed significantly
less positive facial expressions, reduced head movements, and more static gaze behavior during
the TSST compared to the {-TSST. Training machine learning models on these digital biomarkers
yielded an accuracy of 73.3+£5.5% in detecting exposure to the TSST or f-TSST. Explainable Al
algorithms identified a mix of facial expressions, body movements, and pupil dynamics as top
ten features. Notably, while the same set of features were influential during the Math phase, only
facial expression features were the most important ones for decision-making in the Talk phase.

While rPPG models showed promise in controlled settings namley on the benchmark datasets
UBFC-rPPG and PURE, when tested on the f-T'SST, their accuracy decreased due to the more
dynamic environment, particularly during tasks with high movement, variable HR, and speech.
However, integrating rPPG-derived HR into the stress prediction models enhanced their robustness,
particularly during the Math phase, where accuracy improved to 77.3+6.5%. Explainable Al
identified rPPG-derived HR as one of the top three most influential features for the models.

In conclusion, this thesis underscores the potential of video-based digital biomarkers for
detecting acute psychosocial stress and advancing the understanding of behavioral and physiological
stress responses. It shows that stressors uniquely influence human behavior and emphasizes the
need for further research. Although promising, rPPG models need refinement for reliable real-
world use. Future work should enhance video-based methods and expand data collection to improve
the robustness and applicability of stress detection technologies, leveraging digital biomarkers to

simplify stress management across clinical, workplace, and everyday settings.
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Chapter 1
Introduction

Stress, an ubiquitous presence in our daily lives, plays a dual role. While it is a natural bodily
reaction to cope with challenges, excessive stress can heavily impact both physical health and
mental well-being, leading to long-term sickness [OCo21], [APA19], [Pol21]]. The body’s response
to stress involves various neuroendocrine reactions, primarily through the sympathetic nervous
system (SNS)) and the hypothalamic-pituitary-adrenocortical (HPA]) axis. These pathways are
crucial for secreting key stress markers like salivary alpha-amylase (SAA, cortisol, adrenaline,
and noradrenaline [[UIr09] [NatO9]. While the effects of stress and its consequences are extensively
studied, traditional methods for measuring neuroendocrine and electrophysiological markers are
often labor-intensive for researchers. These methods are mostly invasive and costly, particularly
those which rely on blood samples [Slal5]. Even noninvasive techniques tend to disrupt natural

human behavior to some extent [Kaz79].

Video recordings represent a powerful method for capturing human behavior, providing
a noninvasive and contactless way to observe facial expressions, voice characteristics, speech
content, and head movements. These elements are vital indicators of human psychology and
psychopathology, offering unique insights into individuals’ emotional states [Dar72]]. Advances
in Computer Science have enabled the extraction of these markers from recordings - known as
“Digital Biomarkers” [Ins17]. This technology bridges the gap between observational psychology
and computational analysis, facilitating a deeper understanding of the nuances in human behavior.

Previous research has successfully linked distinct variations in facial expressions, speech,
voice, and head movement features to mental and physical illnesses [Sch22a]. For example, digital
biomarkers extracted from video-recorded interviews accurately predicted mental well-being in
trauma survivors [Sch22b]. In stress measurement research, individual studies have explored

changes in digital biomarkers such as speech behavior [Oes23|], facial expressions [|Gial7]], and
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movement [Ric22] due to acute stress. Efforts to integrate these biomarkers into a multimodal
detection approach have shown promise, yet they have been limited by factors like small sample
sizes [Aigl8]] and a narrow focus on male stress responses [Nor22b]. This highlights a significant
gap in research: the need for a comprehensive study that combines digital biomarkers for a deeper

understanding of acute stress reactions.

To gain a more comprehensive picture of acute stress responses, it is crucial to also consider
internal physiological changes. The novel method of remote photoplethysmography (PPG)
can provide a promising solution by enabling the estimation of the heart rate (HR)) remotely
from facial videos, eliminating the need for physical contact [AII07]. flPPGlhas its origins from
photoplethysmography (PPG) which is a non-invasive optical technique used to detect blood
volume changes in the microvascular bed of tissue, commonly used for measuring [HR] and oxygen
saturation. extends [PPG] by using video recordings to capture these blood flow changes
remotely, without the need for direct skin contact, allowing for HRI monitoring from a distance
using camera-based methods. Before deep learning, conventional methods like chrominance
model [De 13]] and plane-orthogonal-to-skin model (POS)) [Wan17] dominated the
landscape, using signal processing and machine learning to enhance [HRl detection accuracy
by mitigating motion and lighting effects. However, conventional techniques still have difficulties
handling datasets with challenging factors like varying lighting, high [HRllevels, and diverse skin

tones, making them prone to noise degradation [Xia24].

Deep learning has since transformed remote [HRI measurement, introducing complex situation-
adapted models like TSCAN (Convolutional Neural Network (CNN)-based) [Liu21a]] and Phys-
Former (transformer-based) [[Yu22]], which offer superior performance but require extensive data
for training. However, despite their advancements, deep learning-based models face un-
certainties in handling diverse skin tones, varying [HRb, different lighting conditions, sudden

movements, and have yet to be validated in scenarios involving speaking [Das21].

To obtain a more holistic understanding of acute stress reactions, the integration of digital
biomarkers with fPPGH-derived HRI offers a promising avenue for multimodal stress
state detection. This approach could enable the assessment of cognitive and emotional states solely
using markers extracted from upper body video recordings. Although one study on multimodal
stress detection utilized a Trier Social Stress Test (TSST) dataset, it lacked a non-stressful control
condition for comparison, leading to ambiguity in determining whether the classification was
of stress or varying mental loads [Sab23|]. This underscores the necessity for further research
to validate [HR] metrics obtained from video for stress recognition purposes. Specifically, future

models should aim to distinguish acute stress from different mental loads by incorporating a non-



stressful control condition and utilizing traditional markers to accurately control for physiological

and subjective stress responses.

The goal of this master’s thesis is, therefore, to explore the measurement of acute stress in a
non-invasive and contactless manner using video analysis. It aims to develop a holistic approach to
stress measurement by evaluating digital biomarkers derived from speech, facial expressions, and
upper body movements. To achieve this, data from the EmpkinS collaborative research center’s
ongoing study, which involves healthy participants undergoing the [Kir93|] and its friendly
control condition friendly TSST {TSST) [Wiel3]], was used. The represents the gold
standard for inducing acute psychosocial stress in controlled laboratory environments [Dic04]].
In contrast, the modified version, known as the serves as a stress-free control condition
that is as similar as possible to the In this study, the dataset will be further referred to as
“Empkins-TSST”.

The and were both video recorded, which enabled the extraction of digital
biomarkers to analyze changes in facial expressions, speech, movement due to stress based on
video and audio features from the Empkins-TSST. For this reason, a digital biomarker pipeline
was developed.

To analyze the impact of acute stress on facial expressions, speech and movement, Machine
Learning (ML) models were trained and evaluated to distinguish whether individuals were in
exposed to acute stress or not. Furthermore, regression models were developed to examine the
relationship between digital biomarkers and established biopsychological stress markers cortisol
and [SAA] assessed via saliva samples, as well as self-reported levels of stress, anxiety, and threat,

assessed via questionnaires.

In this thesis, five different deep learning-based fPPGlmodels DeepPhys, TSCAN, EfficientPhys,
PhysNet, and PhysFormer were used to extract [HR] from facial videos. These models underwent
cross-testing on two benchmark datasets and were also evaluated using the more dynamic Empkins-
TSST dataset, which includes diverse [HRllevels, speech components, and motion variations. The

findings from these deep learning models were then compared with the [HR] outputs obtained using
five conventional techniques.

As a final step in the thesis, the effectiveness of stress state detection was assessed through a
multimodal approach on the Empkins-TSST dataset. This involved augmenting the digital biomark-
ers with extracted from the best-performing model. These markers served as the

basis for training[MIImodels, enabling them to distinguish between stressed and non-stressed states.
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To summarize, the thesis had the following four aims:

1. To predict acute stress versus a non-stressful control condition using video-based digital
biomarkers and to analyze how facial expressions, body movements, and gaze behavior

contribute to the classification output.

2. To examine the relationship between changes in facial expressions, speech, and movement,

and traditional biological and psychological stress markers.

3. To determine whether the performance of conventional and deep learning (DL
methods decreased on more naturalistic datasets which address factors such as varying heart

rate levels, speech sequences, and head movements.

4. To examine whether the combination of behavioral digital biomarkers with fPPGHderived
HR increases the stress prediction accuracy compared to behavioral digital

biomarkers alone.

The thesis is organized as follows: Chapter [2] provides background information and reviews
related work on digital biomarkers and Chapter [3|delves into the Empkins-TSST dataset,
which is utilized for analyzing acute stress reactions. This chapter further describes the digital
biomarker pipeline and details the process of [HR]extraction from [f[PPG| along with an overview
of the MLIbased models employed for stress prediction. Chapter ] presents the findings related
to each aim of the thesis. Chapter[5]discusses the implications of using digital biomarkers and
situating them within existing research. The thesis concludes with Chapter[6] which
summarizes the main findings and suggests directions for future work in Chapter[7} Additional

figures and tables are included in the Appendix for further reference.



Chapter 2

Background & Related Work

This chapter explores the basics of video-based digital biomarkers and the application of for
[HRI extraction from videos, covering important background information and studies related to this
thesis. It provides an overview of recent progress and the existing challenges in the area of acute

stress detection and monitoring.

2.1 Digital Biomarker

This section explores how facial expressions, body movements, gaze behavior, and speech char-
acteristics contribute to stress detection, providing background information and highlighting
related work for each biomarker. Additionally, multidimensional stress detection discusses the

combination of these video-based digital biomarker in a holistic model for identifying stress.

2.1.1 Facial Emotion Recognition
Background

Charles Darwin, in his work of 1872, postulated the concept of biologically “hard-wired” facial
expressions of emotions [Dar72|]. He proposed that these expressions serve as critical indicators,
signaling and transmitting essential information about an individual’s emotional and mental states.
Building upon this foundational understanding, Ekman and et al. [Ekm78]] later developed the
Facial Action Coding System (EACS) - a methodology for systematically categorizing facial
expressions [Ekm78]]. The Facial Action Coding System (EACS) represents a comprehensive

framework for analyzing human facial movements based on their appearance. Developed by



6 CHAPTER 2. BACKGROUND & RELATED WORK

psychologists Ekman, Friesen, and Hager, it offers an invaluable tool for decoding emotional

expressions by deconstructing complex facial gestures into individual Action Units (AUs) [Ekm78]].

Emotions can be seen as the catalysts for a complex interplay of physiological responses and
psychological experiences. They are reflected through an array of facial expressions that are
often universally recognized [Etc92]. encapsulates these expressions through a system of
labeling various [AUk, which correspond to discrete muscle movements. For instance, happiness
is frequently associated with AUO6 (Cheek Raiser) and AU12 (Lip Corner Puller), while anger
is characterized by a combination of AU4 (Brow Lowerer), AUS5 (Upper Lid Raiser), and AU23
(Lip Tightener) [EkmO3|]. The action units, their corresponding muscles, and associations are
illustrated in Figure [2.1]

Table 2.1: Action Units related to emotions (“R” specifies only the right side, “A” stands for
asymmetric.) [EkmO3|]

Emotion Action Units

Happiness 6+12

Sadness 1+4+15

Surprise 1+2+5B+26

Fear 1+2+4+5+7+20+26
Anger 4+5+7+23

Disgust 9+15+17
Contempt RI12A+R14A

In the transactional model of stress, Lazarus and Folkman [Laz84| describe stress as a dis-
parity between perceived challenges and available resources which result in an physiological
overdrive [Laz84]. This heightened emotional state may activate specific[AUk, such as AU1 (Inner
Brow Raiser) and AU4, indicating psychological stress. Thus, facial expressions can offer valuable

insights into an individual’s emotional state.

Advancements in emotion recognition technologies have leveraged the specificity of to
interpret human emotions with increasing accuracy. By mapping to corresponding emotional
states, algorithms can now reliably predict emotions from facial cues, broadening the potential for

applications in various fields, from psychology to human-computer interaction [Zhal4].
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Application

In a pioneering study, Lupis et al. [Lup14] conducted the in 32 students and examined
video-based facial expressions. The stress response was measured using the self-reported Positive
and Negative Affect Schedule questionnaires and by assessing cortisol levels. Although
no correlations were found between self-reported emotions and video-based facial expressions, the
study revealed gender-related differences in the expressions of anger in response to psychosocial
stress. These differences were observed using the Notably, men showed higher [HR] and
cortisol stress responses associated with these anger expressions, a pattern that was not evident in
women [Lupl4].

Viegas et al. [Viel§|] conducted a study consisting of seven different stress tasks and three
neutral tasks to induce acute stress. Employing ML they classified stressed and non-stressed/neu-
tral phases based solely on with an accuracy of 81.1%. Stressful tasks led to significantly
increased intensities, resulting in a more “expressive” face. However, a limitation of this
study was the absence of analyzing facial expressions in conjunction with subjective scores or
physiological responses, raising questions about whether the classification was of rest vs. challenge
(or arousal) rather than acute stress [Viel8)]].

In the recent pilot study “You Look Stressed”, Blaseberg et al. [Bla23]] employed a backward
step-wise multiple linear regression approach to correlate subjective experience and objective
stress responses from the body with facial activity due to exposure to the They observed
no consistent pattern of facial activity across all stress markers. Their findings indicated that
more frequent occurrences of the upper eyelid raiser (AUO5) and upper lip raiser (AU10) were
associated with higher stress-induced cortisol release, while more lip corner pulling (AU12) was
linked to lower cortisol reactivity. The eyelid tightening (AUO7) showed the strongest potential
for detecting acute stress phases. Notably, the study revealed that women exhibited a greater
intensity of stress-induced smiling, aligning with the “tend and befriend” hypothesis [Bla23].
This hypothesis suggests that tending involves nurturant activities designed to protect oneself and
offspring, promoting safety and reducing distress, whereas befriending entails the creation and

maintenance of social networks that may assist in this process [Tay00].

Although these studies collectively highlight the complex relationship between facial muscle
activities and acute psychosocial stress responses, they also underscore existing challenges. These
include the need for more comprehensive analyses combining facial expressions with subjective
and physiological measures, and addressing gender-specific variations, thereby paving the way for

more nuanced and accurate emotion recognition methodologies in stress-related contexts.
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2.1.2 Bodily Movements & Stress
Background

Body movements and postures serve as non-verbal cues that offer a wealth of information regarding
an individual’s emotional and psychological state [[Zit19] [Roe10] [Arn10]. For example, expansive
gestures and relaxed postures typically signify positive emotions, whereas movements such as
dropping the head or bringing hands to the face are associated with negative emotions like
sadness [Wal86]. Human perception is finely tuned to interpret non-verbal cues from body
postures, allowing for the subconscious differentiation between various emotional states. This
capability plays a critical role in social interactions and the intuitive recognition of potential threats,
reflecting a sophisticated cognitive function that is deeply embedded in human behavior [Ogr19].

The link between acute stress and changes in body movement is an area still in its infancy
in stress research. Observations indicate that stress leads to noticeable decreases in movement
amplitude and frequency — a potential behavioral response to perceived threats, signaling a shift
in emotional state [Roel0]. However, in-depth studies are required to reliably utilize changes in
body postures and movements under acute stress as markers for stress detection.

Current stress research focuses on quantifying these non-verbal indicators to objectively assess
stress levels. The ability to measure and interpret the nuances of body movements offers promising
avenues for healthcare applications. By translating these subconscious cues into quantifiable data,

researchers aim to develop reliable biomarkers for the detection of acute stress.

Application

Until now, bodily movements have primarily been assessed using Motion Capture Suits (MoCap),
which track movement through inertial measurement units (IMUs). Only a few studies have
investigated differences in movement behaviors derived solely from video data.

In one of the pioneering studies aimed at detecting stress levels from movement data in video
recordings, Giakoumis et al. [Gial2] induced stress in nineteen participants using the Stroop
Color and Word Test (STROQP), during which they collected video, accelerometer, and biosignal
(Electrocardiogram and Galvanic Skin Response) recordings. They successfully identified a set
of activity-related behavioral features extracted from video recordings using Motion History
Images [BobO1]] that demonstrated a significant correlation with self-reported stress in their
experimental evaluations [Gial2].

In a study by Roelofs et al. [Roel0], which included 50 participants, diminished body move-

ments and a lowered [HR] were observed as a response to socially threatening cues, such as angry
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faces. These physiological changes significantly correlated with subjective anxiety. Notably,
the study exclusively involved women and used a stabilometric force platform to assess body
sways [RoelO].

In a previous study using a protocol similar to this thesis, Richer et al. [Ric22|] were able to
classify individuals in a stressed condition from a stress-less control condition using data
with an accuracy of 80%. The small sample size (18 participants) and a very unbalanced ratio of

female to male participants may limit a good generalization of the results [Ric22].

Since only a few studies have analyzed bodily movements from video recordings, this highlights
the need for further investigation into the potential of contactless movement assessments for acute

stress detection.

2.1.3 Gaze Behavior & Stress
Background

Gaze behavior refers to the direction and focus of one’s visual attention, indicating various cognitive
and emotional states. It is a dynamic aspect of non-verbal communication, reflecting cognitive
processes and situational engagement [FriO7]]. In the context of acute stress, gaze behavior often
becomes more restricted and focused. Studies have shown that under stress, individuals are likely
to narrow their field of vision, concentrating their gaze more intensely on perceived sources of
threat or concern [BarQ7|]. This shift in gaze pattern is thought to be part of the body’s evolutionary
response to danger, optimizing visual attention to better assess and respond to immediate threats.

Pupil diameter, regulated by the is another physiological indicator that varies with
emotional and cognitive states [BraO8]] [Kah66]. The dilation of the pupil, or mydriasis, occurs
in response to increased SNS activity, often triggered by emotional arousal, cognitive load, or
ambient light conditions [Wan18]]. This response is hypothesized to enhance visual sensitivity and

information processing to prepare the individual for a “fight or flight” decision.

Application

To date, only a few studies have explored the changes in gaze behavior due to acute stress. Herten
et al. [Her17] employed eye-tracking glasses in a between-study design, comparing gaze behavior
in the with that in the Under stress conditions, participants demonstrated longer
and more frequent fixations on central objects, along with reduced fixation times on committee

faces, suggesting a tendency towards gaze avoidance of socially threatening stimuli [Her17]].
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Vatheuer et al. [Vat21] analyzed gaze behavior among 63 participants in a virtual reality
adaptation of the[TSSTl They found a significant negative correlation between the duration of gaze
on judges and cortisol production, indicating that individuals who spent less time looking at the
judges exhibited a stronger cortisol response to acute stress. This suggests that gaze avoidance is
linked to heightened stress reactivity. Moreover, an examination of gaze behavior across different
phases of the [TSST revealed higher gaze times on judges compared to surroundings during the
speech task, while in the arithmetic task, this pattern was reversed [Vat21]].

In their study, Guy et al. [Guy23|] compared the speaking component of the TSST with a
non-stressful control condition and observed a prolonged increase in pupil diameter following
acute stress exposure through the TSST. However, the influence of changing light conditions
on pupil diameter complicates its use as a proxy for acute stress responses. Gaze behavior was
assessed before and after stress or control tasks, revealing that acute stress diminished visual
exploration, evident from fewer saccades and a smaller scanned area. It didn’t significantly affect
attention to social features or image salience, challenging theories like Tend-and-Befriend, which

suggest stress promotes social affiliative behaviors [Guy23|].

Despite these insights, there remains a notable gap in research, as no studies to date have
exclusively focused on analyzing gaze behavior under acute stress through video recordings alone,
a method potentially more applicable and versatile in various research contexts than eye-tracking
glasses or virtual reality setups. Given the complexity of extracting gaze patterns from videos,

there is a pressing need for more research in this area.

2.1.4 Speech Characteristics & Stress
Background

The human voice serves not only as a primary means of communication but also as a potent
indicator of an individual’s psychological and physiological states [BelO4]. Voice production
is a complex physiological process initiated by the air pressure system, particularly the lungs,
which generate the necessary airstream pressure. This stream of air is then intricately shaped
by the phonatory system within the larynx, where the vocal folds engage in vibratory motion,
a phenomenon known as phonation. Beyond the larynx, the articulatory system, including the
nasal and oral cavities along with the pharynx, adds resonance, while the coordinated action of
the tongue, palate, and lips articulates the phonated sound into distinct speech elements [HonOS]].

A general scheme of the voice production apparatus is shown in Figure [2.2]
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Figure 2.2: General scheme of the voice production apparatus [[And17].

The qualities of voice — pitch, volume, and timbre — are the result of this complex interplay.
Under stress, these qualities exhibit measurable changes. For stress detection, the voice signal is
analyzed in the time and frequency domain. Time-domain analysis captures features such as jitter,
which measures the frequency variation for specific time periods, and shimmer, which reflects
amplitude variations. In the frequency domain, spectral features are examined, including formant
frequencies that are resonant frequencies of the vocal tract and are often affected by stress [De 06]].

Voice analysis for stress detection offers a non-invasive method to monitor mental health and
aid in stress management. Ongoing advancements in machine learning promise to enhance the
sensitivity and specificity of stress detection tools, which could lead to significant improvements
in digital health applications.

Application

The study of speech in relation to psychosocial stress is still evolving, with current research efforts
primarily directed towards the identification and refinement of fundamental speech parameters. A
common observation regarding stress-induced changes in speech is an increase in the fundamental
frequency (F0), as noted by Kirchbiihel et al [Kirl1]]. Additionally, formants have emerged as
promising speech features for distinguishing stress. In particular, shifts in the first formant (F1)

and second formant (F2) have been identified by Van Puyvelde et al. as reliable indicators of

psychological stress [Van18§].
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In a pioneering study, Baird et al. [Bail9]] assessed the ability of speech-based features to
predict sequential cortisol measurements. They observed a moderate correlation between speech
characteristics and cortisol levels during the [Bail9]. In subsequent research involving
100 participants, they extended their analysis to forecast physiological parameters like [HRl and
respiration, employing the same set of features in conjunction with a[DL}-based framework [Bai21].

In the most recent study, Oesten et al. [Oes23|] evaluated the efficacy of vocal acoustics for
stress detection in a within-subjects design (TSST] vs. [[-TSST)). Their research revealed significant
alterations in acoustic features under stress. A stepwise backward multiple linear regression
model explained 58.8% of the variance of the maximum cortisol increase. Additionally, their
classification experiments were able to distinguish between stressed and non-stressed states with
an accuracy of 80.0 = 12.7%. However, the small sample size of 21 participants, predominantly
female (85.7%), may limit the generalizability of these findings [Oes23].

