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Abstract—In this study, we present preliminary results from
the evaluation of an automated real-time stress detection
approach during cognitively demanding human—computer
interaction. The proposed method relies on heart rate variability
(HRV) analysis derived from photoplethysmography (PPG)
data collected via a wireless wearable sensor. A personalized
HRY threshold is established during a Stroop task of escalating
difficulty and subsequently used for binary classification
between calm and stressed states. The stress-detection approach
is evaluated through an experimental protocol employing a
novel dynamic biofeedback serious game (SG) and continuous
post-game self-annotations of perceived stress levels. Fourteen
individuals participated in the study, with three excluded due to
sensor-related issues. The collected data were analyzed in two
directions—absolute values and ordinal-centric measures—
examining associations between the detected state and user-
reported annotations. Statistically significant differences
between calm and stressed game segments were observed for the
mean (p = 0.002), median (p = 0.003), and trapezoidal interval
(p = 0.002) of the annotation values. Ordinal analysis further
confirmed this relationship, with positive Spearman rank
correlations for the same features (p = 0.002) and consistent
directionality in ten of eleven participants. These preliminary
findings underscore the potential of the proposed thresholding
approach and motivate further refinement of rule-based stress
detection systems.

Keywords—stress detection, heart rate variability (HRV),
photoplethysmography (PPG), serious game, procedural content
generation, biofeedback

1. INTRODUCTION

Physiological signals for automatic and real-time detection
of stress levels have been widely studied in recent years as a
means for personalization in various interventions [1]. Stress
is defined as the physiological and psychological response to
situations perceived as demanding or exceeding an
individual’s coping resources [2]. In research and practice,
stress is typically categorized as either acute or chronic. Acute
stress refers to short-term, situational responses to specific
demands or challenges, such as cognitive tasks, whereas
chronic stress describes the cumulative impact of prolonged
exposure to stressors [3]. Real-time stress detection primarily
targets acute stress, as rapid changes in physiological and

cognitive states are more relevant during human computer
interaction. By monitoring these changes, interventions adjust
their behavior in real-time, supporting goals such as mental
health  improvement and cognitive enhancement.
Additionally, stress detection contributes to improving user
experience during challenging or demanding tasks, ultimately
optimizing intervention outcomes [4]. However, reliably
identifying stress in real time remains challenging, especially
during highly dynamic and interactive scenarios [5].

Stress detection commonly relies on detecting changes in
the autonomic nervous system. Several types of biosignals are
used, such as electroencephalography (EEG) for monitoring
brain  activity, electrocardiography ~ (ECG)  and
photoplethysmography (PPG) for capturing cardiac activity
and electrodermal activity (EDA) for measuring skin
conductance [6]. These signals provide objective markers of
physiological arousal, which is closely linked to stress
responses. Among them, cardiac-based signals such as ECG
and PPG are frequently used because they allow for the
extraction of heart rate variability (HRV), a well-established
indicator of autonomic nervous system modulation and a
widely applied metric in stress-related applications [7].

In HRV analysis, time-domain features are commonly
used due to their sensitivity to short-term stress related
changes [8]. Given the need to capture these fluctuations
efficiently, recent studies highlight the potential of ultra-short-
term HRV analysis, where HRV is estimated over windows
shorter than one minute to support real-time applications [9].
PPG signals are increasingly favored in this context as they
offer a practical and non-obtrusive method of capturing the
pulse wave, making them well-suited for wearable devices
and interactive systems. As a result, PPG-derived HRV has
been the focus of numerous attempts to estimate stress states
in real time, offering a balance between accessibility and
physiological validity [10].

In real-time stress detection, rule-based systems using
individualized thresholds are commonly employed as an
alternative to machine learning approaches [11]. While
machine learning has the capacity to model complex
physiological patterns, these methods often operate as black
boxes, offering limited insight into how decisions are made.
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In contrast, rule-based systems provide a transparent, easily
interpretable framework, allowing precise understanding of
how decisions are derived [12]. These systems typically rely
on participant-specific calibration sessions to establish
physiological baselines under calm and stressed conditions,
from which thresholds are computed [13]. Once established,
these thresholds enable the identification of changes in
physiological states in a straightforward and interpretable
manner, supporting applications where clarity, simplicity and
responsiveness are prioritized. As such, proper and systematic
calibration of these thresholds remains a critical step, as it
directly impacts the reliability of individualized detection
[14].

