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Abstract—Reactive aggression occurs when individuals take
impulsive, damaging actions in response to perceived threats
or provocations. Previous work has identified physiological in-
dicators of aggressive behavior, though none have thoroughly
analyzed multimodal physiological indicators in a general popu-
lation. As such, we recruited 22 college students to complete an
intentionally agitating task while recording their electrodermal
activity, blood volume pulse, heart rate, and skin temperature
using Empatica Embrace Plus. We then analyzed the partic-
ipants’ physiological changes in relation to their interferences
and imposed provocations during the game. Our analysis uses
both statistical methods and machine learning to identify rela-
tionships between participants’ gameplay and their physiolog-
ical responses. All four physiological modalities contribute to
predicting reactive agitation. However, the predictions regard-
ing provocation are primarily based on skin conductance and
temperature. Across all our analyses, we observe a clear lack
of generalization in physiological changes across participants,
indicating that agitation prediction systems must account for
individualized physiological nuances.

Keywords—Physiological Signals, Manifestations of Agitation,
Machine Learning

I. INTRODUCTION

Reactionary agitation, an impulsive response to perceived
provocation [1], is a key contributor to interpersonal violence,
including those that result in gun violence. Identifying early
manifestations of these reactive states presents an opportu-
nity to develop and deploy interventions to reduce harmful
outcomes. Therefore, analysis of measurable physiological
changes associated with these states may enable earlier recog-
nition of risk and support the development of preventative
intervention strategies. Advancements in wearable devices
enable accurate tracking of signals, creating opportunities to
innovate towards early-detection systems for reactive agitation.
The ability to track specific physiological signals during acute
frustration may enable the detection of the escalation phase
preceding a reactive outburst. If these physiological patterns
can be reliably modeled, commercial wearables could evolve
from passive health trackers into active de-escalation tools,
alerting users to heightened agitation states before cognitive
control is bypassed.
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While some existing research has demonstrated that changes
in physiological signals, including heart rate and skin con-
ductance, are associated with aggressive incidents [1]—[5], the
evidence is limited and inconsistent, particularly for reactive
agitation. This study investigates whether reactive aggression
produces measurable changes in wearable-derived physiolog-
ical signals, including electrodermal activity, blood volume
pulse, heart rate, and skin temperature, in a general population.
We developed a game that systematically varied levels of
provocation to induce agitation and capture corresponding
behavioral and physiological responses. We find that although
no single physiological modality shows significant relation-
ships with reactive agitation or provocation levels, they can
be predicted using a multi-modal feature space. We also
observe that while physiological relationships to agitation and
provocation levels are present, they are highly individualized.
These observations suggest that wearable sensing can capture
physiological changes associated with agitation, but effective
detection may require multimodal, person-specific modeling.

II. RELATED WORK

Advances in multi-modal sensing technologies have demon-
strated the ability to detect aggressive behavior [1]-[5]. How-
ever, studies investigating the relationship between reactive
agitation and physiological signals report conflicting results.
While Boccadoro et al. [1] found no significant relationship
between skin conductance responses and reactive agitation
measures, Choi et al. [5] and Thomson et al. [6] demonstrated
increases in electrodermal activity and sympathetic nervous
system arousal in relation to evoked aggression. More pro-
nounced changes in physiological signals have been observed
in patient populations. For example, one study found that both
heart rate and electrodermal activity increase when forensic
psychiatric inpatients are in a higher state of aggression [2].
A study on people with dementia found that skin conduc-
tance and temperature features were significant in predicting
aggressive events although the importance of these features
varied across participants [7]. Another study on youth with
autism using the same physiological signals found that those
signals contributed explanatory information to model predic-



tions but the authors did not examine the characteristics of
the features that indicated aggression [3]. These works have
not investigated how reactive aggression relates to multimodal
physiological signals in a general population, which this paper
explores.

ITI. GAME-BASED STUDY FOR INDUCING AGITATION

We conducted a human-subjects study to evaluate the degree
to which subjective agitation corresponds to changes in physi-
ological responses. In this study, participants played against
a computer opponent to complete competitive tasks while
wearing an Empatica Embrace Plus [8] to track physiology.
Players and opponents could interfere with each other by
increasing the task’s difficulty. Following Institutional Review
Board approval, 22 undergraduates and graduate students
(male = 9, female = 13, 18-30 years old) at our university
were recruited.