Due to the controlled nature of speech content in the only a few studies have analyzed
speech and language output during its speech component. Buchanan et al. [Buc14] noted that
stress resulted in increased pause times during speech; however, they also observed that language
productivity was actually higher under stress compared to non-stressful speaking tasks. In contrast,
participants exhibited more frequent pauses during the stressful [TSST] a trend that was particularly
pronounced among those who exhibited larger cortisol and[HRIresponses to the stressor. This study
highlights the intricate interplay among stress, speech, and language, and supports the anecdotal

evidence of stress-impaired speech production abilities [Buc14].

Given the considerable variability in speech features and the pronounced differences observed
between genders, it is imperative to analyze speech within a larger, more diverse sample and
through a within-study design to enhance the robustness and generalizability of findings in the

context of acute stress detection.

2.1.5 Multidimensional Stress Detection in Videos
Background

Facial expressions, body movements, gaze behavior, and speech characteristics each offer unique
insights into an individual’s emotional state. The human brain has the remarkable ability to
integrate these diverse signals into a coherent perception of others’ emotions, much like an
orchestra combines different instruments to create a harmonious composition [Foa86]. This

holistic processing allows for a more accurate assessment of emotional states, including acute
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stress, by recognizing the nuanced interplay among tightened facial expressions, constrained body
movements, focused gaze, and speech alterations [[VanO7]].

Currently, researchers are exploring ways to combine digital biomarkers, including facial
expressions, gaze behavior, body posture, and vocal characteristics from videos, into a single
multidimensional model. This holistic approach aims to gain a better understanding of how these

indicators interplay in conveying stress and other emotional states.

Application

In the study by Pisanski et al. [Pis18]], 80 adults underwent the with voice, polygraph, and
hormone measures recorded. The findings revealed that stress led to an increase in voice pitch,
along with a decrease in hand movements and skin temperature, with striking similarities between
men and women. However, the relationship between cortisol, skin temperature, and voice pitch
changes was weak, indicating inconsistencies in stress responses across genders. This highlights
the urgent need for further research using multimodal stress measures to explore the factors behind
these varied responses, including gender and individual stress reaction differences [Pis18|].

In the study by Aigrain et al. [Aig18]], multimodal stress detection was explored through a
combination of physiological data, subjective markers, and objective behavioral markers such as
body movement and facial expressivity, all derived from video recordings. The study focused on a
socially evaluated mental arithmetic test with a sample size of 25 participants. It achieved a notable
F1 score of 0.85 in predicting stressed versus non-stressed states using these multimodal features.
The findings underscored that integrating data from blood volume pulse, [HR, movement behavior,
and facial expressions results in a more robust prediction of stress. However, the study was limited
by its small participant pool of only 25 individuals and the absence of a control condition [Aig18].

Zhang et al. [Zha20] conducted a study on stress detection using a deep learning-based model
that analyzed facial expressions and action motions from video recordings. The model achieved
an accuracy of 85.42% in identifying stress states. In their experiment, stress was induced by
having participants watch a scientific program and then answer ten questions about each video.
For the non-stressful task, participants watched neutral videos. This method aimed to simulate
stress-inducing conditions, though the actual stress response was not directly quantified. The study
included a sample size of 122 participants [Zha20].

Norden et al. [Nor22b] explored various stress dimensions, examining how the choice of stress
labels might influence predictive performance in[ML pipelines. They trained three standard ML
models to predict different stress labels using either voice or facial cues, with only male partici-

pants (N=40) involved. [MLl models showed that voice-based predictions correlated strongly with
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panel-annotated stress levels (ps = .54), outperforming other models (ps = .30). Face-based models
were positivly related to ground truth values for face-based (ps = .24) but not for voice-based
models. However, predictions for video-annotated stress and endocrinological stress levels were
not successful in both settings. They suggest that future work should incorporate other potentially
stress-relevant cues, such as head-pose, posture, eye-gaze, and linguistic features, from the videos

into the prediction model [Nor22b].

So far, the exploration of digital biomarkers for contactless stress detection has yielded promis-
ing results. However, the presence of challenges such as limited sample sizes and the absence of
control conditions underscores a critical need for further research. This necessitates the incor-
poration of both subjective and objective stress assessment markers to accurately predict stress
responses, including physiological markers like [HRL For a more holistic understanding, investi-
gating the efficacy of [PPG] methods in accurately predicting physiological changes presents a

promising avenue for advancing contactless stress detection technologies.

2.2 rPPG

In recent years, has become increasingly popular for contactless [HRlextraction from facial
videos. The subsequent sections will delve into the origins and initial models followed by

an exploration of its current validation and application in acute stress research.

2.2.1 Background
From PPG to rPPG

Building on the established method, remote photoplethysmography (tPPQ)) is a pioneering,
non-contact method for[HRI measurement. technology employs a light source and a photode-
tector to monitor changes in blood volume under the skin, based on the Beer—Lambert law which
associates light absorption with hemoglobin concentration [McD15]]. This principle supports
non-invasive devices such as pulse oximeters and fitness watches. Yet, traditional devices face
limitations, including unsuitability for sensitive individuals, discomfort, and potential inaccuracies
due to environmental variables [[Al-17]].

To address these issues, non-contact methods have been developed, utilizing camera
technology to detect subtle skin color variations and derive the signal. Unlike traditional
that requires physical contact, methods analyze video recordings of the subject’s
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face [McD15].
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Figure 2.3: Diagram of signal generation, showing a camera capturing specular (non-
informative) and diffuse (blood volume-related) skin reflections under environmental light, enabling
[lPPG signal extraction.

The operational basis of is akin to conventional with the distinction being in signal
acquisition. processes video to observe blood flow changes with each heartbeat. As illus-
trated in Figure the Dynamic Region Model (DRM)) [De 13] elucidates fPPGF's functionality,
distinguishing between specular and diffuse reflections from the skin. While specular reflection
provides no physiological information, diffuse reflection, emanating from blood vessels, is rich in
physiological data [VerOS]. focuses on extracting this meaningful diffuse reflection.

Advantages of [PPGlinclude eliminating the need for contact-based devices, thus mitigating
their associated drawbacks, and its suitability for continuous, long-term monitoring across various
patient populations. However, the reliability of [HRI extraction via methods remains in
question, highlighting the urgent need for additional validation before it can be considered a viable

alternative to traditional [HR] monitoring techniques [Xia24].

Conventional Models

Before the emergence of [DL] conventional methods dominated the fPPGllandscape. The feasibility
of was first demonstrated in 2008 by Verkruysse et al. [Ver0O8], marking a pivotal moment that
paved the development of several conventional techniques [VerO8|]. Conventional methods
primarily leverage algorithms to reduce motion artifacts and noise in facial videos for improved
signal extraction. Techniques like Independent Component Analysis (ICAJ) [Poh10] and Principal
Component Analysis (PCAl) [Lew11] struggle with artifacts that share frequencies with the normal
[HRlrange.
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Model-based approaches, notably the [De 13]] and the [POS| [Wan17]], utilize the
blood volume pulse changes to distinguish between pulse-induced and motion-induced color
changes in RGB videos. Another method called blood volume pulse (BVP) [De 14]], same name
as the underlying blood volume signal itself, differentiates pulse-induced color shifts from motion
artifacts in the RGB spectrum by leveraging characteristic blood volume changes. Another method
called 2SR is an innovative algorithm enhancing accuracy by estimating skin-pixel subspace
rotation, bypassing the need for skin-tone or pulse assumptions. It surpasses conventional methods
like and [CHROM] detecting pulse rates accurately under various conditions [Wan16].

A study comparing and across various conditions highlighted
the effectiveness of in both stationary and motion contexts, despite challenges in differenti-
ating similar amplitude signals. In particular, has shown superior performance in handling

high noise scenarios like fitness challenges due to its physiological basis [Wan17].

Conventional methods still face difficulties with datasets under challenging conditions, in-
cluding varying lighting, elevated [HRS, and diverse skin tones, making them susceptible to noise
degradation [Xia24]]. However, emerging [DL}based methods offer promising approaches to
overcome these challenges.

Deep Learning Models

deep learning (DL) advancements have revolutionized remote [HR] measurement by introducing
models capable of handling complex situations. These predominantly supervised methods require
extensive training data but deliver superior performance. Since the second part of the thesis
primarily focuses on validating methods, only publicly accessible pre-trained models of
supervised methods will be introduced and discussed.

Inspired by the success of 2D [CNNE in computer vision, Spetlik et al. [Spe18] introduced the
firstflPPGIDI method, HRICNNE [Spe18]), designed for remote[HRlmeasurement using a two-stage
architecture. Validated on the PURE dataset [Str14]], HR-CNN significantly outperformed
traditional methods with a Mean absolute error (MAE) of 3.14 beats per minute and
demonstrated robustness against video compression.

Following HR-CNN, Chen et al. proposed DeepPhys [Che18b|], which builds on the success of
2D with a focus on motion robustness, incorporating an attention mechanism for improved
performance. However, its limitation in capturing temporal information was addressed by Liu
et al. with MTTS-CAN [Liu21al], which integrated the Temporal Shift Module (TSM)) for better
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temporal analysis, demonstrating notable improvements on the UBFC-rPPG dataset [Bob19].
Yu et al. then introduced PhysNet [Yul9], a 3D [CNN| method that directly extracts
signals from raw RGB frames, showcasing the advantages of 3D over 2D in learning spatial
and temporal features. PhysNet’s effectiveness was proven through its performance on the OBF
dataset and its potential application in emotion recognition. Further, Yu et al. also developed
Physformer [[Yu22]], employing a time-difference transformer for advanced spatiotemporal analysis.
This method stands out for its precise signal estimation and robust performance across various

datasets, highlighting its state-of-the-art capabilities.

Despite these advancements, the effectiveness of highly depends on the training data
and remains sensitive to illumination, movement, and skin color variations. Moreover, Zhan et
al. highlighted limitations in the robustness of [DLI models and suggested exploring hybrid
methods, integrating PPG-related knowledge for improved outcomes, indicating a nuanced path
forward in research [Zha20].

2.2.2 Application
Validation of rPPG Models

Currently, accessing code for various learning-based methods is challenging. This is indicated by
the fact that only few studies actually validate developed state-of-the-art methods on new
and more naturalistic datasets [ Xia24]].

Liu et al. [Liu23]] compared six convolutional methods (GREEN [Ver08§]],
LGI, PBV, with five [DI}based methods (TS-CAN, PhysNet, PhysFormer, DeepPhys and
EfficientPhys) on the benchmark datasets PURE and UBFC-rPPG. PhysNet outperformed on
UBFC-rPPG with a[MAE] of 0.98 [bpm], followed by Physformer (MAEL 1.44 [bpm)), both trained
on PURE. Regarding the PURE dataset, performed the best with a[MAE of 3.67 closely
followed by TS-CAN trained on UBFC-rPPG (MAE! 3.69 bpm). The above validation was part of
the development of the rPPG-Toolbox which contains unsupervised and supervised models
with support for public benchmark datasets, data augmentation, and systematic evaluation to
further facilitate the validation of state-of-the-art models [Liu23].

In the review paper by Ni et al. [Ni21], the benchmark UBFC-rPPG dataset was used to
compare the performance of four methods for [HRl measurement, namely rPPGNet, 3D{CNN|
PhysNet and Meta-rPPG. The results showed that PhysNet generated the best[HR] measurement
outcome among these methods, with a[MAE of 2.57 and a MSE of 7.56 [Ni21]).
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Yang et al. [Yan22] evaluated the performance of three[DL}-based methods (DeepPhys, rPPGNet,
and Physnet) to that of four traditional methods GREEN, [CAl and [POS)) using two
public datasets: 1) UBFC-rPPG; 2) the BH-rPPG. The experimental results demonstrate that
traditional methods are more resistant to fluctuating illuminations. They found that the PhysNet
achieved the lowest among [DI}based method under medium illumination, whereas the
achieves 1.04 bpm|, outperforming the PhysNet by 80% [[Yan22].

Research indicates that testing state-of-the-art flPPGlmodels on more real-world datasets is still
insufficient to validate the reliability of the estimated[HRIl This validation is crucial for applications

in medical contexts or stress state recognition.

Stress State Recognition with rPPG

Combining remotely assessed physiological states through [lPPGl with digital biomarkers unveils
the potential of exclusively contactless methods for identifying emotional and cognitive stress
levels solely through video recordings.

McDuff et al. [McD14] used I[CAlbased to predict stress states from [HR] breathing
rate, and heart rate variability (HRV]), which aligned well with contact-based measurements.
Despite no marked [HRI differences between relaxed and stressed states in their ten-participant
study, the model predicted stress with 85% accuracy using a person-independent classifier. The
small sample size and lack of cross-validation suggest potential overfitting, and findings of only
[HRV] differences raise questions about classifying mental rather than stress states [McD14]].

In a study by Iuchi et al. [Iuc20]], seven participants performed mental arithmetic under varying
complexities with fixed head positions, resulting in 78 videos. They developed a new method called
HMS+2SR which first converts pixel values to hemoglobin components named HMS [Fuk17],
and then extracts pulse waves using 2SR. Seven different [PPG methods were tested, finding 2SR
most accurate (Mean absolute percentage error (MAPE]) nearly 80%). Using k-NN, 2SR and
HMS+2SR showed 70% accuracy in stress classification, with also above 70%. The study
did not compare variations or State-Trait Anxiety Inventory (STAI) scores across stress levels
and was limited by its small sample and restricted head movements [[uc20].

Morales-Fajardo et al. [Mor22]] extracted [HR] from webcam videos using of fifty-six
undergraduates to assess academic anxiety. Together with demographic data, they compared
normal classes to exams with questionnaires. Achieving 96% accuracy with kNN, J48, and
Random Forest classifiers, the project’s [HRI data lacked validation against a ground truth, casting

uncertainty on its role in predicting anxiety alongside factors such as gender, school type, and
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extracurricular activities [Mor22].

Benezeth et al. developed an algorithm for [HRV] estimation, demonstrating a strong
correlation with emotional states [Ben19]. In a follow-up, Sabour et al. recorded participants
during the using to extract[HRk from videos. The study noted the lowest MAE during
rest (3.55 [bpm)), then the math task (5.99 bpm)), and the speech part (9.26 [bpml)), achieving 85.48%
accuracy in stress detection with [PPGland electrodermal activity (EDAJ) features. This marked

the first dataset to include speech and more natural movements in flPPGl extraction [Sab23]].

The studies highlight the need for further validation of [HR]extracted from videos, especially
for stress recognition models to distinguish actual stress from different mental loads. This thesis
aims to validate both and conventional methods in real-world scenarios, taking into
account [HRVI speech sequences, and head movements. Additionally, it will examine whether [HR]

combined with other digital biomarkers, can effectively identify stress.



Chapter 3

Methods

3.1 EmpkinS-TSST Dataset

To evaluate the impact of acute stress on the body using digital biomarkers, data from an ongoing
video-recorded research study at the Machine Learning and Data Analytics Lab by the EmpkinS
collaborative research center [Emp24]] were utilized. In this study, participants underwent the
and on two consecutive days. To ensure a balanced dataset, the condition order was

randomized.

3.1.1 Study Population

For this thesis, data from 44 participants (25 female and 19 male) were analyzed. An overview of
the gender distribution and the order of conditions is presented in Table 3.1 while demographic

and anthropometric data for the participants are detailed in Table [3.2]

Table 3.1: Gender distribution of the first part of the EmpkinS study dataset.

Condition order \ Female \ Male \ Total

ETSSTHirst 13 10 23
[TSSTHirst 12 9 21
Total 25 | 19 | 44

Participants were recruited through electronic flyers on social media and mailing lists. They
filled out a screening questionnaire to determine eligibility, with exclusion criteria including being
outside the 18-50 age range, non-German native speakers, Body Mass Index (BMI) outside 18-30,

any physical/mental illness, medication use, smoking, drug use, adiposity, or previous similar stress
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Table 3.2: Demographic and anthropometric distribution of the first part of the EmpkinS
study data (mean =+std).

| Age [years] | Height [cm] | Weight [kg] | BMI [kg/m?]

Female | 22.65 £ 2.68 | 168.70 £ 5.94 | 59.90 £8.24 | 20.95 %+ 1.80
Male | 22.75+3.32 | 181.63 £ 6.47 | 75.31 £8.58 | 22.84 + 2.46
Al [ 2270 £2.90 | 174.32 £ 8.82 | 66.84 £ 11.20 | 21.86 = 2.29

test participation. As compensation, they could choose between receiving S0€ or, for psychology

students, 5 “Versuchspersonenstunden”.

3.1.2 Acute Stress Induction

In the ongoing EmpkinS study, which employs a within-subjects design, the is utilized
for stress induction—recognized as the gold standard for eliciting acute psychosocial stress in
laboratory settings [Dic04]. The f=TSSTserves as a control condition, specifically designed not to
activate the axis or increase negative affect [Wie13]). Differences between the and
protocols within this design are illustrated in Figure [3.1]

s 3 e 3
TSST f-TSST

Neutral, Dismissive Panel Friendly, supportive

Preparation & PASA Preparation Preparation & PASA

Job Interview Talk CV & Career Aspiration

Count backwards from 2043
in steps of 17

Math Count from 0 in steps of 15

—
—

Figure 3.1: Differences between and f=TSST

TSST

The [ISST]involves participants performing in front of a neutral two-person panel, consisting of a
male and a female experimenter in white lab coats. The active member of the panel, always of the

opposite gender to the participant, is seated on the right site of the panel. The protocol encompasses
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three phases, each lasting 5 minutes: preparation, talk, and math. During the preparation phase,
participants are briefed that the panel will judge their suitability for their dream job based on
personality traits. They then prepare notes for an interview-style conversation and complete
the Primary Appraisal Secondary Appraisal questionnaire [Gaa09] to assess cognitive
appraisals under stress [Carl6]. After the preparation, participants begin their interview, speaking
continuously, with the panel intervening only if the participant strays off topic or remains silent
for more than 20 seconds. In the final math phase, participants perform a mental arithmetic task,

counting backwards from 2043 in steps of 17, with instructions to restart at any mistake.

f-TSST]

Like the the is conducted in front of a two-person panel but aims to minimize stress
while maintaining a comparable setting. The panel does not wear lab coats and adopts a friendly,
supportive demeanor. During the preparation phase, the opposite-gender panel member exits the
room. The talk part is designed as a conversation about the participant’s CV and career aspirations,
rather than a stressful job interview. Since the original protocol does not include a math
component, the math section from the placebo{I'SSTI [Het09]], a low-stress alternative to the
is utilized. Here, participants count in steps of 15 starting from 0, with errors pointed out in a

supportive manner and instructions to continue from the last correct number.

3.1.3 Study Procedure

In the following, a brief overview of the EmpkinS-TSST protocol is given.

Pre-Test

Upon arrival at the lab, participants entered the preparation room to provide consent to participate
in the study before undergoing initial assessments: the first saliva (S0) was collected. To balance
glucose levels in the blood, 200 ml of grape juice or sugar water was provided [Zan20]]. Female
participants also provided a sample for progesterone level analysis to account for menstrual cycle
effects on cortisol response [Ham?20)].

Participants’ body composition was measured using a scale for body weight, fat, and muscle
percentage. Electrocardiogram (ECG]) data were captured via a [ECG] sensor node (Portabiles
GmbH, Erlangen, Germany), attached to a chest strap, recording a 1-channel according to
Lead I of Einthoven’s Triangle with a sampling frequency of 256 Hz.
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(f-)TSST

Approximately 40 minutes after arrival, participants were brought to another room to undergo the
(f-)TSST, detailed in Section[3.1.2] During the (f-)TSST, facial expressions and body movements
were recorded using an red-green-blue camera (Sony SRG-300H) and an RGBID camera
(Microsoft Azure Kinect), while a smartphone app logged test phases. Video and [ECG data
synchronization utilized Inertial Measurement Unit (IMU]) attached to both the camera and [ECG|
recorded on the same system for matching timestamps. A peak was generated in each signal for
alignment. An on a clapperboard, captured in the video, allowed manual synchronization by
matching the clap moment and the signal peak.

Post-Test

Directly after the (f-)TSST, participants returned to the preparation room for a saliva sample (S2),
followed by self-report questionnaires, including the [Wat88]. A complete overview of
the questionnaires is provided in Table[3.3] Additional saliva samples were collected at post-test
intervals (S3 - 25min, S4 - 35min, S5 - 40min, S6 - 60min, S7 - 75min). At the end of the testing
day, participants were either reminded of their next session (Day 1) or debriefed and asked to sign

a non-disclosure agreement about the study setup (Day 2).

3.1.4 Stress Response Measures

The stress assessment comprises of objective (HRL cortisol, SAA) and subjective measures (self-

report). In the following each one will be presented and how they were further processed.

ECG

The acquired data were processed to extract R-peak-to-R-peak (RR)) intervals, following an
initial filtering step and the application of a QRS detection algorithm provided by the Neurokit2
library [Mak21]]. To minimize artifacts in the [RRl intervals, methods from prior studies were
employed, such as those described in [Hap21]]. From these refined RRlintervals, HRlwas calculated
to assess the physiological responses of participants. Due to the absence of a true [ECGlbaseline
measurement in the study design, it was not possible to calculate the percentage increase in
relative to a baseline (AH R). Furthermore, HRV] metrics, including RM SSD, pN N50,
and SD1/SD2, were determined following the guidelines set by the HRV Task Force [Mal96]],

providing insight into sympathetic nervous system activation.
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Endocrinological Data

Using Salivettes (Sarstedt AG & Co. KG, Numbrecht, Germany) for collection, the eight samples
remained at room temperature until session completion and were then frozen at —18°C. Later, cor-
tisol concentrations were extracted from the saliva samples using established procedures detailed

in prior research [Ric21al.

To further quantify the stress response, four cortisol parameters were derived from raw cortisol

values, following the methodology outlined by Pruessner et al. for AUC,; and AUC; [Pru03]:

Cmax Maximum cortisol increase

mgi1sa | Slope from S1 to S4

AUC, | Area under the curve with respect to ground
AUC; | Area under the curve with respect to increase

The maximum cortisol increase ¢,,,, is determined by the difference between the highest
cortisol level after the (f-)TSST and the initial level (Equation [3.1)). The equation is defined as:

Acmax = max(S;) — Sy, Vi€ [2,7] (3.1)

The slope between the first and fourth samples, mg; g4, is calculated using the formula:

Sy — 51
ty — 14

msi154 = 3.2)
The total cortisol released in response to the (f-)TSST, denoted as AUC, is calculated with
the trapezoidal rule (Equation [3.4)), where S, represents the cortisol level at time ¢;, and At; is the

time interval between consecutive samples in minutes.