Standard  calibration practice involves recording
physiological responses during periods of relaxation to
capture a calm baseline and employing cognitive stressors to
establish a stressed baseline [15]. However, obtaining
consistent and representative baselines is inherently
challenging. Physiological signals are influenced by
numerous factors beyond experimental control, including
mood, fatigue, and environmental conditions. Moreover,
within-individual ~ variability —across sessions further
complicates the process, as baseline responses can fluctuate
over time [16]. These factors make calibration a particularly
difficult aspect of real-time stress detection, where the
accuracy of threshold-based systems depends heavily on the
robustness of this procedure, especially in cognitive
demanding interventions [13].

Multiple  studies have combined individualized
calibration with rule-based logic for stress detection in
controlled and non-invasive environments. For example, [17]
employs calm and stressed baselines to construct fuzzy logic
templates capable of binary classification. Similarly, [18]
derives personalized HRV thresholds from categorized
conditions, enabling simple threshold-based detection
without relying on machine learning models. Other
approaches integrate case-based reasoning with fuzzy logic
systems, using calibration data to build individualized
profiles that inform decision making [19]. Template-based
methods are also been used to define rule-based thresholds
for stress detection, particularly in systems designed for static
and non-adaptive contexts [20], [21]. These studies highlight
the reliability and simplicity of threshold-based calibration
approaches. However, they remain largely situated within
structured and low-complexity settings, offering limited
insight into their performance under cognitively rich or
adaptive scenarios.

A limited number of rule-based logic approaches
integrated in dynamic or real-time contexts are found in the
literature. For instance, [11] presents a wearable system for
stress detection during everyday activities, combining a rule-
based model with online segmentation to infer physiological
changes in real time. In biofeedback applications, [22]
introduces a fuzzy logic classifier that relies on participant-
specific baselines established before gameplay. In a related
approach, [21] applies fuzzy rule-based detection within
wireless sensor networks, using thresholds derived from
calibration sessions to enable real-time classification.
Although these studies demonstrate solutions towards actual
deployment, they remain limited in task complexity or user
interaction. As a result, the ability of such methods to perform
reliably under cognitively rich and adaptive conditions
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remains largely unexplored [11], [20]. Additionally,
calibration-driven approaches continue to face several
limitations in the context of real-time stress detection. Among
the most prominent are the high degree of physiological
variability across individuals [23], the sensitivity of threshold
values to session-specific conditions [24] and the need for
repeated calibration in multi-session or longitudinal use cases
[25]. Given these limitations, the robustness of rule-based
calibration systems under such conditions remains
underexplored, motivating the need for further investigation
into their practical applicability in dynamic and interactive
contexts.

In this work, we present preliminary evaluation results of
a novel threshold-based framework for real-time binary stress
detection during cognitively rich interactions. The proposed
approach employs ultra-short-term HRV analysis based on
PPG signals. Individualized thresholds are calculated through
participant-specific calibration sessions involving calm and
stressed conditions. Based on the computed threshold, stress
state classification is performed in real time, supporting
applications where timely adaptation to the user’s
physiological state is desired. The proposed approach is
integrated for evaluation purposes in an adaptive biofeedback
serious game (SG) promoting stress self-management, to
produce a rich interaction environment where the validity of
stress detection directly impacts the desired intervention.

II. PROPOSED FRAMEWORK

The proposed threshold-based framework for real-time
automated stress detection is illustrated in Fig. 1. It comprises
four modules: data collection and processing, calibration,
stress classification, and intervention. During the intervention,
HRYV analysis is conducted in real time using sensor data. The
results are compared against a personalized threshold,
established during the calibration process, to classify the user
as being in either a calm or a stressed state. The classified state
is then transferred to the intervention module, which controls
the generation of tailored content. This approach aims to
establish a robust personalized threshold capable of
distinguishing between calm and stressed states during
cognitively demanding interactions. To this end, the
calibration module incorporates both a relaxation period and a
cognitive task of increasing difficulty. The four modules of the
proposed framework are described in detail below.