A. Game Design

We designed a simple game inspired by the Taylor Aggres-
sion Paradigm [1], [9], in which the player must determine
whether targets are present in a 5x5 grid displayed to them.
Participants were informed they would be playing against an
opponent to identify the number of squares that were a specific
shade of dark green as quickly and accurately as possible.
To induce frustration, both the participant and the opponent
could make the game harder for each other by applying slowed
buttons, distracting grids, or a combination of the two (see
Figure 1 for grid previews). The provocation level, i.e., the
difficulty level applied by the virtual opponent, was intended
to induce agitation in participants towards the opponent.
Interference level, on the other hand, was the difficulty level
participants selected to make the game harder/easier for the
virtual opponent. We used interference as a metric to record
participants’ agitation level. Both provocation and interference
have levels 1 through 4, where higher values correspond
to more difficult distractions, as shown in Figure 1. Time
constraints were set to create a sense of urgency. Participants
had a maximum of 5 seconds to select their interference level,
30 seconds to identify targets and respond, and 15 seconds to
review the leaderboard. These three screens together made one
trial, and 15 trials made one round. All participants completed
three rounds. To induce varied interference responses from
the player, the opponent follows different provocation patterns
during each round.

B. Study Format

The study was designed as follows: participants completed
a pre-survey, then played a game round and completed

TABLE I: Provocation & interference summary stats (both use
scale from 1-4)

Game # Provocation (avg + std) Interference (avg * std)
1 223 +0.85 225 +1.27
2 3.56 + 0.50 2.84 +1.22
3 1.09 + 0.41 2.56 = 1.24

Study Format

Pre-Survey. Game 1 Survey Game 2 Survey Game 3 Final
ASRIPOMS —>  1sTials  —>  POMS —>  sTEs —> POMS ~ —>  isTils —>  POMS

Opponent Chose: Level 2

Game Screens

Interference Level Grids

Keep clicking!: 9 more clicks needed

Level 1: No
Interference

Level 2: Slow
Buttons

Level 3: Slow Level 4: Slow
Buttons+Pixel Buttons+Pixel
Grid Grid+Red Tint

YES: Exactly 3 Squares

NO/Not Sure

Fig. 1: Study process and game screens. Participants played three rounds of
the game against virtual opponents and completed questionnaires before and
after each round. The game asked participants to indicate the number of dark
green squares in a 5x5 grid. Participants could interfere, changing the grid
to make the number of green squares harder to count. Simultaneously, the
virtual opponent could interfere with the participant.

the Profile of Mood States (POMS) [10]. During the pre-
survey segment, participants completed the 30-item Anger
Self-Report (ASR) [11] and the POMS. ASR responses were
measured on a 6-point ordinal scale and numerically encoded
to compute an average agitation tendency score for each
participant. Following this, participants were briefed on game
rules. The study format can be reviewed in Figure 1.

Participants played three game rounds (15 trials each), each
followed by the POMS survey and a short break to allow
physiological signals to return to baseline. In round 1, the
opponent increased provocation over time (starting at 1 or 2
and increasing); in round 2, it was aggressive throughout (3-4
only); and in round 3, it was normal (very low provocation).
The spread of the provocation levels and the associated inter-
ference response are shown in Table I. At the end of all rounds,
participants completed a final POMS survey to identify lasting
shifts in agitation.

IV. ANALYSIS AND RESULTS

The analysis is organized around two main research ques-

tions (RQs):

« RQ1: What physiological signals are indicative of reac-
tive agitation?

e RQ2: How do physiological signals indicative of reac-
tive agitation vary between individuals, along with their
qualitative self-reported agitation?

In the following sections, we describe the processing and

modeling steps for analyzing the collected data. Our method

TABLE II: Distribution of times each provocation and inter-
ference level was selected.

Level Provocation Count Decision Count
1 374 316
2 160 126
3 207 163
4 204 340
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consists of machine learning, mixed-effects models, time se-
ries, and statistical analysis to explore common and individual
patterns that may answer our research questions.