6
AUC, =Y G +25 ) - A (3.3)
=1

Lastly, AUC’; measures the area under the curve with respect to the initial increase, calculated
as:

6
Ave, = (Y Bt S8 ) (3.4)

=1
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Self-Report Data

During the study, participants completed psychological questionnaires at three stages: screening,
pre-test, and post-test. Initially, eligible participants - as defined in Section - completed a set
of questionnaires during screening. They then completed another set before and immediately after
each (f-)TSST intervention. A comprehensive list of these questionnaires is presented in Table 3.3
This thesis will specifically analyze the questionnaire.

To evaluate the effects of the (f-)TSST on various psychological state variables, the differences
in questionnaire scores before and after the (f-)TSST were calculated. Specifically, for PANAS]|
two distinct scores were analyzed: positive affect (PANAS-PositiveAffect) and negative affect
(PANAS-NegativeAffect).

Table 3.3: Overview of psychological questionnaires used in the study.

Set | Screening | Pre | Post
Questionnaires | ADS-L STADI State | STADI State
STADI Trait | PANAS PANAS
Brief-Cope | SSSQ SSSQ
PSS VAS
BFIK SSSGS
RSE
SCS-D
RSQ
BES
SOC
TSGS
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3.2 Digital Biomarker

In this thesis, a pipeline was developed for extracting digital biomarkers from videos. This pipeline
is comprised of two main components: pre-processing and feature extraction, as highlighted in
Figure [3.2] Due to the poor audio quality of the dataset (outlined in Section [3.1)), the focus
of this thesis is limited to video-based digital biomarkers, such as facial expressivity, movement
patterns, and gaze behavior. The subsequent sections will detail the methods used for extracting
these features from videos. Furthermore, it is shown how these digital biomarkers were analyzed
to assess the impact of stress and their relationship with traditional biological and psychological

stress markers.
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Figure 3.2: Digital Biomarker Pipeline: Video processing to extract facial expressions, movement
patterns and gaze behavior.

3.2.1 Pre-processing
Video Synchronization

As outlined in the study design in Section[3.1.3] were employed to synchronize the video
recordings with the ECGlsignal. To facilitate this synchronization, a peak was generated in each
signal for alignment purposes: one peak through the act of clapping a clapperboard for the video,
and another peak generated within the [ECGlsignal itself. For synchronization, the peak in
the [ECGI signal was synchronized with the corresponding peak in the data. If a peak for
synchronization was not detected, the original timestamp from the was used as a
fallback. The peak created by the clapperboard was then employed to align the timestamp from

the video recording with a manually detected timepoint within the video. In instances where the
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peak for camera alignment was absent, synchronization of the video recording was achieved by
mapping the timestamp from the start of the talk phase to the corresponding timepoint in the video

recording.

Cut Video Phases

Following the synchronization of the video recording, videos were segmented into the distinct
phases of the (f-)TSST for detailed analysis.

3.2.2 Features

To analyze the impact of acute stress on facial expressions, movement patterns, and gaze behavior,

the following features were extracted. A detailed overview can be found in the Appendix

Facial Expression Recognition

Facial expressions and [AUs were analyzed from video data using the open-source Pyfeat pack-
age [Che21]], which supports pre-trained models for face detection, landmark identification, emo-
tion recognition, and [AU] detection. To optimize computation, only one frame per second was
processed, reducing the original frame rate from 29 fps to 1 fps.

Initially, video data requires pre-processing for both emotion levels and values. This step
involves detecting faces and identifying landmarks, which are crucial for classifying emotions
and [AUk values. PyFeat offers a comprehensive pipeline that integrates both pre-processing and
facial expression classification into one system. For face detection, it employs RetinaFace - a
single-stage method for dense face localization developed by Den et al. [Den19]. The detected
faces are then used to extract facial landmarks with MobileFaceNet [[Che18al], an efficient[CNN]
designed for real-time face verification with high accuracy. Finally, the facial landmarks serve as

an input for subsequent classification of emotion levels and action units.

Emotions

The residual masking network, ResMaskNet [Pha21]], an end-to-end model that integrates
deep residual networks with masking blocks, was utilized for emotion detection. By focusing on
local regions, ResMaskNet refines its predictions and maintains performance in deeper layers. It
assigns a probability to each frame for seven emotions: anger, disgust, fear, happiness, sadness,

surprise, and neutral.
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Action Units (AUs)
Pyfeat employs the XGBoost Classifier to identify 20 distinct[AUk. Leveraging the architecture of
OpenFace [Ball8]], the model processes and compresses Histogram of Oriented Gradients (HOG])
features from facial landmarks with a convex hull algorithm and [PCA| predicting the through
ensemble-based shallow learning techniques. Each[AU]receives an activation value on a scale
from O to 1 for every frame.

Descriptive statistics, including mean, standard deviation, minimum, and maximum values,
were calculated for both emotion levels and [AUk values over the different phases. The comprehen-

sive list of features is shown in Table 3.4]

Table 3.4: Overview of emotion values and [AUk levels.

Type | Feature | Metric
emotions anger, disgust, fear, neutral, mean
happiness, sadness, surprise, std

action units | AUO1, AUO02, AU04, AUOS5, AU06, AUO7, AUO9, | min
AUI10, AU11, AU12, AU14, AU15, AU17, AU20, | max
AU23, AU24, AU25, AU26, AU28, AU43

Movement Patterns

To extract movement features from videos, facial landmarks need to be detected. Each landmark
is characterized as one pixel value in the x-y plane. In this thesis the package MediaPipe [Lug19]]
from Google was used to extract facial and upper body landmarks. MediaPipe Face Mesh provides
a robust framework for real-time estimation of 468 3D face landmarks using machine learning,
requiring only a single camera input without additional depth sensors. It features an efficient
pipeline that includes a face detector as well and a 3D face landmark model, designed to deliver
high accuracy in facial surface mapping by utilizing lightweight architectures and GPU acceleration.
The 468 facial landmarks are shown in Figure in detail [3.3]

To ensure the observation of pure head movements, while excluding muscle activity related to
facial expressions, this study designated facial landmarks around the nose area for the quantification
of head movements. The mean value of these 10 landmarks served as the basis for further
analysis. Following previous work, movement features were divided into two types: generic
and expert [Ric22]. Generic features encompass mean distance, range of motion, mean velocity,
and standard deviation of movements, all of which do not require domain-specific knowledge.

Further, the visibility of both hands and elbows was calculated by counting their appearances
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Figure 3.3: Mediapipe 3D FaceMesh with its corresponding facial landmarks, as depicted by
Google Mediapipe.

in the video. On the other hand, expert features are developed to describe particular movement
patterns highlighted in earlier studies. Among these, two expert features — static periods and
movements falling below a certain threshold — were computed. Both, generic and expert features,
are listed in Table

Below Threshold

This metric counts the number of samples falling under a specific threshold, which, following the
methodology described in previous research [Ric22], is determined as a percentage of the signal’s
maximum value. This metric serves as an additional method to assess expected stationary behav-

ior under acute stress conditions, with the threshold ratio defined at 10%, as detailed in Equation@

Static Periods

As in previous work, static periods were calculate to assess if participants are moving less under
the influence of acute stress [Ric22]. Static periods were identified across 0.5 second windows
with a 50% overlap. A window was classified as static if its variance fell below 10% of signal’s

maximum value. This threshold was chosen by using test data.


https://developers.google.com/ml-kit/vision/face-mesh-detection
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Table 3.5: Overview of both generic and expert movement features for each body part.

Body Part | Type | Metric | Definition
generic | mean_velocity Mean velocity
left/ right std_velocity SD velocity
shoulder range_of_motion | Range of motion
head expert | below_threshold | Counts per minute below
threshold
static_periods Counts per minute of static
periods
left/right generic | visibility Absolute count of visibly
hand detected hands
left/right generic | visibility Absolute count of visibly
elbow detected elbows

True, if ||z|]2 < 0.1 - max(x)
below_threshold(z) = (3.5)

False, otherwise

Gaze Behavior

The evaluation of gaze behavior utilizes eye-specific landmarks, which are selectively extracted
from the facial landmarks previously used in head movement analysis with the MediaPipe package.
Isolating gaze movements from head motions requires subtracting the mean absolute head move-
ment from these eye landmarks. This process enables the calculation of mean velocity, standard
deviation, and the identification of periods below threshold and static, mirroring the analysis of
movement features described earlier. A comprehensive list of gaze-centric features is provided in
Table

Focusing on changes in pupil diameter due to acute stress, only landmarks related to the pupil
are extracted. The smallestenclosingcircle package, based on the work by Welzl [Wel91], is used
to draw a circle around these landmarks for both the left and right eyes, which facilitates the
calculation of the diameter. Based on these diameters, general statistics such as mean, standard
deviation, and the minimum and maximum values are calculated, as depicted in Table @

To study blinking patterns, distances between the eyes’ vertical and horizontal landmarks are
calculated frame by frame. A blink is identified when the Eye Aspect Ratio (EAR) is below a
predetermined threshold of 0.47, based on test data analysis. The blink rate for each eye is then

quantified, adjusting the count to a per-minute rate.
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Table 3.6: Overview of features for gaze behavior, pupil diameter and blinking behavior.

Eye Side | Type | Metric | Definition

gaze | mean_velocity Mean gaze velocity
std_velocity SD gaze velocity
below_threshold | Counts per min below threshold
left static_periods Counts per min static periods
right pupil | mean_pupil mean pupil diameter
std_pupil SD pupil diameter
min_pupil minimal pupil diameter
max_pupil maximal pupil diameter
diff_pupil framewise difference in pupil diameter
‘ blinks ‘ blinks_min mean blinks per minute

3.2.3 Aims

Aim 1: To predict acute stress versus a non-stressful control condition using video-based digital
biomarkers and to analyze how facial expressions, body movements, and gaze behavior contribute

to the classification output.
» Type: Inference-based Statistics, ML}Fbased Classification

» Hypothesis: Video-based digital biomarkers predict stressed (TSST)) and non-stressed
(f=T'SST) states with high discriminatory accuracy. Facial expressions, body movements,

and gaze behavior each influence the classification output.

Aim 2: To examine the relationship between changes in facial expressions, speech, and movement,

and traditional biological and psychological stress markers.
» Type: ML}based Regression

* Hypothesis: Digital biomarker predict continuous values of [HR] cortisol, and subjective

stress scores.

3.2.4 Model Development & Evaluation

To assess how effective digital biomarkers from video recordings are at identifying acute stress,

several different models were employed.
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Inference-based Statistics

Given the sample size exceeds 30, the distribution of the samples is assumed to be normal in
accordance with the central limit theorem [Kwal7]. Consequently, the statistical analysis employed
a repeated measures Analysis of Variance (ANOVA)) for the main test, complemented by paired
t-tests as post-hoc analysis. Since participants were subjected to both control and intervention
conditions, a within-subjects design was chosen. Statistical computations were conducted using
the Python package biopsykit [Ric21D], leveraging pingouin for implementation. Effect
sizes for t-tests were quantified using Hedge’s g. Statistical significance was denoted in Figures
and Tables as follows: *p < 0.05; **p < 0.01; ***p < 0.001.

MUL-based Classification

models were developed to distinguish between stress and non-stress states using digital
biomarkers. The classification process followed a standard pipeline, comprising of removing
features with zero variance, scaling, feature selection, and classification, as further detailed in
Figure [3.4] To determine the best pipeline with respect to classification performance, different

combinations were tested which will be described in the following.

Classification

kNN

Scaling Feature Selection

SVM

Standard

SelectKBest

\ 4

DecisionTree

Min-Max RFE

AdaBoost

RandompForest

. J

Figure 3.4: Standard MI}-based classification pipeline.

First, all features with zero variance were removed. For scaling, both the Min-Max Scaler
and the Standard Scaler were tested. The Standard Scaler adjusts features to have a mean of 0
and a standard deviation of 1 through z-score normalization, while Min-Max Scaler normalizes
features to a range of 0 to 1. Following scaling, feature selection was performed using either
Select-k-Best (SkB)) or Recursive Feature Elimination (REE). selects the top k features based
on the highest[ANOVAI F-scores, whereas [RFE uses an estimator (in this case, Support Vector

Machine (SVM)) to rank features by importance and recursively eliminate the least important
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until the specified feature count is met. For classification, five distinct models were compared
based on their maximal accuracy: k-Nearest-Neighbors (KNN)), Decision Tree (DT), and
RandomForest classifiers.

All different pipeline combinations were tested using five-fold cross-validation (CV]). Within
each[CVlfold, another five-fold [CV] was used for feature scaling and hyperparameter optimization
to determine the best combination of feature selection algorithms and classifiers. Therefore, the
inner will be referred to as hyperparameter search and the outer one as model evaluation
To test all possible hyperparameter combinations, the accuracy was used as a target metric
and a grid search was employed for both the feature selection process and the classifiers, with
random search employing 10,000 trials specifically for Random Forest (RE).

Afterwards, the pipelines were retrained with the hyperparameters that yielded the highest
accuracy on all input data of the hyperparameter search [CVlto evaluate the different classification
pipelines. Predictions were then performed on the test set of the model evaluation which the
classifier had not seen yet. This process was repeated for each fold of the model evaluation [CV]
To avoid possible train-test leaks, it was ensured that data from the same participant (TSST| and
[=TSST) were either present in the training or the test set for both the hyperparameter search
and the model evaluation

The performance for each pipeline combination was evaluated over all folds of the model eval-
uation Therefore, the classification metrics accuracy, F1-score, and precision were computed
and confusion matrices were derived. Further, SHapley Additive exPlanation values, an
explainable machine learning approach, were employed using the shap Python Package [Lun17],
to identify the key features responsible for influencing individual outcome predictions [Lun20].

The complete list of hyperparameters used for optimization is detailed in Table 3.2.4

Backward linear regression

To relate digital biomarkers to[HRL cortisol levels, and self-reported scores, stepwise backward
multiple regression was explored, following the methodology of Lasselin et al. [Las20].
Consequently, the input data needs preparation: First, the difference between f-TSST and
was calculated, followed by the performance of z-score normalization for comparability. First,
features exhibiting multicollinearity greater than 0.8 were excluded to ensure model reliability.
Secondly, to reduce complexity and the dimensionality of the digital biomarkers, was applied
individually to the three feature groups facial expressions, movement, and gaze patterns, retaining

only the components that accounted for at least 80% of the variance.
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Regarding SBMLR model development, the goal was to refine the model to achieve the optimal
balance between explanatory power, as indicated by the highest adjusted R? value [Chi21], and
model simplicity. Through an iterative process, the SBMLR method selectively removed the least
significant predictor at each step. Based on the highest adjusted R? value, the final best-fitting

model was selected.

ML-based Regression

Regression analysis, employing [ML] techniques, was conducted similarly to the classification
approach. Unlike the classification models, which identify condition labels, the regression models
were designed to predict continuous endocrine (1mg;54) and self-reported measures
Negative and Positive Affect), as well as[HRIlevels (mean[HR). Consequently, five specific models
were adapted to their regression counterparts: KNN Regressor, Support Vector Regressor (SVR),
Decision Tree Regressor, AdaBoost Regressor, and RandomForest Regressor. The models were
optimized based on the metric R? (coefficient of determination). Hyperparameter optimization
was performed using a nested five-fold cross-validation technique in combination with a grid
search.

The regression pipeline employed the same feature scaling and selection techniques as the
classification task, including the application of either StandardScaler or MinMaxScaler for scaling,
and SelectKBest or for feature dimensionality reduction.

The hyperparameter configurations for these regression models are detailed in Table|3.2.4

The evaluation of the best[MI}-based regression model relied on two metrics: the R? value,
indicating the model’s explanatory power, and the[MAE] which reduces outlier influence, ensuring

a robust assessment [[Chi21]].
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Table 3.7: Hyperparameter grid used for classification and regression.
L only for RBF kernel; ? only for poly kernel; 3 RandomizedSearch was used for Randomforest

Feature Selection | Hyperparameter | Values
SelectKBest k 2 to 30; steps of 2
RFE n 2 to 20; steps of 2
Classifier/Regressor \ Hyperparameter \ Values
kNN k 1 to 20; steps of 2
weights uniform, distance
SVM Kernel linear, RBF, poly
C 1072,1071, 10°, 10', 102, 103, 10*
gamma' 1074,1073, 1072, 101, 10°, 10*
degree? 2t06
DecisionTree criterion classification gini, entropy
criterion regression squared _error, friedman_mse
depth 2 to 20; steps of 2
min_samples_ leaf 0.1 to 0.5; steps of 0.1
min_ samples_ split 0.1 to 0.8; steps of 0.1
max_features 0.1 to 0.6; steps of 0.1; sqrt, logs, all
AdaBoost base estimator DecisionTree

n_estimators
learning rate

10 to 400; steps of 30
0.001, 0.01, 0.1, 1.0

RandomForest 3

bootstrap

criterion classification
criterion regression
max_ depth

max_ features

min_ samples_ leaf
min_ samples_ split

True, False

entropy

squared_ error, friedman_ mse
4 to 50; steps of 2; all

0.1 to 0.5; steps 0.1; sqrt

0.05 to 0.2; steps of 0.05

0.1 to 0.6; steps of 0.1

0.0 to 0.5; steps of 0.1
2 to 20; steps of 2
0 to 0.1; steps of 0.01
10 to 500; steps of 20
10 to 400; steps of 40
0 to 1; steps of 0.1

min_ weight_ fraction_ leaf
max_leaf nodes
min__impurity decrease
n_estimators classification
n_ estimators regression
ccp_alpha




3.3. RPPG 37
3.3 rPPG

To validate state-of-the-art models, this chapter outlines the utilized models, including both
conventional and [DI}based models, as well as benchmark datasets. Further, the pipeline
will be described, including its pre-processing steps, model integration, and [HR] extraction from
the predicted signal. An overview of the validation process, encompassing both training
and testing datasets, as well as evaluation metrics, will then be provided. As this thesis aims to
assess the performance of current fPPG models, only openly available pre-trained models have

been utilized.

3.3.1 Conventional Models

This section delves into the conventional fPPG| methods that have set the stage for remote [HR|
monitoring techniques from video recordings. A summary of the methods used in this thesis is
provided in Table [3.8]

Table 3.8: Overview of conventional methods utilized in this thesis.

Method Year Description
GREEN 2008 Initial demonstration of the feasibility of the [PPGl method,

[VerO8]] revealing that the green channel contains the strongest pulsatile
signal.

ICAl 2010 ICAlbased fPPGlisolates the BVP signal from video data

[Poh10] by decomposing it into independent components, removing

correlations and noise sources.

2013 mitigates motion artifacts by employing linear

[De 13 combinations of channels, leveraging skin color changes
from diffuse and specular reflections to isolate pulse signals.

POS 2017 POSlisolates [HRI signals in by using the orthogonal plane

[Wan17] to skin tone in space, merging weighted, normalized
channels to separate physiological signals from noise.

LGI 2018 stabilizes [HRl estimation in by using local group

[Pil18] invariance to filter out motion and lighting disturbances,

focusing on invariant physiological signals.
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GREEN

The GREEN method was proposed by Verkruysse et al. [VerO8| and is the first approach in fPPGl
To extract the [HR], it leverages the green channel of video data, exploiting hemoglobin’s
higher sensitivity to green light for stronger pulsatile signal detection. This technique involves
capturing the green channel intensity fluctuations over time, filtering to isolate the [HRIsignal from

noise, and calculating the HRIby identifying the peak frequency in the signal’s Fourier transform.

ICA

is a statistical technique that separates a multivariate signal into additive, independent non-
Gaussian components. In the context of this method [Poh10] decomposes
color signals from video into independent sources, employing an algorithm that utilizes the joint
approximate diagonalization of eigenmatrices to remove correlations and high-order dependencies
within the channels. The premise is that the signal can be isolated as one of these
independent components, distinct from other noise sources such as ambient light variations and

motion artifacts.

CHROM

[De 13] is aflPPGl method which exploits the feature to discriminate pulse signals
from motion distortions by using both diffuse and specular reflections. These reflections cause
the observed skin color to change based on the angle and distance between the camera, the skin,
and the light sources. By adopting the technique, it becomes possible to mitigate the
impact of motion artifacts through the use of linear combinations of the red, green, and blue color

channels under a standardized skin-tone assumption.

POS

The method [Wan17]] in the context of is a sophisticated technique designed to extract
[HRI signals by utilizing the orthogonal plane to the skin tone in signal space. By combining
and normalizing channels into two distinct channels, and then weighting these to merge into
a singular, optimized signal, the method effectively isolates the physiological signals

from ambient noise and variations in skin tone.
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LGI

The Local Group Invariance (LGI) method by Pilz et al. [Pil18]] improves [HR] estimation from
face videos under variable conditions by using mathematical invariance principles. [LGI| extracts
robust features that are less affected by common disturbances like motion and lighting changes.
This method reorganizes the blood volume signal in a vector space, concentrating its distribution
for better accuracy. Proven effective in challenging scenarios, [LGIl outperforms traditional

techniques by maintaining high accuracy across different environmental and motion conditions.

3.3.2 Deep Learning Models

This section discusses five distinct [DL]fPPG| methods, with a focus on validating pre-trained
models. Therefore, only models that are pre-trained and openly available were considered. An

overview is provided in Table[3.9]

Table 3.9: Overview of methods utilized in this thesis.

Model Year Modules Description
DeepPhys 2018 2D CNN Enhances extraction with attention-enhanced
[Chel8b] motion and appearance models, offering improved

robustness but limited temporal analysis.

TS-CAN 2021 2D CNN, Improves extraction with a Temporal Shift

[Liu21a] TSM Module, enabling enhanced temporal analysis
compared to DeepPhys.
Efficient- 2021 2D CNN, Streamlines physiological measurement with a CNN
Phys TSM, approach, eliminating pre-processing and focusing on
[Liu21b] Attention simplified, direct video analysis.
Module
PhysNet 2019 3D CNN Learns temporal and spatial contextual features using a
[Yul9] 3D CNN backbone architecture to predict based
on raw RGP input videos.
Phys- 2022  Transformer, Employs a time-difference transformer approach for
Former 2D CNN advanced [[PPGl signal analysis, emphasizing enhanced

[Yu22] spatiotemporal feature refinement.
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DeepPhys

DeepPhys [Che18D], an innovative model inspired by HR-CNN (first DL}-based
model), advances the extraction of signals through a 2D This novel approach differ-
entiates itself by incorporating both a motion model and an appearance model, based on the
The key innovation lies in the appearance model’s use of an attention mechanism to guide the
motion model in learning representations, utilizing the normalized differences between adjacent
frames to simulate motion and color changes. This enhances the model’s robustness to motion.
Furthermore, DeepPhys introduces an attention mechanism for generating soft attention masks
from video frames, assigning greater importance to skin regions exhibiting stronger physiological
signals and visualizing the spatiotemporal patterns of these signals. While DeepPhys shows
improved performance over HR-CNN, especially in conditions of lighting changes and motion
artifacts, it is limited by the inability of 2D to fully capture the temporal dynamics of fPPG|
signals. The architecture of DeepPhys is shown in Figure [3.3]
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Figure 3.5: DeepPhys: Architecture of the end-to-end [CNN] processing current and differential
video frames to learn shared spatial masks and features for BVP] and respiration signal recov-

cry. [Chel8b).