A. Data Collection and Processing Module

PPG data are collected using the EmotiBit sensor [26], a
wearable device designed for multi-modal biosignal
acquisition. The sensor is placed on the finger to ensure
optimal signal quality, as this location provides strong PPG
signals due to its rich vascularization and accessibility for
stable placement [26]. PPG data are sampled at 100 Hz. The
EmotiBit device transmits the PPG data in real time to the
stress classification module via the Open Sound Control
(OSC) protocol. The collected PPG data are processed during
the intervention using a 30-second sliding window, updated
every 5 seconds to ensure continuous tracking of short-term
changes in HRV. This window length has been validated for
ultra-short-term HRV estimation in real-time stress detection
scenarios [9], while frequent updates support responsive
feedback in interactive contexts [27]. Within each window,
the signal is band-pass filtered and its peaks are identified
using the scipy.signal Python library [28]. The resulting peaks
are used to compute the RR intervals between successive
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heartbeats. For the HRV analysis, the root mean square of
successive differences (RMSSD) is calculated for each
window, as it is a widely adopted time-domain feature that is
particularly sensitive to short-term fluctuations in HRV,
making it suitable for real-time stress monitoring in
interactive contexts [9].

B. Calibration Module

The calibration module consists of two phases, a five-
minute relaxation phase and a cognitive challenge phase. PPG
signals are collected and RMSSD values are calculated during
both phases in the data collection and processing module. The
relaxation period is employed to establish an individualized
baseline corresponding to a calm physiological state as
recommended in previous HRV studies [29]. The user is
instructed to remain still while seated comfortably and
listening to soothing music. Only the last 30 segments of
relaxation period are used for RMSSD calculation, a practice
recommended to minimize the influence of initial signal
instability and participant adjustment [30].

In the second phase the user undertakes a digitized Stroop
Task [31], a test designed to induce cognitive stress. They are
instructed to identify the font color of words displayed on the
monitor, by pressing one of the three matching colored keys
[32]. Stimuli consist of either congruent trials where the
meaning of the word matches its font color (e.g., “Blue”
displayed in blue) or incongruent trials where meaning and
color are conflicted (e.g., “Green” displayed in red). This
conflict produces what is known as the “Stroop Interference”
[33], increasing response latency and cognitive stress.

To produce an efficient personalized threshold for
cognitively demanding interventions, the Stroop Task is split
into four blocks. The first block, containing 15 congruent and
15 incongruent trials. aims to familiarize users with the task
and response modality [34]. The remaining three test blocks
consist of 80 trials each, progressing from exclusively
congruent items on the first block to exclusively incongruent
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Flowchart of the calibration process, thresholding and binary classification of stress during the intervention.

items on the third block. The second block presents an equally
divided combination of congruent and incongruent stimuli,
thus avoiding prediction mechanisms that reduce the
interference [35]. Each block consists of 80 trials to provide
adequate interaction with the user [36]. After each block,
participants are given a 30-second break to reduce fatigue
[34].

RMSSD is calculated in the last three blocks using the 11
final 5-second segments to minimize the influence of initial
signal instability and participant adjustment. The selection of
the number of segments included was based on trial and error
prior to the start of the experimental process due to the
variability in trial response time. RMSSD values are then
averaged to generate a stressed baseline for each of the three
blocks [37]. To define the personalized threshold, the
baselines from the third and fourth blocks are averaged. These
two blocks contain incongruent stimuli in proportions that
produce high and low Stroop interference respectively. In
contrast, the second block, comprising only congruent trials,
serves primarily to ensure validity. Baselines obtained during
the relaxation period and the first block of the Stroop Task are
also used to ensure the validity. This thresholding strategy is
proposed to establish a clear and individualized distinction
between calm and stressed states. By positioning the threshold
between empirically observed low and high-stress conditions,
this method aims to exclude mild arousals which are
consistently present due to task engagement, while being
sensitive enough to detect meaningful fluctuations, indicative
of temporal stress, achieving a desired balance between
specificity and sensitivity.