A. Data Processing

Data from the game, including associated timestamps for
each window, were extracted and merged with high-resolution
Empatica data for comprehensive analysis. Empatica data was
aggregated to the second, logging second-by-second electro-
dermal activity (EDA), blood volume pulse (BVP), heart rate,
and skin temperature. This was then joined with gameplay
logs, which tracked the response time, accuracy, interference
level, opponent provocation level, and time spent in each
window (interference, game, leaderboard). While processing
the game data, one participant’s data was lost. The remaining
21 participants were used for the joint analysis of the game and
physiological signals. To prepare data for machine learning,
trial-level features were extracted from the aligned dataset by
aggregating physiological signals within each trial window.
For each signal, summary statistics such as mean, minimum,
maximum, and standard deviation were computed, resulting in
a structured trial-level dataset used for modeling. The aligned
and aggregated data were then used for time-series analysis,
statistical evaluation, and machine learning.

B. Measuring Game-Induced Agitation

To verify that the designed game successfully induced
agitation-related responses, we conducted a statistical analysis
on self-reported mood data collected through the POMS sur-
vey. Numerical agitation scores were derived by averaging the
numerical scores of the 5 agitation-related mood states (angry,
annoyed, resentful, on-edge, and miserable). The numerical
value from O to 5 was derived from the ordinal nature of the
POMS survey responses. We compared baseline pre-survey
responses to peak agitation values (which varied across par-
ticipants) observed in Figure 2. Given the paired and ordinal
nature of the data, a Wilcoxon signed-rank test was performed.
Results indicated a statistically significant increase in agitation
scores, with median values rising from 0.300 at baseline to
1.000 at peak (W = 13.50,p = 0.0002), and 20 out of
22 participants exhibited an increase. These findings confirm
that the game effectively elicited heightened agitation-related
states, supporting its use for subsequent physiological and
behavioral analysis.

To understand how baseline agitation tendencies relate to
induced emotional responses, participants were stratified using
their Anger Self Report (ASR) responses collected prior to the
task. Two participants had a positive average score of 0.286
(higher scores indicate more agitation) and were classified in
the “more aggressive” subgroup, while the other group had an
average score of -1.5. To compare peak changes in POMS-
derived anger scores (defined as the change from baseline
to the maximum agitation value observed across rounds), a
Mann-Whitney U test was conducted between this subgroup
and the rest of the cohort. As shown in Figure 2, participants
with higher baseline agitation reported consistently higher
increases in agitation scores compared to those of other par-
ticipants. However, the difference between the two groups did
not reach statistical significance (U = 36.5, p = 0.053), which
is possibly due to the small subgroup size (n = 2). Despite
this, the observed trend suggests that individuals with higher
baseline agitation exhibited stronger emotional responses to
provocation imposed by the virtual opponent in the game. We
found that the interference response in the game data is skewed
towards the two extremes of the level categories, with levels 1
and 4 being chosen 316 and 340 times, respectively, as shown
in Table II. It is worth noting, however, that if the five-second
window to apply an interference level expired, the player had
level 1 automatically selected as their response. This, in turn,
made the game harder for them to win.

C. Predicting Interference and Provocation from Physiologi-
cal Responses

Machine Learning Modeling: First, we explored whether
machine learning could predict participants’ interference levels
using physiological data. This analysis used a Random Forest
classification algorithm and utilized physiological features
to predict interference and provocation levels. To minimize
overfitting and perform cross-validation, we used Leave-One-
Participant-Out (LOPO) and per-participant Leave-One-Trial-
Out (LOTO) cross-validation. A per-participant overview of
model accuracy for both of these cross-validation strategies
is shown in Figure 3. Utilizing LOTO to predict interference
level, the model achieved a mean accuracy of approximately
0.63 (o = 0.28;95%Confidence Interval (CI) : 0.50 — 0.76),
slightly above the majority-class baseline of 0.61 (paired t-
test: p = 0.53). This suggests the model does not con-
sistently outperform the baseline. In particular, there was
substantial variation in predicting the selected interference
level across participants, suggesting that the physiology of
some participants may be more predictive of their agitation
than others. Meanwhile, when using a LOPO cross-validation
for interference level prediction, the accuracy is 0.315 (o =
0.28;95% CI : 0.19 — 0.44), which is negligibly different than
the majority-class baseline of 0.323 (p = 0.93), suggesting
this model did not perform any better than always guessing
the most common label. Therefore, these results indicate
individualized models may be more effective at predicting
agitation, and that model performance may differ greatly
between individuals.
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Fig. 3: Model performance and classification results for interference and provocation level prediction with LOTO and (LOPO) validation. Panels on the left
show per-participant accuracy for LOTO and LOPO, with bars representing model and baseline performance and horizontal lines indicating mean accuracies.
Panels on the right present normalized confusion matrices, where rows correspond to true levels and columns to predicted levels, for both interference and

