the said efforts was to support the design and evaluation of
ML algorithms that recognize bodily behaviors [12]-[14].

In summary, previous work on sFST focused on small exper-
imental studies by psychologists [4], [5] or the development of
ML classification methods on images often captured outside of
real-world situations [10]. We believe that sFST is a complex
affective behavior that is best examined in a naturalistic study
with appropriate models that draw on multiple channels of
information for context. Our work does exactly this, thus
filling a gap in the literature. In more detail, we chose to
analyze sFST in the context of an open multimodal dataset
from a naturalistic study on desk-bound knowledge work
by academic researchers [15]. The dataset will be referred
to as DKW. Using behavioral, situational, and dispositional
channels, the authors of the dataset reported that sympathetic
activation of the participants was strongly associated with the
amount of reading and writing they did, the extent of use of
smartphones, and the frequency of physical breaks they took.
An information channel that was not used in that study was
the sFST channel. Since facial videos of the participants were
recorded throughout the study, sFST extraction is possible.
Hence, we developed a method to do just that and remodel
the stress levels of participants by adding sFST as an extra
predictor.

Our research addresses the following question: RQ: Are
facial self-touches associated with stress in knowledge work?
By stress here we refer to mental stress as opposed to physical
stress that occurs during purposeful physical activity. The
results of the study provide valuable information on sFST
behaviors during knowledge work, a first in the literature.
Importantly, our work introduces a new channel to measure
mental stress. In contrast to conventional stress channels such
as EDA, the sFST channel not only tracks stress but also
quantifies a countermeasure to manage it, due to the known
soothing effect of sFST [8].

In the remainder of the paper, in Section II we summarize
the DKW study [15] that produced the open dataset that we
use. In Section III, we detail the ML method that labels the
facial frames of participants with sFST information. In Section
IV, we present the results of the data analysis, highlighting the
association of sFST with mental stress. The paper ends with
a discussion and conclusion section.

II. DATASET DESCRIPTION

We use the open dataset DKW associated with the study
of knowledge work reported by Hasan et al. [15]. The study
procedures were approved by the relevant Institutional Review
Board (IRB) of the University of Houston. The dataset in-
cludes data from 10 academic researchers (6 men / 4 women)
who were monitored in their university office for four days
(D1;D2; D3;D4). The state and activities of the participants
were captured through the following sensors: a) a facial ther-
mal camera (FLIR Tau 640) to extract perinasal perspiration
signals; These signals constitute a facial EDA measure that
tracks sympathetic activation [16]; b) a visual facial camera
(Logitech HD Pro - C920) to analyze displayed emotions; and

c) a visual ceiling camera (Logitech Brio) to assist in the
classification of the activities of the participants (e.g., playing
with the smartphone). Participants had to complete certain
biographic and psychometric trait questionnaires. They also
had to fill out psychometric state questionnaires every morning
and night. The dataset features 602737 rows of multimodal
information - one for every second, which amounts to nearly
170 hours of observation.

The only controlled process in the study was the daily
baseline session. Before starting work every morning, the
participants had to relax for four minutes in their chair by
imagining a landscape of nature, while the thermal and visual
cameras were recording.

A. Description of Variables

Hasan et al. investigated how behavioral, situational, and
dispositional factors relate to sympathetic overactivity in desk-
bound knowledge work, producing the DKW dataset [15].
Prolonged sympathetic overactivity is not desirable because
it is associated with performance degradation [17] and can
undermine wellness [18]. Hence, identifying the signature
signs of such overactivity provides useful behavioral insights
and can inform future interventions. However, Hasan et al. left
out sFST, a potentially valuable behavioral factor. In this paper,
we introduce this factor and reanalyze the DKW dataset. The
following is a description of all the variables we use in the
expanded multiple regression model.

Response Variable - Proxy for Sympathetic Activation
In the DKW dataset, sympathetic activation is quantified
through perinasal perspiration signals extracted from thermal
facial videos according to the method reported by Shastri et
al. [16]. Perinansal perspiration (PP), also known as facial
electrodermal activity (fEDA), has been shown to correlate
with palmar EDA [16]. To reduce interindividual variability,
the P P signals are normalized by subtracting their correspond-
ing mean baseline signals PPg . The latter were collected
daily for each participant. Hence, the normalized sympathetic
activation of participant P; at time t of day Dj, complete with
logarithmic correction to preserve normality, is:
APPij (t) = InPPjj (1) IHPPBL”Z (1)

Behavioral Factors

1) Observed sFST Gestures: In the enhanced DKW dataset
that we analyze in this paper, we added labels for sFST
gestures as follows:

Che: Participants touched the cheek.