TS-CAN

TS-CAN [Liu21a] builds on the foundation laid by DeepPhys, enhancing the capture of temporal
information in fPPG signal extraction through the integration of a Temporal Shift Module (TSM)).
This addition facilitates the exchange of information between adjacent frames without resorting to

complex convolution operations, by shifting blocks in tensors along the time axis. This mechanism
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allows TS-CAN to effectively incorporate temporal dynamics into its analysis. Diverging from
DeepPhys, TS-CAN'’s appearance model inputs are frames averaged from multiple adjacent frames
rather than raw video frames, a strategy that ensures the model captures temporal information

more effectively. The model is shown in Figure 3.6
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Figure 3.6: TS-CAN: End-to-end temporal shift convolutional attention network for camera-based
physiological measurement [Liu21a].

EfficientPhys

EfficientPhys [Liu21b]] introduces a[CNNlbased method for camera-based physiological measure-
ments, closely resembling the TS-CAN model. However, EfficientPhys distinguishes itself by
eliminating the necessity for pre-processing steps such as face detection or color space transforma-
tion. The novel method directly processes raw video frames through a streamlined single-branch
architecture equipped with a custom normalization layer and a self-attention mechanism, visualized
in Figure 3.7} Similar to TS-CAN, it employs a[TSM] and a 2D convolution process. This setup
enables effective and accurate spatial-temporal analysis while ensuring ease of deployment due to

its simplicity.
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Figure 3.7: EfficientPhys: Single-branch with custom normalization layer, self-attention
mechanism, and [TSM] [Liu21b].
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Figure 3.8: PhysFormer: Features a shallow stem, tube tokenizer, temporal difference trans-
formers with TD-MHSA and ST-FF modules for improved spatio-temporal analysis, and an fPPG
predictor. TDC refers to temporal difference convolution [[Yu22].

PhysNet

PhysNet, proposed by Yu et al. [Yul9], builds on a 3D backbone network and does not
rely on any pre-processing operations. It directly inputs the raw RGB video frames into the 3D
network. PhysNet simultaneously learns temporal and spatial features of facial sequences
to achieve more robust context recognition and reduce temporal fluctuation in recovering
signals. In their method, videos are treated as consistent collections of frames, and the raw video
streams are directly input into the 3D backbone network without any image pre-processing

steps, such as face detection.

PhysFormer

Yu et al. introduced PhysFormer [[Yu22], a novel approach leveraging the transformer architecture
for[HRI measurement, marking a significant advancement in f[PPQ] techniques. PhysFormer is dis-
tinguished by its utilization of a time-difference transformer to capture long-range spatiotemporal
relationships within the fPPGlsignal estimation process. This method excels in encoding local time
differences and facilitating global spatiotemporal analysis, effectively guiding the attention mecha-
nism towards quasi-periodic fPPG] features while enhancing local spatiotemporal representations,

especially in scenarios with interference. Initial Region of Interest (ROI) selection on facial
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video inputs is conducted using a Multi-task Cascaded Convolutional Networks (MTCCN) based
face detector. The process generates spatiotemporal tags, serving as input for the time-difference
transformer. Rather than directly producing signals, PhysFormer processes these features
through an prediction head for temporal upsampling and spatial averaging. This step further
refines the features, culminating in the generation of 1D signals. The model’s architecture is
shown in Figure [3.8]

3.3.3 Datasets

This section examines the benchmark datasets that are critical for [PPGl research. A recent
comprehensive review in the field identified the UBFC-rPPG, PURE, and COHFACE datasets as
the most frequently utilized in studies [Xia24]]. Given one aim of the thesis is to validate
commonly used pre-trained [lPPGl models, these datasets have been included into this thesis.
Table [3.10] provides an overview of the datasets utilized in this thesis. Additionally, the [HR]ranges
of the different datasets are shown in Figure 3.9

Table 3.10: fPPGldatasets used in this thesis (#P: Number of Participants, #V: Number of Videos)

Dataset #P #V  Measure Illumination Movement HR range
UBFC-rPPG 42 42 HR, PPG studio lighting static 56-130 bpm
natural lighting
(windows)
PURE 10 60 HR, SpO2, natural light 6 diff. head 46-132 bpm
PPG shadow effects movements
COHFACE 40 160 BVP RR studio lighting static 47-70 bpm
natural lighting
(windows)
UBFC-Phys 56 168 PPG, HR studio lighting naturalistic ~ 45-135 bpm
EmpkinS-TSST 44 264 ECG studio lighting naturalistic ~ 46-161 bpm
PURE

The PURE dataset [Str14] is composed of video recordings from 10 individuals, encompassing 8
men and 2 women. These participants each produced 6 videos, resulting in a collective total of 60
videos. The videos were captured at a resolution of 640x480 pixels and a frame rate of 30 frames

per second (fps)), each lasting for one minute. To induce variability in head movement, participants
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Figure 3.9: [HRIranges of the video datasets PURE, UBFC-rPPG, COHFACE, UBFC-PHYS and
EmpkinS-TSST

were instructed to engage in six distinct activities: (1) remaining stationary, (2) speaking, (3)
executing slow head rotations, (4) conducting rapid head movements, (5) turning their head to
a 20-degree angle, and (6) angling their head at 35 degrees. Additionally, the PURE dataset
accounted for variations in lighting conditions by utilizing natural light and shadow effects through
a substantial window. Authentic signals were obtained using a CMSS50E finger pulse oximeter
at a 60 Hz sampling frequency. Notably, the PURE dataset’s images are preserved in the lossless
PNG format, enhancing the accuracy of [PPG] signal estimation.

UBFC-rPPG

The UBFC-rPPG dataset [Bob19] has been specifically designed to benchmark method-
ologies. It encompasses 50 videos, each featuring a unique individual, captured at a resolution
of 640x480 pixels and a frame rate of 30 with an emphasis on capturing varying lighting
conditions, from sunlight to indoor lighting. The UBFC-rPPG dataset is divided into two segments.
The first segment comprises 8 videos in a controlled setting where participants were instructed
to remain motionless, however incidental movements occur in some recordings. The second
segment, aimed at mimicking real-world conditions, contains 42 videos of participants engaged in
a time-sensitive mathematical challenge designed to elevate their[HRl The UBFC-rPPG stands out
as a frequently utilized resource in research due to its uncompressed, high-quality video footage
and the inclusion of authentic [HRland data. While it consists of two segments, the practicality

and superior video quality of the second segment was used in this thesis.
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UBFC-Phys

The UBFC-Phys dataset [Sab23|] is specifically designed for the study of emotion recognition,
featuring 56 participants with 46 women and 10 men. Using the participants performed
three tasks: resting, speaking, and performing arithmetic tasks. This setup generated a total of 168
videos, with each video captured at a high resolution of 1024x1024 pixels and a frame rate of 35
fps. For physiological data collection, the Empatica E4 wristband was employed to gather PPGl
signals and [EDAL Furthermore, to assess self-reported levels of anxiety, participants completed

questionnaires which are further described in the paper by Sabour et al. [Sab23].

COHFACE

The COHFACE dataset [Heul7], developed by the Idiap Research Institute, is a resource made
publicly available for the purpose of allowing researchers to test their fPPGl methodologies under
uniform and equitable standards. The dataset encompasses recordings from 40 subjects, with a
distribution of 28 males and 12 females. Each participant contributed to the creation of four video
clips, resulting in a total of 160 videos in the dataset. These videos were captured at a resolution of
640x480 pixels and a frame rate of 20 Participants were equipped with a contact-based [PPG|
sensor during the recordings. The dataset also carefully considers lighting conditions by recording
two sets of video clips for each participant under distinct lighting scenarios: (1) controlled studio
lighting achieved with window blinds to block natural light while providing adequate artificial
illumination for consistent facial exposure; and (2) natural lighting conditions, where recordings
were made with any window blinds and all artificial lighting sources switched off. A notable
challenge with COHFACE is its extensive video compression, which has implications for the

quality of the data provided.

3.3.4 rPPG Pipeline

In this thesis the toolbox was used to validate conventional (Section [3.3.1)) and [DL}-based
fPPGlmodels (Section[3.3.2)). The toolbox employs a configuration file system, enabling users to
modify parameters for pre-processing, training, post-processing, and evaluation via a YAML file
for each experiment. This system offers detailed control over hyperparameters and computational
resources, with both neural and unsupervised methods sharing settings like input resolution and
face cropping. In Table the hyperparameter configuration of the pre-trained models is
depicted. In the following each step of the pipeline will be outlined.
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Table 3.11: datasets used in this thesis (#P: Number of Participants, #V: Number of Videos)

Model Input Chunk Data Input Label Input Crop Face

GREEN, ICA| 72x72 210 [Raw] Raw Yes

ICHROMIBVP

POS|

DeepPhys 72x72 180 [DiffNormalized, DiffNormalized Yes
Standardized]

TS-CAN 72x72 180 [DiffNormalized, DiffNormalized Yes
Standardized]

EfficientPhys 72x72 180 [Standardized] DiffNormalized No

PhysNet 72x72 128 [Raw] DiffNormalized No

PhysFormer 128x128 160 [DiffNormalized] DiffNormalized Yes

Pre-processing

The pre-processing pipeline involves several steps to bring the video input and ground truth
label of the different datasets, which were detailed in Section [3.3.3] in the desired shape. Initially,
the signal is resampled to ensure it matches the length of the video. Following this, video
inputs undergo face cropping to separate the face from the background using OpenCV’s Haar
Cascade classifier [VioO1]. To avoid excluding important facial features, a bounding box with a
scale factor of 1.5 is employed, with the cropping process applied individually to each frame. Given
that each model requires specific input sizes, the cropped faces are resized accordingly. The images
of the videos and labels are then processed based on the data type: they are either differentially
normalized — calculating the discrete difference along the time axis in video data/label and
normalizing by its standard deviation — or z-score standardized. Due to the models’ inability to
process entire video sequences simultaneously, the videos are segmented into chunks, with lengths
specific to each model. It is important to note that for EfficientPhys and PhysNet, both end-to-end

models, face cropping is not conducted.

Model Training & Testing

Following the pre-processing phase, the processed data was fed into one of the models, as
detailed in Sections [3.3.1]and [3.3.2] to predict the signal from the input video. During the

training process, the developers of the rPPG-toolbox adopted a consistent approach, using a batch

size of 4 and conducting training over 30 epochs, while also setting an inference batch size of 4
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for all models. Additionally, they customized various loss functions, optimizers, and learning rate
schedulers specifically for each[DLIbased model to optimize performance. A detailed summary of

the hyperparameter settings for the pre-trained models is available in the Appendix.

Post-processing

In the post-processing phase, the rPPG-toolbox implements standard procedures to refine each
model’s prediction, which includes filtering and smoothing the signal, followed by [HRI
estimation using fast Fourier transform (FFT). These steps are applied to the predicted signal
chunks, each covering a duration of 5-7 seconds. The choice of window size in analysis has
a direct impact on frequency resolution and the ability to distinguish between close frequencies,
affecting the accuracy of heart rate calculation. The frequency resolution in bpm A f;,,,,, can be

calculated with the following Formula:

60

Afbpm = ? (36)

Following Formula [3.6] a window size of 5-7 seconds would result in a frequency resolution
of 12-8.5 bpm. Increasing the window size improves frequency resolution but decreases time
resolution, making it harder to track rapid changes in heart rate over time. Therefore, in this thesis
a window size of 20 seconds was chosen, which results in a frequency resolution of 3 bpm. To
address the time resolution, this thesis uses a window-based approach for[HR] estimation across
longer signal segments. This method involves first aggregating the predicted PPGl chunks from
each video into a unified signal. This combined signal is then refined with a 2nd-order Butterworth
filter, employing cut-off frequencies between 0.75 and 2.5 Hz, to smooth the signal. Following
this, [HRIlis determined on a secondly basis within a 20-second window, utilizing either the peak
detection algorithm or[EFT] These post-processing steps applied to the predicted [PPGlsignal result

in an[HR]estimation for each second of the input video.
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3.3.5 Aims

Aim 3: To determine whether the performance of conventional and [DLJFPPG| methods decreased
on more naturalistic datasets which address factors such as varying heart rate levels, speech

sequences, and head movements.
* Type: Statistical Analysis

» Hypothesis: Both conventional and [DIlbased fPPGl models will perform worse on more
naturalistic datasets that include speaking, head movements, and higher heart rate levels,

compared to their performance on controlled laboratory benchmark datasets.

3.3.6 Model Development & Validation

Each conventional and [DI}based model were tested against each other to determine the best
performning model on the various benchmark and EmkinS-TSST dataset. The [DI}based models
were pre-trained on the following datasets: UBFC-rPPG and PURE. For evaluation, the models
were first cross-tested on PURE and UBFC-rPPG. Then the models were validated on the datasets
COHFACE, UBFC-Phys and EmpkinS-TSST were used.

3.3.7 Evaluation

Statistics

To compare the predicted levels with the ground truth across different models, the
following measures were utilized: Mean absolute error (MAE)), root mean squared error (RMSE),

Mean absolute percentage error (MAPE)), and Pearson Correlation ().

Bland-Altman Plot

To assess the accuracy of various models, the Bland-Altman plot is utilized to compare dif-
ferences between paired measurements from fPPGlalgorithms to their average values. This method
evaluates systematic bias and agreement between algorithms, showing bias through the average
difference and reliability through limits of agreement—calculated as +-1.96 times the standard
deviation around the average difference. A narrower range indicates higher concordance among al-

gorithms, demonstrating their effectiveness for accurate, non-invasive vital sign monitoring [Bla86/]
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3.4 Multimodal Stress State Detection

In its final objective, this thesis assesses the effectiveness of multimodal stress detection through the
integration of digital biomarkers and fPPGl It expands upon stress state detection by incorporating
HRI predictions derived from [PPGl now referred to as fPPGl-derived [HRI (fPPG-HR)), aiming to
differentiate between stressed and non-stressed states within the EmpkinS-TSST dataset. The
subsequent sections will detail the input features, expected outcomes, and the development of the

model employed in this analysis. An overview is given in Figure [3.10]

Multimodal Stress State Detection

Behavioral Physiological
digital biomarkers digital biomarkers

OO

@@ Facial expressivity
Heart rate

—X“. Y Bod t @ - using remote
ody movemen Photoplethysmography

@ Gaze behavior

Figure 3.10: Multimodal stress state detection: Extending the digital biomarkers by incorporating
HRI predictions derived from aiming to differentiate between stressed and non-stressed
states within the EmpkinS-TSST dataset.

3.4.1 Features

For multimodal stress state detection on the EmpkinS-TSST dataset, digital biomarkers, meaning
facial expressions, body movements, and gaze behavior, were combined with [PPGH-derived HRI
(PPG-HR). A detailed extraction of the digital biomarkers can be found in Section [3.2.2] For the
IrlPPG-HRI the outcome of the best performing fPPGlon the EmpkinS-TSST was utilized, which
was described in
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3.4.2 Aims

Aim 4: To examine whether the combination of behavioral digital biomarkers with fPPGlderived
[HRI (rfPPG-HR) increases the stress prediction accuracy compared to behavioral digital biomarkers

alone.
 Type: MI}based Classification

* Hypothesis: The combination of behavioral digital biomarkers with [PPGl-derived [HR
rPPG-HR])) improves the prognostic performance for stress prediction as compared to be-
havioral digital biomarkers alone.

3.4.3 Model Development & Evaluation
Inferential Statistics

Inferential statistics were used to evaluate condition-related differences in the rPPG-HR| following
the methods outlined in Section 3.2.4]

ML-based Classification

As previously described in Section [3.2.4] a classification pipeline has been established to
classify stress states exclusively through facial expressions, body movements, and gaze behavior.
In this study, the same pipeline is leveraged to address a different question: Identifying the

best-performing classifier for multimodal stress state detection.
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Results

4.1 Stress Assessment

The following Sections show the results of traditional stress markers like salivary cortisol, HR(V)

measures, and questionnaires such as [PANAS| and State-Trait Anxiety-Depression Inventory

(STADD).

4.1.1 Saliva

Overall, cortisol levels increased by 159.73% from S to the anticipated highest peak at S5, as
depicted in Figure Conversely, in the the increase was only 37.51%. A significant
difference was observed in all derived features when comparing the to the Notably,
the largest effect sizes were observed for mg; ¢4 with a Hedges’ g value of 0.808 and Ac,;,., With
g = 0.745, as detailed in Table These features are further illustrated in Figure

Table 4.1: t-test results of cortisol features; *p < 0.05; **p < 0.01; ***p < 0.001

Feature | t(43) p Hedges’ g

AUCs | 3.097 0.019% 0.556
AUCT | 3.766 0.003** 0.710
AcCpmaz | 3.673  0.004%* 0.745
mMs184 3.883 0.002%* 0.808

Regarding the condition order, a more pronounced effect was noted when the was
administered first, with m g g4 showing a Hedges’ g value of 1.160 and Ac;,,., at 1.010. In contrast,

when the was the initial condition, mg;54 and Ac,,.. showed smaller effect sizes with
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Figure 4.1: Cortisol response: Mean+SE over all participants

Hedges’ g values of 0.485 and 0.486. The cortisol responses during the (f-)TSST are also visualized
in greater detail in the Appendix [A] particularly in Figure[A.T|for the condition order, in Figure[A.2]
for gender differences and in Figure [A.3]for the standing and sitting condition.

For [SAA] no significant differences were found between and [[FTSST condition. The
results are shown in Appendix [A]in Figure[A.4]
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Figure 4.2: Features derived from cortisol over all participants; *p < 0.05; **p < 0.01; **p <
0.001

4.1.2 Heart Rate

The overall mean [HR] was significantly elevated during the [TSST| compared to the f-TSST] as
shown in Figure 4.3 In terms of [HRV] metrics, meanNN, SDNN, RMSSD and pNN50 were
significantly higher in the This pattern of significance was consistent across the different
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Figure 4.3: [HRl and HRV] results over all participants; *p < 0.05; **p < 0.01; **p < 0.001

phases of the experiment for both mean[HR|and [HRVImeasures, as further detailed in the Appendix
in Figure[A.5]

Upon comparing the sitting and standing conditions, the standing condition exhibited a greater
effect size with a Hedges’ g = 0.570 for mean [HRIas opposed to g = 0.418 for the sitting condition.
Detailed statistical analyses, including all t-tests, are presented in Table in the Appendix
Regarding the order in which the conditions were administered, no significant differences were

observed.

4.1.3 Self-Report Measures

For the subjective stress measurement, the transition from pre- to post{TSST] and [-TSST] was
assessed using the and the The t-test results, highlighting the differences between
conditions, are detailed in Table[d.2] As illustrated in Figure 4.4] the average increase in the total
score was significantly more pronounced in the than in the Regarding the
two subscales, the increase in Negative Affect following the was higher compared to the

f-TSST), while there was a larger increase during the [f-T'SST] for Positive Affect.

Table 4.2: t-test results for the questionnaires and STADI

Questionnaire Subscale \ t43) p Hedges’ g

PANAS Negative Affect | 2.550 0.152 0.618
Positive Affect | -2.579 0.142 -0.646
Total Score -3.696 0.007** -0.898

STADI Anxiety 3.647 0.008%** 0.955
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In terms of the [STADI| the Anxiety subscale showed a significantly greater increase from pre-
to post{TSST than for [-TSST. No differences in effect sizes were observed for the condition order
or the sitting/standing condition across any of the self-reported questionnaires.
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Figure 4.4: Questionnaire results for PANASIand ISTADI; *p < 0.05; **p < 0.01; ***p < 0.001
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4.2 Digital Biomarker

4.2.1 Inferential Statistics

Due to the large number of features, only the most relevant result will be shown in this section.
The complete results of the statistical evaluation of all features can be found in Appendix [B] Six

participants were excluded due to missing video files or poor video quality. Thus, 37 participants
were analyzed in this thesis ((FTSSTE 37, 37).

Facial Expression Recognition

Emotions - Figure[.3]displays the seven distinct emotions, detailing their mean values and standard
deviation. Notably, happiness exhibited a significantly higher mean and standard deviation in
the compared to the Moreover, participants demonstrated a significantly higher
frequency of neutral facial expressions in the [['SSTl Both conditions revealed the largest standard
deviations for neutral expressions. Concerning other emotional expressions, the mean values for

surprise and sadness were marginally lower, by only 2%, than those for happiness in the [ISST]
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Figure 4.5: Mean and standard deviation of facial expressivity across all participants during the
(f-)TSST, as well as each phase individually; *p < 0.05; **p < 0.01; **p < 0.001
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Figure 4.6: Mean and standard deviation results of intensity across all participants during the
(f-)TSST, as well as each phase individually; *p < 0.05; **p < 0.01; **p < 0.001

Upon examining the different phases, happiness was significantly elevated in both, with a more
pronounced effect size during the Talk phase with a Hedges’ g = -0.742. Although the standard
deviation for happiness was greater in both phases, it was only significantly higher in the 7alk
phase. For neutral facial expressions, both phases recorded higher mean values in the

Action Units - Figure [4.6|demonstrates that the overall mean intensity of [AUk was significantly
higher in the compared to the This includes not only the mean values but also the
standard deviations, all of which were notably higher in the

The analysis identified specific[AUk with significantly higher mean values in the f-TSST] as
illustrated in Figure These are: AUO6 - Cheeck Raiser, AUO9 - Nose Wrinkler, AU12 - Lip
Corner Puller, AU14 - Dimpler, AU20 - Lip Stretcher, AU24 - Lips Part. Furthermore, the standard
deviations for certain were significantly greater, which include: AUO6 - Cheek Raiser, AUO7
- Lid Tightener, AUQ9 - Nose Wrinkler, AU10 - Upper Lip Raiser, AU12 - Lip Corner Puller.

When analyzing the different phases, both the mean and standard deviation of [AU]intensity
showed an increase in the across the Math and Talk phases, as indicated in Figure @ For
the individual [AUS, all the listed above, except for AU24, exhibited significantly higher mean
values and standard deviations in both phases, as depicted in the Appendix [A]in Figure [A.6]
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Figure 4.7: Mean and standard deviation results for all across all participants; *p < 0.05;
*p < 0.01; **p < 0.001

Movement Patterns

The analysis focused on the movements of the head and both shoulders, revealing significant
differences primarily associated with the head when comparing the to the Results
about shoulder movements are detailed in Figure [A.7]in the Appendix [A]

Generic Features - Figure [4.8] shows that the mean head velocity was lower during the [TSST
compared to the f-TSSTL The same pattern was observed in the Talk and Math phases. Regarding
the standard deviation of the head velocity and range of head motion, no significant differences
were observed. The same holds for the visibility of the left and right hand as well as the elbow.
Additional results are shown in the Appendix [A]in Figure[A.7for the generic features of the left
and right shoulder, as well as in Figure [A.8]|for the features relating to the visibility of both hands

and elbows.