provocation across LOTO (top row) and LOPO (bottom row).

When predicting opponent provocation level, LOTO
achieved a mean accuracy of approximately 0.62 (o
0.11;95% CI : 0.57 — 0.67), significantly above the majority-
class baseline of 0.39 (p < 0.001). Within a LOPO cross-
validation, the model achieved an accuracy of approximately
0.34 (o 0.11;95% CI : 0.29 — 0.39), compared to a
majority-class baseline of 0.40 (p = 0.067). The performance
of these models indicates that provocation level is also more
accurately predicted using personalized models, suggesting the
presence of individualized physiological patterns.

The confusion matrices for both validations are shown in
Figure 3. LOTO cross-validation shows a clear diagonal of
correctly predicted labels. Interestingly, we also observe that
most model errors were off by only a single interference level
(e.g., level 3 was frequently predicted as level 4), suggesting
the potential presence of physiological differences between
levels, even if the exact granular level cannot be predicted.
However, the LOPO models show a different pattern. For
both interference and provocation level, samples were often
predicted to be level 1, regardless of what participants actually
selected. In contrast, the second-most-commonly predicted
label across all ground-truth interference levels was 4. This
may be indicative of common strategies for the game, where
some participants routinely inflict minimal interference on
their opponents, while others inflict the most interference.
This is supported by Table I, which shows that levels 1
and 4 were the most commonly selected interference levels.
The model’s performance suggests it could identify these
common strategies but could not use physiology to predict
which strategy participants would take. Taken together, these
confusion matrices provide clear insight into the superior
performance of the LOTO models, further emphasizing the

benefit of personalized predicted modeling.

Important Physiological Features in Predicting Interference
and Provocation Levels: To identify the physiological features
most indicative of participants’ selected interference level, we
calculated the permutation-based importance for each feature
across folds of the LOTO cross-validation. These values were
used to identify the most frequently important features. This
set is defined by counting the number of folds where each
feature was more important than average. We then calculate
the median number of occurrences and save the features that
occur more frequently than average. The results of this analysis
are shown in Figure 4.

The frequently important physiological features varied be-
tween models that predicted interference and provocation lev-
els. When predicting participants’ selected interference levels,
the model frequently used features from all four modalities.
Of the 5 features from each modality, 3 skin temperature, 3
EDA, 2 BVP, and 2 heart rate features were included in the
frequently important feature set. However, when predicting
provocation level, skin temperature (4/5 features) and EDA
(4/5 features) accounted for almost all the most frequently
important features. These differences suggest that predicting
interference level relies on multimodal modeling of partici-
pants’ physiology, whereas predicting provocation level relies
on skin temperature and EDA.

Mixed-effects Model: To evaluate how physiological sig-
nals, provocation level, and interference level were interre-
lated, a linear mixed-effects model was applied to test for
relationships within the game logs and physiological data.
In particular, these models were used to identify significant
multivariate relationships between participants’ gameplay and
the mean and standard deviation of each physiological signal
while accounting for individualized gameplay styles. This
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physiological features.
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Fig. 5:

analysis used 845 samples from 21 participants.