CheChi: Participants touched the cheek and chin.
CheChiN: Participants touched cheek, chin, & nose.
Chi: Participants touched the chin.

Others: Participants touched other parts of the face.

Based on these labels, the dataset calculates the relative

frequency Fche, Fchechis Fchechin, Feni, Fothers a partic-
ipant spends each day in Che, CheChiN, Chi, and Others

sFEST gestures, respectively.



2) Observed Activities: The DKW dataset has labels for
each activity the participants performed every second of the
observation period. The labeled activities included the core
work functions of a researcher, such as reading and writing,
and many others. The list of activity labels is as follows.

RW: The continuum of reading and writing activities,
which represented the knowledge tasks of the par-
ticipants.

SA: Secondary activities, which included eating or lis-
tening to music while working or doing something
else.

SP: Smartphone activities, where participants used their

phones for texting, apps, and other reasons.

l: Participants had interactions with conversational
partners physically in the office or virtually.

Out: Participants walked out of the office taking a break.

Based on these labels, the dataset calculates the percentage
of time Trw, Tsa, Tsp, T1, Tout a participant spends each
day in RW, SA, SP, I, and Out activities, respectively. The
dataset also calculates the daily frequency fout and the mean
duration toy¢ of breaks per participant.

3) Observed Displayed Emotions: The DKW has valence
labels that correspond to the emotions dlisplayed on the faces
of the participants. The emotion vectors DE .+ of participants
are labeled as follows:

L(DEi.) =
DEyN; Neutral
DEs; Sad
DE_; Surprised + Afraid + Disgusted + Angry
DE.; Happy

DE\y indicates a largely neutral facial display. DEg indicates
a facial display dominated by sadness, which in the context of
knowledge work is associated with a sober look that people
assume when thinking, due to the activation of the corrugator
muscle [19], [20]. DE_ indicates a facial display dominated
by strong negative emotions, including fear, anger, disgust,
and surprise. Surprise is included in the negative emotion
category because it is rarely positive before deadlines, which
participants were working toward. In any case, it has very low
frequency in the dataset and thus is likely inconsequential in
the context of statistical modeling. DE . indicates a facial
display dominated by happiness.

Situational Factors

The DKW dataset has morning (SAp) and evening (SAEg)
scores of the State and Trait Anxiety Inventory (STAI) Form
Y1 [21] for each participant. It also has NASA Task Load
Index (NASA-TLX) scores, collected from each participant
upon leaving the office for the day. These scores correspond
to the NASA-TLX six subscales: Mental Demand Npmp,
Physical Demand Npp, Temporal Demand Ntp, Perceived
Performance Np, Effort Ng, and Frustration Ng [22].

Dispositional Factors

The DKW dataset has biographic information on the sex
S of the participants, with levels Syy = Men and Sg =
Women. It also has information about the academic rank of
the participants, with levels R; = Doctoral Student, Ry =
Postdoctoral Researcher, Rs = Junior Faculty, and R4 = Senior
Faculty. Finally, the DKW dataset has scores from the STAI
Form Y-2 questionnaire that measures anxiety predisposition
TA [21].

III. METHOD FOR ASSIGNING SFST LABELS TO VIDEO
FRAMES

We processed each frame of the DKW facial videos using
a MobileNet-based CNN architecture [23]-[25] to detect 2D
keypoints for the face and hands. These anatomical landmarks
were grouped into seven polygonal facial regions: left / right
cheeks, eyes, forehead, nose, and chin (see Fig. la—c). The
hand region was similarly represented as a polygon.

A facial self-touch (sFST) event was recorded when the
hand polygon intersected any facial region in the image space.
This geometric overlap was used as a proxy for 3D contact
or close proximity. Although this simplification is common in
image-based behavioral detection, we validated its accuracy
through manual inspection of 2,000 randomly sampled frames
(200 per participant), where 94% classification accuracy was
achieved (Section IV.A.1). Only one instance involved prox-
imity without actual touch, indicating high fidelity.

Each sFST frame was labeled by the region touched —
e.g., Che, Chi, CheChi, CheChiN, or Others — and
these labels were aggregated at the daily level to compute
relative frequencies for modeling (see coding schema in Sec-
tion II.A.1). These annotations provided a new temporally
aligned behavioral channel to investigate mental stress during
knowledge work.