Expert Features - An examination of the different upper body parts indicated that the percentage of
movements falling below a specified threshold was elevated for the head in the compared to
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Figure 4.8: Results of the generic head movement features during the (f-)TSST across all partici-
pants, as well as for the individual phases; *p < 0.05; **p < 0.01; **p < 0.001

the [-TSSTl as highlighted in Figure 4.8 A detailed analysis of the phases, visualized in Figure 4.9]
revealed that this increase was significant only during the Math phase. While the percentage of
movements below the threshold for the head was also higher in the during the Talk phase,

this difference did not reach statistical significance.
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Figure 4.9: Results of the expert head movement features during the (f-)TSST across all partici-
pants, as well as for the individual phases; *p < 0.05; **p < 0.01; ***p < 0.001
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Figure 4.10: Gaze behavior results for static periods and gaze velocity falling below threshold

across all participants during the (f-)TSST, as well as each phase individually; *p < 0.05; *p <
0.01; **p < 0.001

Furthermore, a comparison of static periods of the head demonstrated a significantly higher
occurrence in the[TSSTlacross both phases, shown in Figure[#.9] This increase was only significant
during the Math phase.

Gaze Behavior

No significant differences were observed between the two conditions across all generic gaze
velocity measures. However, static periods were significantly more frequent in the compared
to the as shown in Figure4.10] A more detailed analysis of the different phases revealed
more static gaze behavior in the Math than in the Talk phase. For the measure of gaze velocity
falling below threshold, a consistent pattern emerged, showing an overall higher percentage of
gaze velocity below this threshold in the as well as in the Math phase when compared to
the Talk phase.

Furthermore, analyses concerning pupil diameter revealed no significant differences between
the and [f=TSST] as shown in Figure[A.9]in the Appendix[A] The number of blinks per minute
similarly did not demonstrate any notable differences between the conditions.
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4.2.2 ML-based Classification

Talk and Math

The classification of stress versus no-stress from digital biomarkers achieved a mean accuracy

of 73.7% =+ 8.2%, as detailed in Table @ This accuracy was obtained with the following
configuration:

* Scaler: Standard Scaler

* Feature Selection: RFE

* Classifier: AdaBoost

In Figure [{.TT]the confusion matrix of the best-performing pipeline is displayed. Further
analysis of the pipeline’s performance across different condition orders revealed that the accuracy

was higher when the [TSST] protocol was administered first (75.7% compared to 71.1%). The
confusion matrices for each condition order are depicted in Figure 4. 11]

TSST first f-TSST first

TSST TSST TSST

True label
True label
True label

f-TSST - f-TSST - f-TSST -

I I I
TSST f-TSST TSST f-TSST TSST f-TSST
Predicted label Predicted label Predicted label

Figure 4.11: Confusion matrix results of best-performing classification pipeline trained on facial
expression, body movement, and gaze features computed over the (f-)TSST. The two confusion
matrices on the right side show the predictions for the two different condition orders.

A noteworthy difference in accuracy was observed between male and female conditions: female
participants were classified with an accuracy of 83.3%, whereas for male participants an accuracy
of 60.6% was achieved. Regarding sitting and standing conditions, no significant differences
in accuracy were observed between classifying solely sitting participants (72.2%) and standing
participants (74.4%)

values indicated that the most influential features in the best-performing classification
pipeline, which was trained using the (f-)TSST data, included a combination of facial expressions,

movements, and pupil dynamics. These findings are illustrated in Figure .12}
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Table 4.3: Mean+ standard deviation of classification performance metrics over the 5-fold
model evaluation CV with features computed over the (f-)TSST. For each evaluated classifier, the
classification pipeline combination with the highest mean accuracy is shown. The classification
pipelines scoring the highest metrics are highlighted in bold.

Accuracy [%] Fl-score [%] Precision [%]

Scaler Featur.e Classifier
Selection
Standard RFE Ada 73.7 (8.2) 72.2 (11.3) 73.2 (5.6)
andart —gig NB 69.6(12.2)  70.7(142)  65.0 (10.0)
Min-Max SkB kNN 69.6 (5.4) 69.6 (9.9) 67.6 (4.5)
Standard SkB SVM 69.5 (6.0) 69.2 (10.2) 67.0 (4.8)
RFE RF 68.2 (9.2) 66.9 (10.7) 69.1 (9.1)
Min-Max SkB DT 64.3 (12.5) 60.0 (16.2) 70.7 (20.1)
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Figure 4.12: SHAP values computed over the whole (f-)TSST: Feature importances were deter-
mined using SHAP values calculated across the model evaluation cross-validation folds. Positive
SHAP values correlate with an increased likelihood of predicting the positive class, namely
Note: SP = Static Periods, r.=right, 1.=left.
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Figure 4.13: Confusion matrix results of best-performing classification pipeline trained on facial
expression, body movement, and gaze features computed over the Talk phase during the (f-)TSST.
The two confusion matrices on the right side show the predictions for the conditions sitting and
standing.

Talk

When performing the same classification experiments using features only extracted during the Talk
phase, the highest performing classifier reached an accuracy of 72.3%=12.7%, as presented in
Table[d.4] A higher accuracy was observed when participants were sitting (75.0%) over standing
(69.2%). The confusion matrices are shown in Figure[.13] Furthermore, classifying solely female
participants resulted in a higher accuracy (78.6%) than classifying male participants (63.6%).
The analysis did reveal small differences in classification performance when dividing the data by
condition order (TSSTHirst: 73.0% vs. [ETSSTHirst: 71.1%).

Table 4.4: Mean+ standard deviation of classification performance metrics over the 5-fold model
evaluation CV with features computed over the 7alk phase during (f-)TSST. For each evaluated
classifier, the classification pipeline combination with the highest mean accuracy is shown. The
classification pipelines scoring the highest metrics are highlighted in bold.

Accuracy [%] Fl-score [Fo] Precision [%]

Feature

Scaler ) Classifier
Selection
SKB RF 723(12.7)  732(13.2)  69.5 (12.4)
. RFE Ada 710(11.7)  712(11.9) 703 (13.3)
Min-Max SIB SVM 69.6 (11.1) _ 72.5(10.0)  66.4 (11.6)
kNN 69.5 (7.1) 71.3 (8.0) 67.0 (9.4)
NB 67.0(11.9) 644 (158) 669 (12.2)
Standard  RFE DT 63.9 (8.2) 63.7(11.2)  63.8 (10.1)
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Figure 4.14: SHAP values computed over the Talk phase: Feature importances were determined
using SHAP values calculated across the model evaluation cross-validation folds. A higher absolute
SHAP value signifies greater influence on the model’s classification output. Positive SHAP values
correlate with an increased likelihood of predicting the positive class, namely [TSSTl Note: SP =
Static Periods, BT = Below Threshold, r.=right, 1.=left.

The resulting ISHAPI values of the best-performing pipeline for the 7alk phase are shown in
Figure 4.14] The explainable MLl methods highlight that the most important features contributing

most to the decision of the classier solely consist of facial expression features.

Math

In the Math phase, the classifier exhibited an accuracy of 73.5%=+11.4%, as highlighted in
Table 4.5] A slightly higher accuracy was achieved when the participants were standing than
sitting (74.4% vs. 72.0%). Regarding gender differences, female participants were more likely
correctly classified than male ones (Male: 63.6% vs. Female: 81.0%). The confusion matrices are
shown in Figure 4.15] No major differences were found by dividing the data by condition order in
terms of accuracy (TSST first: 73.0%, f-TSST first: 73.7%).

Figure {.16] visualizes the most important features which had the biggest impact on the model,
comprising of facial expressions, movement patterns, and pupil dynamics, with body movement

features notably dominating the feature importance list.
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Table 4.5: Mean+ standard deviation of classification performance metrics over the 5-fold model
evaluation CV with features computed over the Math phase during (f-)TSST. For each evaluated
classifier, the classification pipeline combination with the highest mean accuracy is shown. The
classification pipelines scoring the highest metrics are highlighted in bold.

Accuracy [%] Fl-score [%] Precision [%]

Scaler Featur'e Classifier
Selection
SVM 73.5(11.4) 74.9(10.9) 72.3(14.1)
RFE kNN 70.7 (10.2) 73.0 (8.7) 68.6 (10.8)
Min-Max DT 69.2 (7.4) 67.2 (7.8) 72.8 (10.6)
SKB RF 68.4 (8.0) 69.7 (9.9) 65.1 (4.9)
NB 68.2 (5.6) 70.1 (7.7) 64.6 (3.5)
Standard  SkB Ada 67.2 (12.1) 65.7 (17.2) 65.9 (12.4)
TSSTFirst fTSSTFirst

TSST TSST TSST

True label
True label
True label

f-TSST - f-TSST - f-TSST -

I I I I I I
TSST f-TSST TSST f-TSST TSST f-TSST
Predicted label Predicted label Predicted label

Figure 4.15: Confusion matrix results of best-performing classification pipeline trained on facial
expression, body movement and gaze features computed over the Math phase during the (f-)TSST.

The two confusion matrices on the right side show the predictions for the two different condition
orders.

4.2.3 SBMLR

PCA components were calculated for the differences in facial expression, movement, and gaze
features between andf=TSST] each while maintaining an explained variance of 80%. For
predicting mg; 54 the highest explained variance, 0.644, was achieved using 10 facial expression
features, alongside two movement and three gaze components, as shown in Table 4.6 The total
score was best predicted by five facial expression features, one movement, and two gaze
components, achieving an explained variance of 0.540 (Table 4.7). Additionally, 0.584 of the
variance in mean [HR] could be explained by a model derived from 10 principal components
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Figure 4.16: SHAP values computed over the Math phase: Feature importances were determined
using SHAP values calculated across the model evaluation cross-validation folds. A higher absolute
SHAP value signifies greater influence on the model’s classification output. Positive SHAP values
correlate with an increased likelihood of predicting the positive class, namely

Note: SP = Static Periods, BT: Below Threshold, r.=right, 1.=left.

(Table [4.8)).

During different phases, the prediction of mg; ¢4 and total score resulted in a similar
explained variance for the Math phase, with 64.15% for slope and 74.47% for the total
score. For the Talk phase, the explained variance was lower, at 48.73% for mg;54 and 42.79% for
the total score. Conversely, for mean[HRIin the Talk phase, the explained variance reached
60.27% using eight facial expression features, three movement, and one gaze feature. Predicting

mean [HRlin the Math phase resulted in an explained variance of 38.5%.
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Table 4.6: Results of linear regression predicting m g, 54 With features of facial expression, move-
ment and gaze patterns; 3: standardized regression coeflicient; o: standard error; adj.: adjusted

3 o t p  R? adi. R®* CI[2.5%] CI[97.5%]
components
Fer PCA_2 0028 0016 1728 0.102 0811 0.644  -0.006 0.061
Fer PCA_4 0033 0026 1255 0227 0811 0.644  -0.022 0.087
Fer PCA_5 -0.067 0.027 -2.493 0.023 0811 0644  -0.123 -0.010
Fer PCA_6  0.035 0025 1376 0.187 0811 0.644  -0.019 0.088
Fer PCA_7 -0.043 0.023 -1.858 0.081 0.811 0.644  -0.092 0.006
Fer PCA_9  0.119 0.037 3.209 0.005 0811 0.644  0.041 0.198
Fer PCA_10 -0.111 0.034 -3316 0004 0811 0.644  -0.182 -0.040
Fer PCA_11 0036 0032 1.129 0275 0811 0.644  -0.031 0.103
Fer PCA_12 0.181 0.035 5.118 0000 0811 0.644  0.106 0.255
Fer PCA_13 -0.136 0.038 -3.584 0.002 0811 0.644  -0216 -0.056
Mov_PCA_2 0.163 0.034 4758 0.000 0811 0.644  0.091 0.235
Mov_PCA_3 -0.147 0045 -3276 0004 0811 0.644  -0.241 -0.052
Eyes_PCA_0 -0.047 0026 -1.846 0082 0811 0.644  -0.101 0.007
Eyes PCA_1 0.141 0.028 4.987 0000 0811 0.644  0.081 0.201
Eyes PCA_2 -0.159 0.050 -3.200 0.005 0.811 0.644  -0.263 -0.054

Table 4.7: Results of linear regression predicting [PANASI total score with features of facial
expression, movement and gaze patterns; 3: standardized regression coeflicient; o: standard error;
adj.: adjusted

g o t P R? adj. R? CI[2.5%] CI[97.5%]
components
Fer_PCA_0 0.074 0.020 3.727 0.001 0.659  0.540 0.033 0.115
Fer_PCA_1 0.057 0.025 2.282 0.032 0.659 0.540 0.005 0.108
Fer PCA_9 -0.114 0.046 -2.494 0.020 0.659  0.540 -0.208 -0.019
Fer PCA_12 -0.085 0.053 -1.602 0.123 0.659  0.540 -0.195 0.025
Fer PCA_13  0.128 0.060 2.123 0.045 0.659  0.540 0.003 0.252
Mov_PCA_3 0.261 0.074 3.510 0.002 0.659  0.540 0.107 0.415
Eyes_PCA_1 -0.224 0.043 -5.270 0.000 0.659  0.540 -0.312 -0.136

Eyes PCA_2 0.096 0.069 1397 0.176 0.659  0.540 -0.046 0.239
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Table 4.8: Results of linear regression predicting mean [HR| with features of facial expression,
movement and gaze patterns; [: standardized regression coefficient; o: standard error; adj.:
adjusted

Ié) o t P R? adj. R?> CI[2.5%] CI[97.5%]
components
Fer_PCA_0 0.712 0.570 1.250 0.223 0.706 0.584 -0.464 1.889
Fer_PCA_1 3.172 0.764 4.153 0.000 0.706 0.584 1.596 4.748
Fer PCA_3 -1364 0.730 -1.869 0.074 0.706  0.584 -2.870 0.142
Fer_PCA_4 1.616 1.026 1.575 0.128 0.706 0.584 -0.501 3.734
Fer_PCA_6 3.529 1.153 3.061 0.005 0.706 0.584 1.150 5.909
Fer_PCA_7 -2.437 1.181 -2.064 0.050 0.706 0.584 -4.874 -0.001
Fer_PCA_8 -6.536 1.314 -4976 0.000 0.706 0.584 -9.247 -3.825
Mov_PCA_2 7.100 1.449 4900 0.000 0.706  0.584 4.109 10.090
Mov_PCA_3 4783 2253 2.123 0.044 0.706 0.584 0.132 9.434

Eyes PCA_2 7.604 2.174 3.498 0.002 0.706  0.584 3.118 12.091
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4.2.4 ML-based Regression

techniques applied to predict Positive and Negative Affect Scores of the showed
negative 1?2 values for both positive and negative emotions. Attempts to model mean [HR] also
yielded negative RR? values. Further analysis during the Talk and Math phases of the test continued
to reveal negative R? values for both scores and mean

For the prediction of mg54, the results were modestly better, but still limited. The best
performing model, employing StandardScaler for data normalization, REEI for feature selection,
and KNeighborsRegressor for prediction, achieved a R? of 0.024-0.15 and a[MAE] of 0.1304-0.12
nmol/L. No significant improvements in prediction accuracy were observed by either optimizing

for the[MAE or by analyzing data from the Math and Talk phases separately.
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4.3 rPPG

4.3.1 Validation

For the conventional methods, POS performed the best on UBFC-rPPG with a of 3.22 bpm.
On PURE, LGI achieved the lowest MAE with 5.07 bpm, as well as on COHFACE with a[MAE
of 21.07 bpm. The results for PURE and UBFC-rPPG are shown in Table #.9)and for COHFACE
in Table

Table 4.9: performance of conventional models on UBFC-rPPG and PURE. The best
results are highlighted. Note: and are expressed in beats per minute, while is
expressed as a percentage (%).

UBFC-rPPG PURE
Model MAE MAPE »p RMSE | MAE MAPE p RMSE
ICA 11.33 1058 051 21.61 | 556 5.42 0.68 17.52

GREEN | 1448 13,56 041 2636 | 10.01 10.82 0.35 23.17
CHROM | 6.07 6.09 0.82 10.88 | 7.81 15.10 0.69 18.54
LGI 994 9.29 0.53 21.28 |5.07 5.22 0.72 16.59
POS 3.22  3.02 0.85 9.79 540 10.18 0.78 15.30

Table 4.10: performance of conventional models on COHFACE. The best results are
highlighted. Note: MAE] and are expressed in beats per minute, while MAPElis expressed
as a percentage (%).

COHFACE
Model MAE MAPE »p RMSE
ICA 26.70 54.46 -0.06 30.99

GREEN | 29.19 59.60 -0.11 33.74
CHROM | 29.76 60.57 -0.05 32.65
LGI 21.07 43.08 -0.04 25.28
POS 29.47 60.12 -0.08 32.41

Regarding deep learning-based fPPGl models trained on PURE and UBFC-rPPG datasets were
cross-tested against each other. The best performance was observed when models were trained on
PURE and tested on UBFC-rPPG, where TSCAN achieved a[MAE of 4.50 bpm. Conversely, when
models were trained on UBFC-rPPG and tested on PURE, TSCAN also was the best performer
with a [MAE] of 6.96 bpm. For COHFACE, the lowest MAE with 17.39 bpm was achieved by
DeepPhys when trained on PURE. These findings are summarized in Table d.11] Notably, the two
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Table 4.11: performance of deep learning models across datasets for cross-testing and
COHFACE evaluation. For cross-testing, the results on UBFC-rPPG (models trained on PURE)
and on PURE (models trained on UBFC-rPPG) are shown. The best performing models are
highlighted. Note: [MAE and are expressed in beats per minute, while MAPElis expressed
as a percentage (%).

Cross-testing COHFACE
Trained Model MAE MAPE p RMSE | MAE MAPE »p RMSE

PURE  DeepPhys 7.39  7.56 0.56 1498 |17.39 3512 0.02 20.46
EfficientPhys | 6.73  6.95 0.55 14.61 | 32.28 6555 0.06 36.56
PhysFormer | 6.59  6.36 0.68 13.24 | 1891 37.77 0.00 24.94
PhysNet 10.57 10.70 045 1692 | 19.39 3845 0.17 2494
TSCAN 450 4.32 0.73 11.49 | 18.63 37.75 -0.04 21.51

UBFC- DeepPhys 7.78  8.51 047 19.83 | 3243 6569 0.09 37.36
rPPG EfficientPhys | 7.54  8.28 0.52 18.88 | 37.62 76.19 0.10 41.14
PhysFormer | 13.95 21.18 0.21 23.95 |34.57 68.72 0.03 37.21
PhysNet 9.56 1673 0.67 18.03 | 32.00 63.14 0.18 38.07
TSCAN 6.96 7.94 0.58 18.22 | 19.34 39.23 -0.09 22.55

conventional methods POS and LGI both performed better on PURE and UBFC-rPPG than any of
the deep learning network.

Figure presents the predictions of TSCAN trained on PURE for the UBFC-rPPG, CO-
HFACE, and UBFC-PHYS datasets, while for the PURE dataset the predictions of TSCAN trained
on UBFC-rPPG are illustrated. For each dataset, predictions from multiple participants over
durations ranging from four to eight minutes are depicted to provide a comprehensive overview.
Notably, for PURE, UBFC-rPPG, and UBFC-PHYS, the predictions exhibit close alignment with
the ground truth. However, for COHFACE, the mean ground truth [HR]is approximately 20 bpm
lower than the predicted [HRL

4.3.2 Comparing EmpkinS-TSST with UBFC-PHYS

For the datasets which include the (f-)TSST, deep learning as well as conventional models per-
formed better on the UBFC-PHYS than on the EmpkinS-TSST. Among these, PhysNet, trained on
PURE, achieved the lowest at 8.10 bpm for UBFC-PHYS. POS performed the best compared
to the other conventional methods with a of 8.82 bpm. It’s noteworthy that the performance
of the different deep learning models was relatively consistent, with [MAEk ranging from 8.10 bpm
to 10.08 bpm. In contrast, for the EmpkinS-TSST, the two best-performing models were TSCAN
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Figure 4.17: Selected [HRI predictions of TSCAN trained on PURE for the datasets UBFC-rPPG,
COHFACE and UBFC-PHYS. For PURE, the HRl predictions from TSCAN trained on UBFC-
rPPG are shown.
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Table 4.12: performance of conventional models on UBFC-PHYS and EmpkinS-TSST.
The best results are highlighted. Note: and are expressed in beats per minute, while
is expressed as a percentage (%).

UBFC-PHYS EmpkinS-TSST
Model MAE MAPE p RMSE | MAE MAPE »p RMSE
ICA 10.15 13.01 0.35 14.89 |29.03 27.59 0.01 36.24

GREEN | 1551 1842 0.12 20.17 |3291 31.38 0.02 39.67
CHROM | 1040 13.92 0.38 14.37 |21.24 2031 0.11 28.22
LGI 10.31 13.28 0.34 16.15 | 2594 2450 0.07 33.84
POS 8.82 12,02 043 14.06 | 21.40 20.63 0.07 28.32

Table 4.13: performance of deep learning models on UBFC-PHYS and Empkins-TSST.
The best results are highlighted. Note: [MAE and are expressed in beats per minute, while
[MAPE!is expressed as a percentage (%).

UBFC-PHYS EmpkinS-TSST
Trained Model MAE MAPE »p RMSE | MAE MAPE p RMSE

PURE  DeepPhys 10.08 12.79 040 15.67 | 2232 21.59 0.13 29.90
EfficientPhys | 8.64 11.40 045 1424 | 1830 18.14 0.20 25.44
PhysFormer | 8.41 11.31 047 1395 |26.64 31.17 0.13 3422
PhysNet 810 10.66 046 1342 |21.40 2286 0.14 2841
TSCAN 9.11 12.06 042 1453 |19.63 19.63 0.13 26.34

UBFC  DeepPhys 948 12.08 042 15.03 |21.06 2032 0.19 28.77
-rPPG  EfficientPhys | 8.70  11.55 0.44 14.15 | 1790 17.89 0.25 24.78
PhysFormer | 9.69 1333 041 1545 |16.54 1758 0.23 22.75
PhysNet 875 1212 045 14.65 | 1836 20.69 0.19 24.88
TSCAN 847 11.27 047 1391 | 17.15 17.22 0.25 2431

and PhysFormer, both trained on UBFC-rPPG. PhysFormer exhibited the lowest at 16.54
bpm and the lowest at 22.75 bpm, while TSCAN recorded the lowest at 17.22%
and the highest p at 0.25. Regarding the conventional models, CHROM achieved the lowest MAE]
with 21.24 bpm. The results are summarized in Table 4.12] for the conventional ones in Table 4.13|
for the deep learning models

When comparing the different phases — Pause, Talk, and Math — for the best performing
deep learning models the lowest was observed during the Pause phase, and the highest
during the Talk phase across both datasets. Furthermore, the MAEl was consistently lower in the
UBFC-PHYS than in the EmpkinS-TSST. Overall, the was smaller in the compared
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to the The predicted [HRI for each phase is detailed in Table Remarkably, the mean
for the was higher than that of the data from UBFC-PHYS for all phases.