There were no significant relationships between EDA,
BVP, skin temperature, or heart rate and the selected in-
terference levels (p > 0.050) or provocation levels (p >
0.090). Notably, the standard deviation of skin temperature
showed a barely insignificant relationship with the interfer-
ence level (8 = —0.4927,p = 0.053). However, several
significant relationships were identified within the gameplay
variables. In particular, provocation and interference were
interrelated (8 = 0.133,p 0.028), and both had sig-
nificant relationships with the trial number (Berference
0~031aplmerference < O-OOIaﬂProvocalion = 0-042apProvocation <
0.001) and game number (Binerference = 0-0.230, Proterference <
0.001, Bprovocation = —0.635, D provocation < 0.001). This sug-
gests that, while participants generally copied their opponent’s
aggressiveness, their play styles became more aggressive over
time, even when the virtual opponent played less aggressively.
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Time Series Comparison of Participant Physiology in Re-
lation to Self-Reported Mood and Aggressive Tendencies:
Finally, we used time-series analysis to compare changes in
physiological signals among participants who self-reported
experiencing different moods and aggressive tendencies during
our study. As mentioned before, two participants had the
highest baseline agitation scores in the group according to
the pre-survey analysis. These two individuals were placed in
the “generally aggressive” subgroup. A comparison of phys-
iological signals for two participants while playing the game
is shown in Figure 5, where participant R is in the generally
aggressive subgroup and participant A is in the low aggression
subgroup. Interestingly, comparing the two participants shows
that participant A closely follows the opponent’s provocation
level from the previous trial. Meanwhile, participant R shows
higher interference only towards the end of the first round. As
shown in Figure 5, participants exhibit similar spikes when
the opponent applies a higher level of provocation, likely due



to increased agitation from the more challenging game.

V. DISCUSSION

Our analysis focused on investigating physiological sig-
nals indicative of reactive agitation (RQ1) and differences
in response between individuals (RQ2). The findings reveal
the complex relationship between physiological spikes and
reactive agitation. We discovered that agitation as an emotion
is difficult to categorize, but the underlying trends in physi-
ological signals may provide insight into how an individual
might react.

The results of our feature importance analysis indicate that
multiple physiological signals contribute to predicting reactive
agitation. The most frequently important feature for predicting
the provocation level was maximum EDA. This roughly aligns
with findings from de Looff’s study, which found that both
EDA and heart rate spiked in the 30 minutes preceding an
aggressive event, during which patients lashed out verbally
and/or physically [2]. However, the models for predicting in-
terference levels considered features from all four modalities.
This suggests that predicting agitation levels in the general
population requires a more comprehensive understanding of
participants’ physiology compared to those in mental health
inpatient settings.

Our results also indicate a significant difference in accuracy
between population and personalized models. This trend aligns
with previous literature [3], which predicted aggressive behav-
ior for individuals with Autism Spectrum Disorder (ASD). Our
work suggests that these individual differences in physiology
and agitation are not specific to inpatients and must also be
considered when predicting aggression in the general popula-
tion.

A. Limitations and Future Directions

The primary limitations of this study are the subjective
nature of mapping physiological signals to specific emotional
states and the constrained sample size. Whereas statistical sig-
nificance was achieved in several metrics, isolating pure agita-
tion from general spikes or frustration remains challenging. To
calculate a proxy for the agitation score, we assessed a range of
related mood states, with agitated responses linked to feelings
of frustration, annoyance, and anxiety, as captured in survey
data. Furthermore, with a final recruitment of 22 participants,
one of whom was excluded due to incomplete game data, the
sample size is relatively small. Consequently, it is challenging
to confidently state that the findings can be generalized to
a larger population. Future research should focus on larger
participant cohorts to validate person-dependent modeling
approaches and to better differentiate between overlapping
states of agitation.

VI. CONCLUSION

This study investigated the feasibility of using commercial
wearable devices to detect physiological manifestations of
reactive agitation during a controlled, competitive game. An-
alyzing physiological data revealed the immense complexity

of agitation prediction. While statistical model evaluation
revealed that opponent provocation and study duration are
strong indicators of aggressive behavior, physiological signals
and game data from participants did not reach broad statis-
tical significance. Furthermore, machine learning evaluations
confirmed initial hypotheses that cardiovascular features, such
as BVP and heart rate, are the most critical indicators of
aggressive patterns, but predictive performance varied across
participants and did not generalize. Ultimately, these findings
highlight the individualized nature of physiological reaction.
Future efforts in wearable-based early warning systems must
pivot toward person-dependent, personalized baseline models.
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