IV. RESULTS
A. Exploratory Analysis

1) Exploratory Analysis of sFST: Figure 2 shows the anno-
tations of sFST performed by MobileNet CNN on a randomly
chosen sample of frames from various participants on various
days. To assess the accuracy of the sFST labels provided by the
MobileNet CNN, we randomly selected a set of 2000 frames
(200 frames from each participant). Two members of our team
inspected the sample frames and rated the accuracy of CNN
classification as 94%. This is an excellent classification rate
that can reliably support subsequent statistical modeling.

Figure 3 shows the daily relative frequency of various types
of sFST for participant TOO1. It is evident that the participant
(who was right-handed) self-touches his left cheek much more
than he touches his right cheek. This bias of sFST towards the
non-dominant hand has been documented in the psychological
literature [3], offering additional assurances for the goodness
of our classification method.

Figure 4 shows the daily relative frequencies of the
SsFST of the participants as stack plots. To reduce the
number of sFST levels, for effective regression modeling,
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Fig. 4: Stack plots of relative frequency sFST data for each
participant and each day. Chi stands for chin self-touch, CheChiN
stands for cheek-chin-nose self-touch, Che stands for cheek self-
touch, CheChi stands for cheek-chin self-touch, and Others
stands for all other observed self-touch combinations. NoTouch
stands for the absence of facial self-touch, which is what partic-
ipants did most of the time.
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Fig. 5: Descriptive plots of daily sympathetic activation. a.
Violin plots of participants’ mean log-corrected and normalized
perinasal perspiration measurements for each day of the study.
The abundance of positive values in these boxplots suggests
widespread sympathetic overactivation for the participants across
all days b. Violin plots of participants’ mean valence probabilities
for each day of the study. Vv stands for Neutral facial display.
Vs stands for Sad facial display. V_ stands for display of
negative emotions as the union of Angry U Afraid U Surprised U
Disgusted. This mix of negative emotional displays is dominant
in all four days of the study. V. stands for Happy facial display.

frequently while participant TO03 self-touched her face very
sparingly. The two former are high self-touch individuals
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Fig. 6: Descriptive plots of key model predictors. a. Daily
violin plots of participants’ mean percent time devoted to read-
ing/writing Trw, secondary activities like eating and working
Tsa, smartphone use 7Tsp, conversations with others 77, and
physical breaks away from the desk 7. b. Daily violin plots of
participants’ physical break frequency f,.:. c. Daily violin plots
of participants’ NASA-TLX subscale scores. d. Daily violin plots
of participants’ morning SA), and evening SAg anxiety.

(HT), while the latter is a low self-touch individual (LT).
Such cases have been reported in the psychological literature
[5]. Hence, we encounter the full spectrum of self-touch
profiles in the DKW dataset, which is a sign of representative
sampling.

2) Exploratory Analysis of Other Variables: Figure S5a
shows daily violin plots of log-corrected and normalized peri-
nasal perspiration values for the DKW dataset. A significant
portion of the values are positive (AlnPP = 0:1  0:2),
indicating the widespread presence of sympathetic overacti-
vation in the participants throughout the monitoring period.
Figure 5b shows daily violin plots of the probabilities of
emotions displayed facially for the DKW dataset. The mix
of negative emotions stands out with the overall probability
V_ =0:5 0:3, reflecting the challenging nature of continuous
cognitive work, and is consistent with the sympathetic overac-
tivation manifested in measurements of perinasal perspiration.
Positive emotions are scarcely displayed, having a probability
Vi = 0:04 0:07. Neutral expressions and sadness act
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Privacy and protocol adherence. We use the open data set
associated with the article by Hasan et al., CHI 2023 [15].
The facial self-touch predictor that we introduced involves
facial imagery, which inherently affects participant privacy. In
addition to following the public guidelines of the dataset, we
consulted its authors to ensure proper handling. Per informed
consent, eight participants allowed their facial images to
be used in publications, while two (T001, T003) permitted
use only for analysis but not for public display. We strictly
adhered to these terms.

Generalizability. We used a naturalistic dataset in the
context of knowledge work. Thus, our results pertain to
individuals engaged in prolonged cognitive tasks. We make
no claim about other contexts, such as conversations.
Although the participant pool is small, it features 170 hours
of second-by-second monitoring over four days, offering
depth and breadth. Our model incorporates several covariates
to mitigate confounding. Findings such as dominant left-
hand touches align with psychological literature, suggesting
representativeness and classification fidelity.

Transparency. To ensure reproducibility, we share the code
and the relevant data. Annotated videos are released for the
eight consenting participants. The code and data are available
on GitHub [https://github.com/UH-ACDC/ACII-2025-sFST]
and OSF [https://osf.io/pu9as/].
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