The output of the best-performing model for both the EmpkinS-TSST and UBFC-PHYS datasets
was analyzed using a Bland-Altman plot, as illustrated in Figure The mean difference in [HR]
for the UBFC-PHYS dataset was -1.74 bpm, lower than that for the EmpkinS-TSST, which was
8.15 bpm. The EmpkinS-TSST exhibited greater variability in the differences between [HRl and
fPPG-HR| compared to UBFC-PHYS, as indicated by its wider limits of agreement. The range of
mean [HR] and spanned from 50 to 150 bpm for EmpkinS-TSST, in contrast to 50 to 125
bpm for UBFC-PHYS.

Table 4.14: model performance and predicted mean [HRIper phase for the EmpkinS-TSST
(TSCAN trained on UBFC-rPPGS) and UBFC-PHYS (PhysNet trained on PURE). Note:
and mean [HR] are expressed in beats per minute.

(a) MAE results per phase. (b) Predicted [HRI

UBFC-PHYS | EmpkinS-TSST UBFC-PHYS | EmpkinS-TSST
Phase TSST TSST f{-TSST Phase TSST TSST f-TSST
Pause 4.82 1468 114 Pause 81.34 95.65 86.22
Talk 11.67 21.42 17.04 Talk 80.79 103.46 94.37
Math 8.18 18.43 15.28 Math 82.17 102.72 91.46
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Figure 4.18: Bland-Altman Plots of the best-performing models for both the UBFC-PHYS and

EmpkinS-TSST dataset.
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4.4 Multimodal Stress State Detection

For the multimodal stress state detection, the predicted [HRI from the best performing fPPGl model
was used, namely TSCAN trained on UBFC-rPPG. In the following section, it will be referred to

as rPPG-HR

4.4.1 Inferential Statistics

As shown in Figure d.19] the ECG-based HR was significantly higher in the than in the
in all three phases Pause, Talk and Math. When taking a look at the predicted
the was significantly higher in the phases Pause and Math. Regarding the Talk phase,
no differences were found. Figure [4.20] also shows, that the predicted aligns more with
the ECG-based HR in the Pause and Math phases than in the Talk phase for both with
lower [HRk and with higher [HRk. For the Talk phase, the prediction aligns less with the the
ground truth, which was also highlighted with higher in Table .14a]in Sectiond.3.2]

N f-TSST [ TSST
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Figure 4.19: Mean [HRl distribution over the different phases Pause, Talk, and Math. On the left
side the ground truth ECG-based HR is depicted and on the right side the predicted fPPG-HRI
*p < 0.05; **p < 0.01; **p < 0.001
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Figure 4.20: Predicted rfPPG-HRIcompared to the ground truth ECG-based HR for one participant
for the whole (f-)TSST over all three phases Pause, Talk, and Math.
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4.4.2 ML-based Classification

Math and Talk

The classification of stress versus no-stress, integrating digital biomarkers with[[PPG-HRI achieved
a mean accuracy of 73.3%=5.5%, as outlined in Table .15 The resulting confusion matrix is
shown in Figure 4.2T] The accuracy was attained with the following configuration:

* Scaler: Standard Scaler

¢ Feature Selection: Select k best

¢ (Classifier: kKNN

TSSTFirst fTSSTFirst

TSST TSST TSST

True label
True label
True label

f-TSST - f-TSST — f-TSST —

I I I
TSST f-TSST TSST f-TSST TSST f-TSST
Predicted label Predicted label Predicted label

Figure 4.21: Confusion matrix results of best-performing classification pipeline trained on facial
expression, body movement and gaze features computed over the (f-)TSST. The two confusion
matrices on the right side show the predictions for the two different condition orders.

When classifying solely sitting participants, a higher accuracy was achieved (77.8%) than
for sitting ones (69.2%). Regarding the participant’s gender, a higher accuracy was observed for
female participants (76.2%) than for male participants (69.7%). Further, a notable difference
was observed in accuracy between different condition orders (TSST}First: 75.7%, E=TSSTH-First:
71.1%).

Regarding [SHAP] values, the top features consisted of facial expression, head movement, and
gaze features, with mean ranking at sixth position. All[SHAP| values are presented in

Figure |4.22]
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Table 4.15: Mean+ standard deviation of classification performance metrics over the 5-fold model
evaluation CV with multimodal features computed over the (f-)TSST. For each evaluated classifier,
the classification pipeline combination with the highest mean accuracy is shown. The classification
pipelines scoring the highest metrics are highlighted in bold.

Accuracy [%] Fl-score [%] Precision [%]
Feature

Scaler Selection Classifier
Standard SkB kNN 73.3 (5.6) 72.4 (9.8) 73.2 (7.3)
Min-Max SkB Ada 73.2 (9.3) 70.5 (16.6) 74.3 (13.1)
Standard  SkB SVM 72.1 (6.1) 73.3(6.7) 69.6 (5.1)
Min-Max SkB RF 69.8 (11.5) 67.1 (14.5) 69.8 (11.7)
Standard SkB NB 66.8 (13.3) 67.7 (16.5) 62.3(11.9)
Min-Max SkB DT 65.7 (8.6) 65.0 (12.5) 64.8 (10.4)
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Figure 4.22: SHAP values of the multimodal approach for Math and Talk: Feature importances
were determined using SHAP values calculated across the cross-validation folds of model eval-
uation. A higher absolute SHAP value signifies greater influence on the model’s classification
output. Positive SHAP values correlate with an increased likelihood of predicting the positive
class, namely [TSST. Note: SP = Static Periods.
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Talk

In the Talk phase, training various classifiers with their respective hyperparameters on digital
biomarkers combined with identified the same optimal classifier as when the models
were trained exclusively on digital biomarkers. Consequently, the detailed classification outcomes
for the Talk phase are omitted here, as they align with those previously discussed and are illustrated
in the Section4.2.2]in Figure 4.13]

Math

Regarding the Math phase, the best-performing classifier exhibited an accuracy of 77.3%=+6.5%
and a F1-score of 79.3%45.1%, employing Standard Scaler, SelectKBest for feature selection,
and kNN. A higher accuracy was observed when participants conducted the f-TSST first (84.2%)
than when the TSST was administered first (70.3%). Further, differences were found between
female and male participants in terms of accuracy (Male: 81.8%, Female: 73.8%), as well as for
the condition order (Sitting: 77.8%, Standing: 76.9%).

[SHAP| values revealed that mean [PPG-HR] had the fourth largest impact on classification
accuracy. The five most influential features included a mix of [AUk and head movement features.
Overall, the top 20 features span emotional values, [AUk, head movements, and gaze features, as
detailed in Figure 4.24]

Table 4.16: Mean-t standard deviation of classification performance metrics over the 5-fold model
evaluation CV with multimodal features computed over the Math phase during the (f-)TSST. For
each evaluated classifier, the classification pipeline combination with the highest mean accuracy is
shown. The classification pipelines scoring the highest metrics are highlighted in bold.

Accuracy [%] Fl-score [J0] Precision [%]

Scaler Featurfs Classifier
Selection
Standard  SkB kNN 77.3 (6.5) 79.3 (5.1) 74.3 (9.5)
SkB SVM 70.7 (8.6) 72.8 (7.0) 68.7 (9.3)
Min-Max RFE RF 69.7 (11.2) 68.6 (12.1) 71.3 (15.0)
SkB NB 69.3 (3.1) 71.5(2.9) 66.6 (4.4)
Standard RFE Ada 67.8 (8.4) 66.2 (8.3) 72.8 (16.3)

Min-Max RFE DT 64.0 (5.3) 64.7 (4.6) 63.9 (8.2)
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Figure 4.23: Confusion matrix results of best-performing classification pipeline trained on facial
expression, body movement and gaze features computed over the Math phase during the (f-)TSST,
as well as across the sitting and standing conditions
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Figure 4.24: SHAP values of the multimodal approach for Math: Feature importances were
determined using SHAP values calculated across the cross-validation folds of model evaluation.
A higher absolute SHAP value signifies greater influence on the model’s classification output.
Positive SHAP values correlate with an increased likelihood of predicting the positive class, namely
Note: SP = Static Periods, BT = Below Threshold, r.=right, l.=left.



Chapter 5
Discussion

This thesis was designed to investigate the feasibility of detecting acute psychosocial stress through
video recordings by analyzing facial expressions, body movements, and gaze behavior, and to
examine their correlations with traditional stress markers. Additionally, it aimed to validate ad-
vanced models under real-world conditions characterized by variable heart rates, speech
activity, and head movements. The study also assessed the impact of on the accuracy of
stress predictions to better understand the potential and limitations of using non-invasive methods

for stress detection in real-world scenarios.

The EmpkinS-TSST study aimed to induce acute psychosocial stress through the while
offering a stress-free control condition in a comparable scenario, the Results indicate that
the successfully induced acute psychosocial stress which is supported by biological markers
such as a stronger [HPAl axis activation in form of higher cortisol levels, as well as a higher SNS]
activation indicated by higher levels during the Further, the responses of perceived
negative affect and state anxiety were higher in the stressful condition. All responses to acute
psychosocial stress are in line with existing literature [[Gool7]] [Lab19] [All17]. Conversely, the
did not activate the axis or the and both perceived negative affect and anxiety

were lower, consistent with findings from previous studies [Wiel3].

The findings of this thesis prove three of four formulated hypotheses, demonstrating the efficacy
of video-based digital biomarkers in distinguishing stress-related states. Specifically, Hypothesis
1 was verified, revealing that digital biomarkers can differentiate between stressed and
non-stressed [-TSST states with a classification accuracy of 73.3£5.5%. Critical to this finding

was the role of facial expressions, body movements, and gaze behavior, which were all identified
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by explainable Al algorithms as key markers influencing the classification output across different
phases of the stress test.

For Hypothesis 2, using digital biomarkers achieved an R? of 64%. However, the
incorporation of components in added complexities that affected its generalization
and interpretability. In contrast, machine learning-based regression yielded a minimal R? of 0.02
+ 0.15 for the cortisol slope S1 to S4. Given the limited success of the machine learning approach,
this hypothesis was rejected due to the inability to effectively predict continuous values of HR,
cortisol, and subjective stress scores from digital biomarkers alone.

Hypothesis 3 was validated under the premise that both conventional and [DI}based
models would exhibit decreased performance in more dynamic, naturalistic environments compared
to controlled settings. This was evident as the models tested on the -TSST dataset underperformed,
especially in conditions of high movement, variable heart rates, and during speech tasks, aligning
with the hypothesized challenges in naturalistic data application.

Finally, Hypothesis 4 was supported, illustrating that the integration of fPPGderived heart
rate measurements with behavioral digital biomarkers notably enhances the robustness of stress
prediction models, particularly noted during the math phase of testing with an improved accuracy
of 77.3 £ 6.5%. This enhancement underscores the potential of combining physiological and

behavioral data for more robust stress detection models.

The thesis demonstrates the potential and challenges of using video-based digital biomarkers
and models for stress detection, highlighting the critical need for rigorous methodological
practices to ensure enhanced reliability and generalizability. Detailed examinations of the results
for each hypothesis are provided in the following subsections, which will further clarify their

broader scientific implications.

5.1 Aim 1: Using Digital Biomarkers to Predict Stress States

When observing the influence of acute stress on each digital biomarker group individually, results
suggest that the stress response could be quantified by more neutral facial expressions, less upper
body movement, and a more static gaze behavior throughout the

In the f=TSST] increased happy emotions and less neutral expressions were observed, accompanied
by an overall higher[AU] intensity compared to the standard [TSSTl Specifically, AU06 and AU12,
linked to happy expressions, were more active, aligning with findings that higher activity in AU12
correlates with lower cortisol increases [Bla23]]. Additionally, AUs like AUO9 (Nose Wrinkler),
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AU14 (Dimpler), AU20 (Lip Stretcher), and AU25 (Lips Part) showed greater activity in the fETSSTL
While these could be associated with emotions like fear, disgust, and contempt in conjunction with
other AU, it is important to note that these measurements, influenced by speaking behavior and
determined frame-by-frame, lack temporal context and may primarily indicate increased speaking
during the f-TSSTI[[Sha13]]. Without analysis of the speech data, further validation of these findings
through estimated speech lengths or speech rates remains unconfirmed.

Significant differences in static body movements were noted, with fewer head movements
observed in the compared to the reflecting Richer et al.’s findings of reduced upper
body movements using inertial sensor-based motion capturing suits [Ric24a]. These results high-
light the feasibility of using video recordings to assess acute stress impacts on body movement.
The analysis of mean head and shoulder velocities showed slower movements in the though
these differences were not statistically significant. Video-based movement quantification can
be problematic due to the distance between the camera and the participant, which may lead to
inaccurate estimations of movement, as noted by [Thil0f]. Additionally, pose estimation from
video faces challenges such as reliable detection in conditions of occlusion and depth ambiguity.
This complicates the analysis further, as the absence of the third dimension adds complexity to
the interpretation of spatial relationships [Zhe24]]. Continued research is needed to develop more

sophisticated, relative movement features that address these challenges in video-based assessments.

Observations regarding gaze behavior revealed that only expert features indicated significantly
fewer eye movements during the suggesting a more static gaze behavior. This finding is
consistent with Herten et al., who observed longer and more frequent fixations on central objects
when using eye-tracking glasses in the compared to the [Her17]]. However, the
EmpkinS-TSST study, which relied solely on video recordings, did not include gaze calibration
prior to the (f-)TSST. Such calibration would have been essential for analyzing gaze times on
committee faces versus the surroundings to assess gaze avoidance, a behavior found to be increased
in the [TSSTlin a previous study [Her17] [Che20|]. Additionally, no significant differences were
observed in pupil diameter between the and In contrast, Guy et al. reported an
increase in pupil diameter following the when using eye-tracking glasses [Guy23]]. Consid-
ering that pupil diameter varies between 2-8 mm and is sensitive to illumination changes, these

subtle changes are challenging to detect solely with video cameras [Wan18§]].
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The findings support previous research that has individually examined the relationship between
acute stress and specific groups of digital biomarkers, such as facial expressions, body movement,
and gaze behavior, confirming that each category is independently linked to stress. These results
underscore a significant interplay between behavioral, endocrinological, and motoric systems
during acute stress events. This interaction supports the integration of behavioral information as
additional biomarker alongside established psychobiological markers, offering a more comprehen-

sive view of the human stress response.

The sole use of video-based digital biomarker to detect acute psychosocial stress using machine
learning supports this conjecture. A maximum accuracy of 73.4+7.7% was achieved to detect
whether an individual was exposed to acute stress or not. This accuracy was lower than the ones
observed in previous studies. For instance, Aigrain et al. attained a F1 score of 85%. However,
they not only used video-based features but also integrated physiological markers such as blood
volume pulse and [HRI measures into their model, as well as lacked a control condition [Aig18]].
Zhang et al. achieved a detection accuracy of 85.42% in a deep learning based approach where
participants had to answer questions or watched a neutral video sequence [Zhal4]. Viegas et al.
reported an accuracy of 81.1% in classifying stress from neutral tasks solely using [Viel8].
In contrast to the above named approaches, in this thesis nested cross-validation was employed
for hyperparameter tuning and model evaluation, aiming to provide a less biased estimate of the

classification pipelines’ generalization performance [Vab19].

Feature importances from the machine learning model revealed that the top ten features were
a mixture of head movements, facial expressivity, and gaze features. This suggests the model
effectively differentiates between the and by recognizing behavioral differences
using different digital biomarker groups. The machine learning approach offers an advantage over
inferential analysis by using a combination of biomarkers, rather than relying solely on one type
of behavioral feature. This integration helps to address challenges such as the impact of speech on
facial expression accuracy and changes in participant-camera distance affecting movement and
gaze measurements. Thus, the model effectivly handles the complex behavioral changes induced

by acute psychosocial stress, illustrating the benefits of leveraging multiple video-derived features.

A deeper analysis of the phases revealed that the number of significant features remained
consistent overall. However, only facial expression features exhibited a larger effect size during

the Talk phase, while during the Math phase facial expression, upper body movements, and gaze
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features showed larger effect sizes. The classification results mirrored this distinction: despite
similar accuracies across phases, the feature importances diverged notably.

Moreover, in the Talk phase, the three most significant features were all related to the rate
of change in the expression of happiness. This suggests that both the amount and the variations
of smiling — how frequently it changes — were key indicators of a non-stressed state during
speaking. Notably, other action units not associated with positive emotions were also more active
in the non-stressful condition. This reliance on facial expression features for classification likely
arises from two factors. First, action units may be influenced by speaking behavior, with facial
muscles engaging more actively during speech [Shal3|]. Alternatively, a possible hypothesis is
that participants’ facial muscles were more relaxed and expressive during the non-stressful 7Talk
phase of the and become tenser during the stressful due to variations in stress levels.
Further research is necessary to assess the reliability of current methods used to detect facial
expressivity and action units, especially when influenced by speaking.

Contrarily, analyzing solely the Math phase revealed that the most important features consist
of a combination of movement, gaze, and facial expression features, with the top two being upper
body ones. Unlike the Talk phase, the most influential facial expression features during the Math
phase did not relate to positive emotions. This discrepancy suggests that these features might have
been influenced by speaking behavior, similar to observations from the Talk phase. As a result,
they may reflect the extent of speaking or the relaxation of facial muscles during speech rather
than emotional states. This indicates that social-evaluative stress may impact behavior differently
across the two phases, highlighting a key area for future research to explore the effects of acute

psychosocial stress on facial expressions, body movements, and gaze behavior in varied scenarios.

5.2 Aim 2: Using Digital Biomarkers to Predict Continuous

Stress Measures

When examining the relationship between changes in facial expressions, speech, movement, and
traditional biological and psychological stress markers, the highest explained variance of 64%
was observed in predicting the stress response slope from baseline to peak following the (f-)TSST.
Despite these promising results, the model, derived from SBMLR, may not generalize well due
to lack of validation on a separate test set, and the use of PCA complicates result interpretation
since PCA components do not directly correspond to specific observed behavioral changes. In

related research, Lasselin et al. achieved a comparable explained variance of 60% using SBMLR
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to predict motion alterations based on variables like body temperature, sickness symptoms, back
pain, and IL-6 concentrations [Las20]. This indicates a significant yet complex link between

physiological changes and motion alterations that warrants further investigation.

Further, only cortisol achieved positive 2 values in the ML-based regression models, un-
derscoring the challenges in effectively predicting psychological and physiological responses
using current machine learning techniques. The negative R? values observed for both Positive
and Negative Affect Scores of the PANAS and mean [HR highlight the limitations of the existing
feature set in capturing the nuanced behaviors associated with stress responses. To enhance model
performance, future work should consider the integration of more expert features that better capture
human behavioral dynamics. Additionally, incorporating voice prosody features may provide a
notable boost to the prediction of stress-related biomarkers, potentially leading to more robust

models capable of handling the complexities of real-world stress detection.

5.3 Aim 3: rPPG Validation under Real-World Conditions

To develop a more comprehensive understanding of acute stress responses, it is essential to consider
internal physiological changes. flPPGloffers a promising methodology by enabling non-invasive HRI
estimation from facial videos, thereby eliminating the need for physical contact [All07]. Another
aim of this thesis was to validate current state-of-the-art flPPGl methods, initially on benchmark
datasets and subsequently on the more real-world[TSST]|datasets UBFC-PHYS and EmpkinS-TSST.
Both datasets include challenging factors such as varying heart rate levels, speech sequences, and
head movements.

Regarding the first analysis on the benchmark datasets, the best performance across all
models was observed on UBFC-rPPG, followed by PURE. This aligns with previous findings, as
both datasets are highly controlled for movement, illumination, and heart rate, making them ideal
for testing models under stable conditions without challenges such as motion, speech, or lighting
changes [Ni21]] [Xia24]]. However, the performance metrics reported in this thesis are slightly
lower than those in prior studies. Specifically, this study’s findings regarding the PURE dataset
validate those of Liu et al., who noted that conventional methods like LGI and POS outperformed
the DL-based model TSCAN, which was trained on UBFC-rPPG [Liu23|]. For UBFC-rPPG, the
lowest MAE was achieved using POS, whereas Liu et al. reported the best performance with
TSCAN. This discrepancy might be due to the different postprocessing approaches. This thesis

employed a finer [HRI frequency resolution of 3 bpm, compared to the 12-8.5 bpm resolution used
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by Liu et al., which could contribute to the slightly poorer performance observed here [Liu23|].
Additionally, the benefit of using a higher [HR]resolution is underscored when models are evaluated
on datasets like EmpkinS-TSST, which provides data derived from ECG. Comparisons made

with predictions at different [HRI frequency resolutions often result in larger MAEs.

In the COHFACE dataset, no model achieved a MAE lower than ten bpm. In contrast, the
study by Liu et al. once again demonstrated better performance [Liu23]. This discrepancy might
be as well attributed to the finer heart rate resolution used in the thesis. Additionally, while the
PURE and UBFC-rPPG datasets feature similar heart rate ranges, COHFACE encompasses a
broader spectrum. Given that the deep-learning models were primarily trained on the PURE or
UBFC-rPPG datasets, their tendency to overestimate in COHFACE is not surprising. This
illustrates the significant impact that the choice of training dataset can have on the predicted HR
range [Xia24]. Moreover, conventional methods also showed limited success on COHFACE,
potentially due to video quality degradation from heavy MPEG-4 Visual compression, which may
corrupt the signal [McD17].

When evaluating models using the datasets, the models demonstrated markedly
better performance on the UBFC-PHYS dataset compared to the EmpkinS-TSST dataset. No-
tably, for UBFC-PHYS, the performance of deep-learning models remained consistent regardless
of whether the models were trained on PURE or UBFC-rPPG which is in line with previous
findings [Sab23|]. Conversely, for the EmpkinS-TSST dataset, models trained on UBFC-rPPG

outperformed those trained on other datasets.

One potential explanation for the observed performance disparities could be attributed to the
design of the UBFC-PHYS dataset, which was specifically developed for benchmarking
and emotion recognition. This dataset benefits from superior video quality and enhanced lighting

conditions, factors that could contribute to the differences in model performance [Sab23]].

Further analysis across the specific phases of Pause, Talk, and Math revealed performance
variations. For both datasets, the lowest MAE was achieved during the Pause phase, followed
by the Math phase, with the Talk phase showing the worst performance. Previous studies have
indicated that models struggle with factors like head movement, changes in illumination,
and varying heart rate levels [Yan22|] [Di 24]. The Pause phase, which requires participants to
remain calm and face the camera, naturally presented the least challenging conditions for rPPG]
models, as evidenced by the lowest MAE observed. Comparatively, the Math phase involved less
movement than the 7Talk phase, where higher facial activity likely due to more frequent speaking

was noted. The increased movement and speech during the 7alk phase made it the most chal-
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lenging, as confirmed by the lower performance metrics observed for both the UBFC-PHYS and
EmpkinS-TSST datasets.

When comparing the predicted heart rate levels between and it is interesting
that the model’s performance is lower in the than in the In the inferential digital
biomarker analysis more upper body movement and a higher facial expressivity was observed in
the Since more movement and more speech parts pose more challenges for the model,
it could be argued that these performance disparities were unexpected. However, one important
factor which is often overlooked in the current fPPGlbenchmark datasets are the HRIranges. This
shows that higher as well as lower [HRIranges pose another challenge for the fPPGlmodels [Di 24].

In summary, fPPG| models are able to accurately predict the [HRunder highly standardized lab
settings. However, the performance decreases when fPPGl models face certain challenges, such
as upper body movement, illumination changes, various heart rate levels, speaking, or different
skin colors [Di 24]]. One reason for that is the lack of benchmark datasets which incorporate these
challenges. Although numerous datasets exist for the evaluation of methods, the availability
of high-quality, open datasets remains constrained. Presently, the most widely utilized datasets
among researchers are UBFC-rPPG, PURE, and COHFACE, which predominantly address mo-
tion artifacts and illumination changes [Xia24]. Nonetheless, these datasets do not account for
several specific factors, including variations in heart rate levels, speaking parts, and environmental
conditions. This omission poses significant challenges in assessing the effectiveness of various
[lPPGl methods. Therefore, more open-source datasets are needed for training and evaluation which

include the challenges and thus make allow lPPGl models to tackle them.

The challenges associated with open resources extend beyond benchmark datasets to include
accessibility issues with code for various learning-based methods. The availability of open-source
code is crucial for both established researchers and newcomers in the field. Often, the absence
of accessible code or clear reproducibility guidelines limits the ability to evaluate and compare
methodological performance effectively [Xia24]. Furthermore, there is an ongoing need for
enhancements and updates to open-source toolboxes that support efficient training and testing
of models. Although the rPPG-toolbox strives to stay up to date, it currently offers only five
pre-trained models on the PURE and UBFC-rPPG datasets [Liu23].

Additionally, researchers frequently do not release optimal sets of hyperparameters or model

weights, complicating efforts to replicate results. The performance of deep learning models is also
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non-deterministic, influenced by factors such as the type of graphics card used and the version of the
CUDA toolbox, details that are often omitted in publications or repository documentation [Pha20].
Improvement in this area requires a collective effort from the research community to establish
open-source benchmarking platforms. Such platforms would facilitate the uploading of pre-trained
models and enable benchmarking across various datasets that present diverse challenges. This
approach would significantly enhance transparency and reproducibility in the field [Xia24]].
Overall, deep learning based models do not fully outperform conventional methods. They
also have great advantages since they do not rely on training. Further, in this study conventional
methods achieved comparable results while not relying on training data since they are unsupervised
models. Consequently, unsupervised deep learning methods should be further investigated, as they

can overcome the reliance on real labels in supervised methods and facilitate practical applications.

Part of the thesis focused on validating state-of-the-art fPPGlmodels and identifying challenges
within the more naturalistic EmpkinS-TSST dataset. Despite substantial potential for enhancing
[PPGl model performance, inferential analysis indicated that the predicted [HRl was significantly
higher in the Math and Pause phase of the conditions compared to This resembles
the results of the recorded ground truth and as mentioned earlier, indicates the activation of the
sympathetic nervous system which provides valuable insights into individual stress levels.

However in the Tulk phase, the actual [HRI measured was significantly higher in the com-
pared to the yet this distinction was not mirrored in the predicted [HR] by the model.
This discrepancy led to subsequent analysis to determine whether using a single physiological
proxy could improve the prediction accuracy of psychosocial stress responses. As a result, the
[HRI predictions from TSCAN, the highest performing model trained on the UBFC-rPPG dataset,
were integrated as an additional digital biomarker. This integration aimed to enhance the detection
of stress states through a multimodal approach, leveraging digital biomarkers to provide a more

comprehensive assessment of stress responses.

5.4 Aim 4: Using a Multimodal Approach to predict Stress
States

Integrating remote photoplethysmography-derived heart rate (rHR) with behavioral digital biomark-
ers is hypothesized to enhance the predictive accuracy and robustness of stress detection models.

Using digital biomarkers across the (f-)TSST, the overall performance remained roughly the same



90 CHAPTER 5. DISCUSSION

but the standard deviation across the different folds was lower with an accuracy of 73.34+5.6%.
This shows that adding the to the model improves the robustness across the CV folds.
This was also confirmed by a deeper investigation of feature importances which revealed that the
was among the top 10 features to have an impact on the model output. The rest of the

pattern stayed the same as before.

Regarding the Math phase, best overall performance was observed with an accuracy of
77.3£6.5% and an F1 score of 79.3£5.1%. When analyzing the feature importances, fPPG-HR
was the third most important feature. This shows how a single [HRI proxy can already boost the

performance of the classifier and allow a more accurate prediction of the stress states.

Nothing changed for the stress prediction of the 7alk phase. Therefore, was not
among the top features which was also expected since by simply comparing the predicted [HR]
during 7alk across the and no difference was found. This shows the disparity
between the different conditions and that the additional [HR|did not help to boost the performance
since the model was not able to predict higher [HRIlevels during the Talk phase accurately.
The Talk phase was also the most challenging condition for the model, therefore the results align
with the expectations of current flPPG-HRl predictions. It shows once again that it is currently still
hard to correctly classify higher heart rates when they are paired with other challenges such as

movement or talking [Di 24].

These results contrast with previous studies employing Morales-Fajardo et al. as-
sessed academic anxiety in fifty-six undergraduates using video recordings and STAI scores during
regular and exam Math classes, relying on demographic data to classify anxiety [Mor22]. Their
study showed an accuracy increase from 86% to 96% when incorporating fPPG-HRIdata, though it
lacked validation for the [HRIresults. Similarly, in stress state detection on the UBFC-Phys dataset,
an accuracy of 85.45% was achieved using only f[PPG-HRI features, with higher accuracy noted
when compared to ground truth PPG or EDA signals. However, their claim of analyzing stress
via a modified version of the raises concerns as they did not explicitly report results for
their stress measure PPG and EDA, potentially confusing different mental loads with actual stress
states [Sab23]]. McDulff et al. reported an 85% accuracy in distinguishing rest from cognitive
stress states using only f[PPGHderived [HRL [HRV] and breathing rates. However, their study was
limited by a small sample size of 10 participants and lack of cross-validation, suggesting potential
overfitting [McD14].
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5.5 General Discussion and Limitations

The challenge of defining “stress” precisely in research persists, notably due to the ambiguity
surrounding its characterization [Epel8]. This thesis focuses on acute psychosocial stress, known
for significantly activating the [HPA] axis [DicO4]]. This contrasts with studies that depend on
unobtrusive measures, which often fail to measure [HPAlaxis activity and rely heavily on subjective
stress assessments. Unlike other studies that induce cognitive load, this research uses protocols
like the to elicit robust physiological stress responses [Kir93].

The use of the which does not activate the axis, underscores the complexity of
defining and measuring stress with a single method or biological marker. Often, studies use a
preparation phase to compare stressful and non-stressful conditions, introducing variability as
different types of behaviors are measured [Aig18|] [Lup14]. Richer et al. highlighted the ambiguity
of stress labels in psychosocial stress research, emphasizing the need for further validation [Ric24al.
Norden et al. investigated classification results using various stress labels. However, their study
was limited as it only included male participants [Nor22b]. Future work is necessary to clarify
disparities in stress labels to better understand the validity of digital biomarkers in assessing stress

states.

Moreover, the order in which the conditions were administered, either the or
first, may have influenced participant behavior due to the novelty of the scenario on the initial study
day — a factor also highlighted by Richer et al. Higher effect sizes for both cortisol levels and
self-reported measures were observed when the was administered first, suggesting a more
pronounced stress response due to the order of conditions [Ric24al]. Additionally, classification
performance was better when the was first, particularly for features calculated over both
phases, although no differences were observed during the individual phases. Conversely, integrating
[PPG-HRJinto the model resulted in higher accuracy when the f-TSST was administered first. This
improvement could be attributed to the relative stability of measurements, since the
effect size of heart rate levels seemed unaffected by the condition order. Future research should
continue to explore how the order of conditions impacts individual behaviors.

In the EmpkinS-TSST, participants were equally randomized between sitting and standing
postures. Contrary to the effects observed with condition order, participants who were sitting
had higher prediction confidence during the (f-)TSST and the Talk phase, although this trend did
not extend to the Math phase. Interestingly, cortisol levels did not show variation in effect sizes
based on posture. Incorporating data into the prediction model significantly improved
classification accuracy for sitting participants during the (f-)TSST and the Talk phase, indicating
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that posture has a measurable impact on behavior and classification performance. In contrast,
classification accuracy decreased for standing participants during the (f-)TSST, but increased
during the Marh phase. This discrepancy may be due to the data being more accurately
predicted for sitting participants, who likely moved less than those standing. Further studies
with larger sample sizes are necessary to explore the influence of body posture on physiological

responses and stress detection more comprehensively.

Regarding gender differences, the predictive models included more female participants (21
women vs. 16 men). Throughout all phases, female participants were more likely to be correctly
classified than their male counterparts, except during the Math phase when the integrated resting
heart rate (tPPG-HRJ) was considered. No significant differences in effect sizes for cortisol levels
and perceived stress levels were observed between men and women. One possible explanation
for the disparate classification results could be that the imbalanced gender distribution in the
sample influenced the outcomes. This could potentially support the hypothesis that women and
men exhibit different behavioral stress responses, as behavioral markers were primarily used for
classification. Adding to the model resulted in higher classification accuracy for male
participants, which could be due to more pronounced differences in heart rate levels between
the and the TSST. This is further supported by overall higher effect sizes of heart rate
measures for men. However, due to the small and imbalanced sample size, future research should

further investigate these gender-related behavioral differences in response to stress.

Together, the impacts of condition order, participant posture and gender on response measures
demonstrate the complex and individualized nature of physiological and behavioral responses
to psychosocial stress. This complexity is mirrored in the SHAP values, which vary among
participants. A detailed analysis indicated that facial features influenced the outcomes during the
Talk phase, whereas a broader range of features, particularly head movements, played a critical role
during the Math phase. These insights support the need for further development of each digital

biomarker group to more precisely reflect the stress response to psychosocial stress.

This exploratory study offers an initial look at the use of digital biomarkers and the persistent
challenges in the field. Segmenting the analysis by condition order and posture (sitting vs. standing)
has reduced the study’s power due to a smaller sample size. Although this approach has uncovered
interesting behavioral patterns between the phases Math and Talk, it underscores the necessity for

larger samples to firmly establish conclusions.

Particularly concerning facial features, the study revealed complexities in measuring facial

intensity, which could be attributed either to speaking or inherent facial expressions. The AUs
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themselves are prone to errors as facial expression recognition is evaluated frame-wise and not
adjusted for speaking parts, pointing to a need for newer, temporal algorithms that can more
accurately differentiate these factors [Shal3]. Current state-of-the-art models, such as those
provided by PyFeat [Che21]], demonstrate varying levels of detection accuracy. For instance,
F1-scores for happiness (0.77), AU06 (0.71), AU12 (0.78), and AU25 (0.84) are relatively high,
indicating reliable detection of these expressions. However, F1-scores for other AUs and emotional
values range from 0.25 to 0.64, suggesting that while the increased positive emotions observed in
the are reliable, individual action units might not be as dependable. This emphasizes the
importance of considering emotion levels and AUs in conjunction with other digital biomarkers.

Moreover, there is considerable potential in further developing expert features for gaze behavior
and upper body movements, which have been identified as highly ranked features. Enhancing the
characterization of upper body movements could be achieved by integrating more IMU-based expert
features, such as frequency-based features by Richer et. al [Ric24al], and refining the calculation
methods for video-based movement features. For pose estimation, open-source platforms such as
AlphaPose [Fan23]] or OpenPose [[Cao21]] could also be considered. Additionally, incorporating
more eye-tracking features through a brief calibration before tests could provide valuable insights
into gaze behavior, such as gaze avoidance, which previous studies have shown to offer substantial
insights into participants’ mental states [Che20)] [[Vat21]]. This exploration and detailed feature

extraction could leverage the potential of stress measurements.

Another limitation of this study is the inability to utilize voice features due to poor audio
quality. This omission represents a significant gap, as previous research has demonstrated the
importance of vocal indicators in predicting acute stress [Oes23|]. Incorporating voice features
could have provided a more comprehensive analysis, enabling an examination of the interplay
between facial expressions, speech patterns, body movements, and established stress markers like
cortisol levels and subjective stress perceptions. Although this study did not originally aim to
use video recordings to predict psychosocial stress, the results remain promising given that the
differentiation between stress states was achieved solely through video-based features. Future
research should aim to address this gap by integrating voice analysis to enrich the understanding

of stress markers.

A further constraint of the current analysis is the assessment of facial features across entire
phases rather than temporally, potentially overlooking subtle changes. Although the study at-
tempted to model temporal changes in movement and gaze by identifying static behaviors, there is

still significant room for improvement. Developing more advanced temporal digital biomarkers
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could more effectively capture initial reactions to acute stress, especially in situations that evoke
strong emotions where immediate, uncontrolled behavioral responses are crucial before they can

be masked or altered.

There is a compelling case for deploying digital biomarkers in less controlled, real-world
settings to validate their effectiveness under challenges like camera movement, varying light-
ing, background noise, and the presence of multiple people. For instance, video recordings
have already been effectively used in emergency departments to predict PTSD and depression
symptoms in trauma survivors [Sch24]. In another pilot study, the severity of major depressive
disorders and the response to antidepressant treatments were remotely measured using digital
biomarkers. These biomarkers, including facial expressions, head movements, and speech patterns,
were extracted from smartphone recordings [Abb21]]. Similarly, a subsequent exploratory study
utilized digital biomarkers, including measures derived from eye-tracking, and voice
markers, to screen for mental health issues in children, predicting levels of depression, anxiety,
and stress [[Cho24|]. These studies illustrate that digital biomarkers have the potential to function
outside traditional lab settings, providing objective, unobtrusive, and scalable assessments. They
could be particularly beneficial in mental health for the early detection, ongoing assessment, and

monitoring of treatment responses for psychological disorders.

Regarding measures, performance varied across datasets due to challenges related to
movement, illumination, and heart rate levels. Although the EmpkinS-TSST was not specifically
designed for [PPGl extraction, incorporating it as an additional digital biomarker enhanced the
model’s performance and robustness. However, the effectiveness of fPPGlalso depended heavily on
the phase of the with higher heart rates and speaking phases posing the greatest challenges
for fPPG] prediction in the EmpkinS-TSST. Further complicating robust analysis, current
datasets often lack diversity in speaking sequences, higher heart rate levels, and different skin
colors. Therefore, raw levels should be interpreted with caution, particularly when
the specific challenges are known. Future work should focus on further validating current state-
of-the-art models, developing more challenging benchmark datasets that better reflect the
complexity of real-world scenarios, and creating an open-source platform for comparing model

performances and sharing parameters.

Despite these challenges, there is significant potential in expanding applications. It is
also promising that methods have been used to measure a wide range of other physiological
parameters, such as breathing rate, blood volume pressure, and heart rate variability. Expanding
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the use of to include these measures could provide a more holistic insight into participants’

mental and cognitive states.

The findings underscore the potential of leveraging facial expressivity, upper body movement,
gaze features, and f[PPG-HR]to assess acute stress reactions. This approach could more effectively
differentiate between cognitive load and acute stress situations that involve social-evaluative stress.
While extracting meaningful behavioral data during acute stress is challenging, this study represents
a step toward a more comprehensive understanding of the human stress response. By establishing
these markers as supplements to traditional psychobiological markers, additional insights into the
bodily responses to acute psychosocial stress are revealed. Furthermore, since these markers can
be more readily measured in naturalistic settings compared to traditional biomarkers, incorporating
video-based digital biomarkers when assessing stress responses could enhance the understanding

of the interplay between behavioral, physiological, and motoric processes during stress.






Chapter 6
Conclusion

This thesis explored the use of video-based digital biomarkers to detect acute psychosocial stress,
using facial expressions, body movements, and gaze behavior. Additionally, it incorporated the
feasibility of models under challenging conditions such as variable [HR] head movements,
and speech sequences. This work aimed to advance non-invasive, scalable acute stress detection
technologies, enhancing the general understanding of the interplay between behavioral and physio-

logical responses to stress.

The first aim of the thesis focused on analyzing the impact of acute stress on facial expressions,
body movements, and gaze behavior. Findings indicated that acute stress led to more neutral
facial expressions, reduced upper body movement, and more static gaze behavior. Using digital
biomarkers throughout the (f-)TSST, the classifier detected acute stress exposure with an accuracy
of 73.44+7.7%. A deeper analysis of the phases revealed that facial emotion features were the
most influential ones for decision-making in the 7alk phase, while in the Math phase, all feature
groups (facial expressions, upper body movements, gaze behavior) contributed, with upper body
movements being the most important ones. This finding suggests that different forms of acute
stress differently influence human behavior, highlighting the need for further research to better

understand behavioral stress responses.

The thesis identified a relationship between behavioral changes and traditional stress markers,
noting connections between altered behavioral expressions and both biological and psychological
markers. However, specific measurements such as cortisol levels, perceived stress, or [HR] levels
could not be directly predicted using digital biomarkers. Incorporating voice prosody into the
predictive model may enhance its feasibility. Further research is essential to better understand the

links between behavioral adaptations, physiological changes, and perceived stress levels.
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Another aim involved validating advanced methods in more real-world settings char-
acterized by variable HRE, speech, and head movements. The findings demonstrated that while
[rlPPGlmodels perform well in controlled lab settings, their accuracy decreases under less constraint
scenarios such as the EmpkinS-TSST due to increased movement, higher [HRllevels, and speaking
parts. These challenges are amplified by the lack of diversity in current datasets regarding speaking
sequences, [HRIranges, and skin color differences, which can remarkably affect fPPG]signal quality
and interpretation. Despite these challenges, PP still offers a promising contactless tool for
[HRI prediction, emphasizing the need for more robust models and comprehensive benchmark
datasets that mirror the complexities of real-world environments. This underscores the necessity
of creating an open-source platform to share parameters and compare model performances, fos-
tering improvements in technology, and expanding its application to broader physiological
assessments.

Finally, the thesis assessed how [PPGHderived [HRlinfluences the prediction of stress states us-
ing video-based digital biomarkers. Adding fPPG-HRJto the predictive models generally enhanced
both robustness and accuracy, particularly in the Math phase of the[TSST], achieving an accuracy of
77.3% +6.5%. This suggests that fPPG-HRlis a valuable addition to the set of digital biomarkers.
However, performance varied across phases, with the models struggling the most during
the Talk phase, which typically exhibits the highest[HRllevels and more speaking parts compared
to the Math phase. These findings indicate that while fPPG models show promise, they still re-

quire further refinement to ensure reliability in real-world settings, and should be used with caution.

In summary, this thesis highlights the potential of using video-based digital biomarkers for
acute psychosocial stress detection, especially when integrated with [PPGl-derived physiological
data. While challenges persist in accurately capturing and interpreting these digital biomarkers
under varied and real-world conditions, the research enhances the understanding of the interplay
between behavioral and physiological responses to acute stress. Future work should focus on
refining video-based methods and expanding the scope of data collection to improve the robustness
and practical applicability of stress detection technologies in real-world settings. The promise of
video-based digital biomarkers lies in their potential to simplify the understanding and management

of stress across various applications, including clinical, workplace, and everyday environments.



Chapter 7

Future Work

This thesis has demonstrated the potential of quantifying human behavior in the context of acute
psychosocial stress using only video recordings. Future research should focus on refining the
analysis of human behavior under stress by developing more sophisticated features for facial
expressions, upper body movements, and gaze behavior. These advanced features will allow for a
deeper understanding of the interactions between internal psychological states and physiological

body signals, enhancing the granularity with which stress is measured and interpreted.

Facial emotion recognition, particularly during speaking tasks, deserves specific attention
to determine whether changes in facial expressions occur due to the amount of speaking or to
actual emotional shifts. Additionally, incorporating quick eye-tracking calibration in future studies
will enhance the reliability of gaze behavior data, providing more accurate insights into where
individuals direct their attention during stress. This precision in measuring gaze could illuminate

new aspects of how stress affects attentional focus.

The proof of concept presented in this thesis has highlighted behavioral variations across
different scenarios, such as the 7Talk and Math phases. Expanding upon this, a more extensive
exploration of the response to acute psychosocial stress in varied scenarios is necessary. This will
enable a more nuanced understanding of how stress manifests across diverse settings and help to
tailor interventions more effectively.

Another future goal is to integrate various behavioral features into a comprehensive, multimodal
approach that captures the temporal dynamics of human behavior. Considering the complexity
of human behavior as an interplay of facial expressions, body movements, gaze behavior, and
voice prosody, each evolving over time, future research should explore these temporal interac-
tions to detect initial responses to acute stressors — before coping mechanisms and behavioral

masking obscure these reactions. Deep learning models, particularly the Temporal Fusion Trans-
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former [Lim?21], are well-suited for this task due to their capability in handling time-series data
and integrating different types of data for a holistic understanding of stress responses.

In terms of remote assessment of physiological signals, further steps should include the
validation of models in more naturalistic settings, involving challenges such as participants
speaking, diverse skin tones, and fluctuating [HR|levels. Moreover, enhancing the extraction of
[HRV] features from [fPPGl data and exploring other remotely assessable physiological signals like
breathing rate and blood pressure will broaden the scope of detectable physiological responses to
stress.

As remote assessments of acute stress become more prevalent, it is essential to validate these
emerging methodologies against traditional stress markers to ensure their accuracy and reliabil-
ity [Nor22a] [Ric24b]]. The use of video recordings as proxies for stress responses, particularly
when combined with remote physiological markers like [HR] measurements, holds remarkable
interest for fields such as remote patient care and virtual doctor visits. In these settings, they
can offer valuable insights into patients’ physiological and mental states, thus enabling more
patient-centered care.

Finally, exploring stress responses in more natural environments outside the laboratory setting
could improve the general understanding of the transition from acute to chronic stress [Roh19].
With the widespread availability of cameras in smartphones and computers, video-based stress
detection offers a cost-effective and easily implementable solution for monitoring stress in daily
life and work environments. This approach not only allows for the early detection of situations
where individuals are repeatedly exposed to acute stress but also enables targeted interventions.
By leveraging video-based digital biomarkers, there is the potential to disrupt the cycle where
acute stress evolves into chronic stress, offering a promising approach for proactive mental health
management. This expanded use could ultimately lead to more robust, real-world applications that

extend beyond the lab, supporting preventive health measures and enhancing overall well-being.
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Figure A.1: Cortisol response per condition order; Mean +SE over all participants
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Figure A.2: Cortisol response per gender; Mean +SE over all participants
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Figure A.3: Cortisol response per sitting and standing condition; Mean +SE over all participants
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Figure A.7: Results of the generic head movement features for head, left and right shoulder during
the (f-)TSST across all participants, as well as for the individual phases
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Figure A.8: Results of the visibility features for both elbows and hands during the (f-)TSST across
all participants, as well as for the individual phases for the right elbow.
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Additional Tables

Table B.1: t-test results of cortisol features for condition order; *p < 0.05; **p < 0.01; ***p <
0.001.

Test Condi- Feature | t(43) p Hedges’ g
tion

TSST first aucG 2.452  0.261 0.608
aucl 4.308 0.005** 1.005
maxInc | 3.683 0.020* 1.010
mazVal | 2370 0.307 0.545
Ms154 4.389 0.005** 1.160

f-TSST first  aucG 1.889  0.734 0.512
aucl 1.450 >0.999 0.401
mazxInc | 1.721 >0.999 0.486
mazVal | 2.067 0.519 0.540
Mg154 1.634 >0.999 0.485
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Table B.2: t-test results of cortisol features for sit and standing conditions; *p < 0.05; **p < 0.01;
**p < 0.001.

test Feature | t(43) p  Hedges’' g

SIT AUCq 2.070 0.516 0.478
AUCq 2.577 0.180 0.589
ACrax 2.439 0.242 0.637
mazVal | 1.909 0.707 0.407
Mg194 2.848 0.099 0.754

STAND AUCq 2447 0.263 0.727
AUCq 2.703 0.157 0.891
ACrax 2.722 0.151 0.861
mazVal | 2.702 0.157 0.832
Mg154 2.572 0.205 0.860

Table B.3: t-test results of cortisol features for different gender identities; *p < 0.05; **p < 0.01;
**p < 0.001.

test Feature | t(43) p Hedges’ g

Men AUCq 1.705 >0.999 0.459
AUCq 2,177  0.458 0.573
ACmaz 2296 0.365 0.832
maxVal | 1.775 0.963 0.443
MS154 2.110 0.521 0.669

Women AUCq 2.603 0.166 0.617
AUCq 3.043  0.062 0.798
ACmaz 2.806 0.106 0.678
maxVal | 2597 0.168 0.602
Ms154 3.243  0.039* 0.889
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Table B.4: t-test results of [HRIfeatures for condition orders; *p < 0.05; **p < 0.01; **p < 0.001.

test Feature | t(41) p Hedges’ g

TSST first HR mean | 3.681 0.015* 0.484
HR SD 0.961 >0.999 0.177
RMSSD | -3.464 0.024* -0.450
pNN50 -3.620 0.017* -0.446

f-TSST first HR mean | 4.680 0.002** 0.502
HR SD -1.479 >0.999 -0.193
RMSSD | -3.323 0.036* -0.494
pNNS50 -3.144  0.053 -0.522

Table B.5: t-test results of [HRIfeatures for sit and standing conditions; *p < 0.05; **p < 0.01;

e < 0.001.

test Feature | t(41) p Hedges’ g

SIT HR mean | 4.401 0.003** 0.418
HR SD -0.572 >0.999 -0.088
RMSSD | -2997 0.071 -0.386
pNNS50 -3.199 0.045% -0.419

STAND HR mean | 3.978 0.008** 0.570
HR SD 0.466 >0.999 0.075
RMSSD | -3.687 0.016* -0.607
pNN50 -3.280 0.039* -0.598

Table B.6: t-test results of [HR| features for different gender identities; *p < 0.05; **p < 0.01;

e < 0.001.

test Feature | t(41) p Hedges’ g

Men HR mean | 3.862 0.014* 0.633
HR SD 0.312 >0.999 0.049
RMSSD | -4.045 0.009** -0.628
pNNS50 -3.665 0.021% -0.633

Women HR mean | 4.384  0.002 0.408
HR SD -0.503 >0.999 -0.077
RMSSD | -2.945 0.073 -0.382
pNN50 -2.965 0.069 -0.394
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Table B.7: t-test results of facial expression features; *p < 0.05; **p < 0.01; ***p < 0.001.

t(37) p Hedges’ g

Feature

fer intensity 7.434 <0.001"*  0.694
AUO06 std 6.842 <0.001*  0.780
AUI12 std 6.413 <0.001**  0.801
AUO06 mean 6.284 <0.001**  0.859
AU12 mean 5.715 <0.001**  0.786
happiness mean 5.663 <0.001*** 0.716
happiness std 5.585 <0.001™* 0.733
AU20 mean 5.580 <0.001** 0.717
AU09 mean 5.565 <0.001**  0.766
AU14 mean 5.218 0.001**  0.424
AUOQ9 std 4.522 0.006**  0.546
AU25 mean 4.491 0.007*  0.596
AUO7 std 4.389 0.009**  0.574
neutral mean —4.026 0.027*  —0.537
AUI10 std 3.896 0.039* 0.397
AU24 std 3.744 0.060 0.436
AUQO7 mean 3.724 0.063 0.501
AU20 std 3.713 0.066 0.467
AU10 mean 3.562 0.101 0.403
AUI1S5 std 3.400 0.158 0.439
AU17 std 3.324 0.194 0.390
AU23 std 3.221 0.258 0.478
AU14 std 2.683 >0.999 0.358
AUO1 mean —2.653 >0.999 —0.204
AU17 mean —0.801 >0.999 —0.070
sadness std —1.082 >0.999 —0.139
sadness mean —0.955 >0.999 —0.144
neutral std 0.643 >0.999 0.118
AUO1 std 0.175 >0.999 0.028
AUO02 mean —1.943 >0.999 —0.170
AUO02 std 0.418 >0.999 0.050
AUO04 mean —1.021 >0.999 —0.151
fear std —-1.024 >0.999 —-0.119
fear mean —1.531 >0.999 —0.208



111

disgust std 0.320 >0.999  0.043
disgust mean 0.530 >0.999  0.099
anger std —0.124 >0.999 -0.014
anger mean —0.517 >0.999 —-0.076
AUIS mean —0.804 >0.999 —0.082
AU43 std 0.183 >0.999  0.016
AU28 std 0.622 >0.999  0.057
AU28 mean —-0.881 >0.999 —-0.117
AU26 std —0.309 >0.999 —-0.031
AU26 mean 0.787 >0.999  0.093
AU2S5 std —1.717 >0.999 —-0.227
AUO04 std 0.515 >0.999  0.074
AUOS5 mean 0.137 >0.999  0.010
AU24 mean —1.586 >0.999 —0.130
AUOS std 1.362 >0.999  0.134
AU23 mean 0.361 >0.999  0.030
surprise mean | —1.898 >0.999 —0.234
AUI1 mean 1.714  >0.999 0.216
AU11 std 0.004 >0.999  0.001
AU43 mean 1.516  >0.999 0.109
surprise std —-1.223 >0.999 -0.151

Table B.8: t-test results of upper body movement features; *p < 0.05; **p < 0.01; ***p < 0.001.

t(37) p Hedges’ g

Feature

head SP —5.509 <0.001***—0.728
head BT —4.620  0.005** —0.584
head Vel. mean 2.967  0.505 0.374
left Elbow Visibility —-0.109 >0.999 —-0.017
left Hand Visibility 1.118 >0.999 0.198
left Shoulder BT 0.172  >0.999 0.027
left Shoulder Vel. mean 0.215 >0.999 0.040
left Shoulder SP 0.084 >0.999 0.014
left Shoulder Vel. std 0.185 >0.999 0.036
head Vel. std 1.816 >0.999 0.227
right Elbow Visibility —1.275 >0.999 —0.254
right Hand Visibility 0.266 >0.999 0.046
right Shoulder BT —1.686 >0.999 —0.282
right Shoulder Vel. mean | —0.162 >0.999  —0.032
right Shoulder SP —-1.332 >0.999 —-0.218
right Shoulder Vel. std —-0.309 >0.999 —0.062
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Table B.9: t-test results of gaze behavior features; *p < 0.05; **p < 0.01; ***p < 0.001.

t(37) p Hedges’ g

Feature

left Eye SP —-3.782  0.054  —0.522
right Eye SP —3.279 0.220  —0.523
right Eye BT —2.807  0.762  —0.417
left Eye BT —2.520 >0.999 —0.328
left Pupil max —2.190 >0.999 —0.312
right Pupil max —2.122 >0.999 —0.304
right Pupil std —-1.662 >0.999 —0.266
right Pupil min —-2.010 >0.999 —0.265
right Pupil mean —-2.019 >0.999 —0.287
right Pupil diff —0.351 >0.999 —0.065
right Pupil Blinks 0.427  >0.999 0.042
left Eye Vel. std —0.157 >0.999 —-0.022
left Eye Vel. mean 0.364 >0.999 0.046
left Pupil std —1.467 >0.999 —0.221
left Pupil min —-1.627 >0.999 —0.222
left Pupil mean —1.906 >0.999 —0.257
left Pupil diff —-0.144 >0.999 —0.026
left Pupil Blinks 1.571 >0.999 0.174
right Eye Vel. mean | 0.148 >0.999 0.019
right Eye Vel. std —0.668 >0.999  —0.093
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Table B.10: t-test results of facial expression features for the phases Math and Talk; *p < 0.05;
“*p < 0.01; **p < 0.001.

t(37) p Hedges’ g

Feature Phase
AUO06 std Talk 7.534 <0.001**  0.988
AUI12 std Talk 7.193 <0.001**  0.984

fer intensity Talk 6.105 <0.001** 0.705
happiness mean Talk 5.804 <0.001**  0.742
AU06 mean Talk 5.761 <0.001** 0.884
happiness std Talk 5.752  <0.001***  0.859
AU12 mean Talk 5.238  0.001™  0.766
AU09 mean Talk 5.165  0.002**  0.676
fer intensity Math 5.111 0.002**  0.600
AU06 mean Math 5.074  0.002**  0.748
AU20 mean Math 4.995  0.003**  0.790
AU24 std Talk 4.813  0.005*  0.597
AU20 mean Talk 4.747  0.006"  0.524
AU09 mean Math 4.707  0.007  0.680
AUI12 mean Math 4.683  0.007  0.718
AU14 mean Math 4.638  0.009**  0.386

AUO9 std Talk 4.440  0.016* 0.545
AUO7 std Talk 4.434  0.016* 0.614
AU20 std Talk 4.366  0.019* 0.495
AU14 mean Talk 4.208  0.031% 0.419
AU14 std Talk 4.190  0.033* 0.621
happiness mean Math 4.158 0.036* 0.619
AUO06 std Math 3.915  0.073 0.489
neutral mean Math | —3.854 0.088  —0.607
AUO9 std Math 3.803  0.101 0.472
AU10 std Talk 3.753  0.117 0.438

AU25 mean Math 3.706 0.134 0.602
AU25 mean Talk 3.661 0.152 0.488
AUI15 std Talk 3.623 0.169 0.573
AU12 std Math 3.596 0.183 0.509
happiness std Math 3.385  0.329 0.500
AU10 mean Talk 3.375 0.338 0.378
AU17 std Talk 3.322 0.391 0.439
AU23 std Math 3.292 0.425 0.608
AUO7 mean Talk 3.272 0.448 0.460
AUO7 mean Math 3.199 0.547 0.476
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AUO7 std Math | 3.015  0.890  0.460
neutral mean  Talk | —2.997 0.935 —0.376
AU10 mean Math 2.949 >0.999 0.382
AUOI mean Talk | —2.929 >0.999 —0.267
AUO2 mean Talk | —2.811 >0.999 —-0.293
AU43 std Math | —0.355 >0.999 —0.035
AU43 mean Talk 0.671 >0.999  0.060
AU43 mean  Math 1.566 >0.999  0.142
AU28 std Talk 0.783 >0.999  0.073
anger mean Math | —0.230 >0.999 —0.042
anger mean Talk | —0.746 >0.999 —0.094

AU28 std Math | 0.318 >0.999  0.035
AU28 mean  Talk | —0.741 >0.999 —0.083
anger std Math | —0.203 >0.999 —0.029
AUA43 std Talk 0.694 >0.999  0.069
AUOl mean  Math | —1.877 >0.999 —0.136
fear std Math 0.345 >0.999 0.038

disgust mean ~ Math 1.332 >0.999 0.248
surprise mean Talk | —1.892 >0.999 —0.236
surprise mean Math | —1.393 >0.999 —0.188
sadness std Talk | —0.687 >0.999 —0.098
sadness std Math | —1.045 >0.999 —0.157
sadness mean Talk | —1.003 >0.999 —0.161
sadness mean Math | —0.648 >0.999 —0.111
neutral std Talk 0.798 >0.999 0.164
neutral std Math 0.356  >0.999 0.061
fear std Talk | —2.092 >0.999 —-0.284
AU28 mean Math | —0.894 >0.999 —0.142
fear mean Talk | —2.223 >0.999 —-0.375
fear mean Math | —0.733 >0.999 —0.084
disgust std Talk | —0.232 >0.999 —-0.031
disgust std Math 0.698 >0.999 0.102
disgust mean Talk | —0.671 >0.999 —0.122
anger std Talk | —0.009 >0.999 —0.001
AU26 std Talk 0.155 >0.999 0.015
AU20 std Math 2.481 >0.999 0.372




AU26 mean
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AUI10 std
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Math
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Math
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Math
Math
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Math
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Math
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Math
Math
Talk
Math
Math
Talk
Math
Math
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—0.122
0.300
0.055
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Table B.11: t-test results of upper body movement features for the phases Math and Talk; *p < 0.05;
“*p < 0.01; **p < 0.001.

t(37) P Hedges’ g

Feature Phase

head SP Math | —5.455 0.001** —0.815
head BT Math | —4.799 0.005**  —0.690
head Vel. mean Math 3.484 0.250 0.511
head SP Talk | —2.560 >0.999 —0.423
head Vel. std Math 1.493 >0.999 0.243
head Vel. std Talk 1.033 >0.999 0.154

right Elbow Visibility Math | —1.294 >0.999 —0.270
right Elbow Visibility Talk | —1.181 >0.999 —0.225

left Elbow Visibility Math 0.134 >0.999 0.023
right Shoulder BT Math | —1.103 >0.999 —0.164
right Shoulder BT Talk | —1.684 >0.999 —0.321

right Shoulder Vel. mean Math 0.018 >0.999 0.004
right Shoulder Vel. mean Talk | —0.316 >0.999  —0.059

right Shoulder SP Math | —0.417 >0.999 —0.066
right Shoulder SP Talk | —1.699 >0.999 —0.315
right Hand Visibility Talk | —0.068 >0.999 —0.011
right Hand Visibility Math 0.503 >0.999 0.094
head Vel. mean Talk 1.650 >0.999 0.211
head BT Talk | —2.016 >0.999 —0.318

left Shoulder Vel. std Talk 0.298 >0.999 0.056
left Shoulder Vel. std Math 0.030 >0.999 0.005
left Shoulder SP Talk 1.486 >0.999 0.258
left Shoulder SP Math | —0.978 >0.999 —0.188
left Shoulder Vel. mean  Talk 0.162 >0.999 0.028
left Shoulder Vel. mean  Math 0.246 >0.999 0.047

left Shoulder BT Talk 1.618 >0.999 0.262
left Shoulder BT Math | —1.058 >0.999  —0.189
left Hand Visibility Talk 0.604 >0.999 0.104
left Hand Visibility Math 1.274  >0.999 0.251
left Elbow Visibility Talk | —0.408 >0.999  —0.060

right Shoulder Vel. std Math | —0.082 >0.999 —0.016
right Shoulder Vel. std Talk | —0.485 >0.999 —0.096
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Table B.12: t-test results of gaze behavior features for the phases Math and Talk; *p < 0.05;
**p < 0.01; **p < 0.001.

t(37) p Hedges’ g

Feature Phase

left Eye SP Math | —3.527  0.222  —0.541
right Eye SP Math | —2.974  0.992 —0.510
right Eye BT Math | —2.848 >0.999 —0.471
left Eye BT Math | —2.836 >0.999 —0.410
right Pupil Vel. mean Math 0.011 >0.999 0.002
right Pupil std Talk | —1.498 >0.999 —0.226
right Pupil std Math | —1.537 >0.999 —0.269
right Pupil min Talk | —2.201 >0.999 —0.303
right Pupil min Math | —1.705 >0.999 —0.221
right BT Talk | —1.257 >0.999 —0.188
right Pupil mean Math | —1.843 >0.999 —0.261
right Pupil max Talk | —2.332 >0.999 —0.316
right Pupil max Math | —1.888 >0.999  —0.289
right Pupil diff Talk | —1.632 >0.999 —-0.319
right Eye Vel. mean  Talk 0.266 >0.999 0.034
right Pupil diff Math 0.851 >0.999 0.174

right Pupil Blinks Talk 1.408 >0.999 0.152
right Pupil Blinks Math | —0.362 >0.999  —0.040

right Eye SP Talk | —1.840 >0.999  —0.296
right Pupil mean Talk | —2.182 >0.999 —0.310
left Eye Vel. std Talk | —0.051 >0.999  —0.006
left Eye Vel. std Math | —0.212 >0.999  —0.035
left BT Talk | —1.025 >0.999 —0.141
left Pupil Blinks Math 1.451 >0.999 0.198
left Pupil Blinks Talk 1.102  >0.999 0.112
left Pupil diff Math 1.005 >0.999 0.192
left Pupil diff Talk | —1.273 >0.999  —0.276
left Pupil max Math | —2.004 >0.999 —0.316
left Pupil max Talk | —2.273 >0.999  —0.298

right Eye Vel. std Math | —1.065 >0.999 —0.171
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left Pupil mean Math | —1.663 >0.999 —0.230
left Pupil min Math | —1.147 >0.999 —0.159
left Pupil min Talk | —2.070 >0.999 —0.280
left Pupil std Math | —1.464 >0.999 —0.252
left Pupil std Talk | —1.174 >0.999 —0.143
left SP Talk | —1.919 >0.999 -0.306

left Pupil Vel. mean Math 0.542  >0.999 0.080
left Pupil Vel. mean Talk 0.102 >0.999  0.012
left Pupil mean Talk | —2.146 >0.999 —0.283
right Eye Vel. std Talk 0.049 >0.999 0.006
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1 BASE: ["]

2 TOOLBOX_MODE: "only_ test”

3 TEST:

4 METRICS: [[MAE', 'RMSE', 'MAPE', 'Pearson']
5 USE_LAST_EPOCH: True

6 DATA:

7 FS: 30

8 DATASET: PURE

9 DO_PREPROCESS: False

10 DATA_FORMAT: NDCHW

1 DATA__PATH: "../PURE/RawData”

12 CACHED_ PATH: ”../PreprocessedData”

13 PREPROCESS:

14 DATA_TYPE: [ 'DiffNormalized','Standardized' |
15 LABEL_ TYPE: DiffNormalized

16 DO__CHUNK: True

17 CHUNK__LENGTH: 180

18 CROP_FACE:

19 DO__CROP_FACE: True

20 USE_ LARGE_FACE_BOX: True

21 LARGE_BOX_COEF: 1.5

22 DETECTION:

23 DO_DYNAMIC_DETECTION: False

24 DYNAMIC_DETECTION_FREQUENCY : 30
25 USE_MEDIAN_FACE_ BOX: False

26 RESIZE:

27 H: 72

28 W: 72

29 MODEL:

30 DROP_RATE: 0.2

31 NAME: Tscan

32 TSCAN:

33 FRAME_DEPTH: 10

34 INFERENCE:

35 BATCH__SIZE: 4

36 EVALUATION_METHOD: FFT

37 EVALUATION__WINDOW:

38 USE SMALLER WINDOW: False

39 WINDOW _SIZE: 10 # In seconds

40 MODEL_PATH: 7 /final model release/UBFC-rPPG_TSCAN.pth”

Listing 1: YAML example file for the model TSCAN which was trained on UBFC-rPPG. It shows
the configuration for an inference task on the PURE dataset.
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Appendix D

Acronyms

ISST! [Trier Social Stress Testl
ETSST

MI Machine Learning]

[HRI heart ratel

HRYV| |heart rate variability|

rPPGl remote photoplethysmography|

[photoplethysmography]|

[FACS [Facial Action Coding System|

[AT] [Action Unif

[Principal Component Analysis|

ICAI Tndependent Component Analysis]|

CHROM | [chrominance modell

[plane-orthogonal-to-skin model|

[plood volume pulse]
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[TSMI [Temporal Shift Module|

[bpm| beats per minute]

[stepwise backward multiple regression|

SNS| [sympathetic nervous system|

HPA| hypothalamic-pituitary-adrenocorticall

ffps| [frames per second]

RGB! [red-green-bluef

[Dynamic Region Model|

[Multi-task Cascaded Convolutional Networks|

ROI| [Region of Interest|

ICNN| nvolutional ral N r
DL eep Tearning

EDA| electrodermal activity|

[FFT [fast Fourier transform|

[MAEl Mean absolute errod

IMAPE!| Mean absolute percentage error|

SNR signal-noise ratio

[Pearson Correlation|

RMSE! [root mean squared error|

[SAA[ [salivary alpha-amylase|

PPGLderived [HR

[Positive and Negative Affect Schedule]




[MoCap| [Motion Capture Suits|

STROOP; |Stroop Color and Word Test|

[State-Trait Anxiety Inventory]

PASA| |Primary Appraisal Secondary Appraisal|

[Electrocardiogram|

IMU! [[nertial Measurement Unitl

[RR] [R-peak-to-R-peak|

[State-Trait Anxiety-Depression Inventory]|

ANOVA| |Analysis of Variance|

SHAP| [SHapley Additive exPlanation|

[RFE! [Recursive Feature Elimination
SKkB| [Select-k-Best

NB Naive Bayes

[k-Nearest-Neighbors|

[DT] Decision Treel

[Support Vector Machine

Ada AdaBoost

[cross-validation|

HOG! Histogram of Oriented Gradients|

BMI| [Body Mass Index]

[Support Vector Regressor]

[LGI [Local Group Invariance]
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