C. Stress Classification Module

In the stress classification module, RMSSD values
obtained in real-time during interaction with the intervention
are compared to the personalized threshold generated in the
calibration module every five seconds. RMSSD values above
threshold are classified as calm state, values below threshold
suggest heightened stress levels and are classified as stressed



state [38]. The classified state is communicated to the
intervention every five seconds through a binary variable,
balancing real-time adaptation with stability by avoiding
excessive fluctuations. To maintain responsiveness, the
communication between classification and intervention
modules is handled via an OSC-based protocol, ensuring
minimal latency and compatibility with real-time interactive
systems.

D. Evaluation Experiment

For the evaluation of the suggested stress detection
approach a novel 2D platformer SG promoting stress self-
management through deep breathing exercises [39] is
employed as an intervention. SGs constitute an ideal
application domain for the proposed approach, as they
incorporate highly interactive environments where adapting to
the user’s cognitive and emotional state is important for
optimizing the delivered intervention [40]. The employed SG
is developed using the Unity engine [41] for Windows
operating systems and is developed with the capacity to
receive sensor data in real time through a processing server. It
features procedural content generation and dynamic difficulty
adjustment based on automatic real-time recognition of player
stress levels. To this end, the SG switches between two
distinct game states, denoted as calm (Fig. 2a) and stressed
(Fig. 2b). During the calm game state the SG retains normal
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Fig. 2. Screenshots from the two game states and a breathing session: (a)
Calm; (b) Stressed; (c) Breathing.
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difficulty levels, while during the stressed game state,
difficulty increases by generating additional obstacles and
hazards. This real-time adaptation aims to reinforce the
connection between physiological state and in-game
experience, aligning the gameplay environment with the
participant’s current stress level. Additionally, the game
includes a player-controlled mechanic which allows them to
perform guided deep breathing exercises (Fig. 2c). As the
player performs the exercise, their in-game progress is
facilitated in two ways, through in-game character restoration
of health points and their transition towards the calm state.

A total of 14 individuals, 8§ male and 6 female, aged
27.1£5.87 participate in the experimental process. All
participants confirm no consumption of caffeine and report
having slept well for 5 days prior to their experiment session.
All participants report no chronic or neurological condition, or
taking medication that may affect stress levels, heart activity
or concentration. After a detailed description of the procedure
and the aim of the study, all participants provide written
informed consent and are given the opportunity to ask
questions. The study has been approved by the Ethics
Committee of the National Technical University of Athens
(approval number : 45610/10.07.2025).

Participants are seated comfortably in front of a computer
monitor for the duration of the experiment. The EmotiBit
sensor is placed on the index finger of the non-dominant hand.
Their hand is positioned on the table in a relaxed and stable
posture to minimize movement and reduce noise in the PPG
signal. Participants then go through the calibration process
followed by a gameplay session of one SG stage using their
dominant hand. During this session the proposed approach for
stress detection controls game states in real time. Afterwards,
participants are asked to annotate their perceived level of
stress while watching a screen recording video of their
gameplay session at double speed [42], to minimize fatigue.
For this purpose, a specialized annotation tool, based on
RankTrace [43], is employed to approximate ground truth
regarding stress levels. This tool allows for unbounded and
continuous annotation of affect and is developed using
GameMaker Studio [44]. Participants use the mouse scroll
wheel to indicate changes in perceived stress, with upward
scrolling corresponding to increased stress and downward
scrolling indicating reduced stress. Annotation traces are used
to evaluate the proposed framework for automated real-time
stress detection. Annotations are recorded at a frequency of 1
Hz throughout the duration of the replay [45]. Finally,
participants complete the Game Experience Questionnaire
(GEQ) [46] to assess their subjective experience during the
game.

III. DATA ANALYSIS

A. Data Preparation

Data used in the analysis for the evaluation of the proposed
stress detection approach are obtained from two primary
sources; SG logs and the annotation trace. Logs provide a
record of the classified state during the gameplay session,
enabling its division into three types of segments, calm,
stressed and deep breathing of varying durations. Deep
breathing segments are not used in the analysis as they are
initiated by the participant and do not include SG content. 3
participants were excluded due to excessive movements
detected on the EmotiBit sensor, which compromised data
integrity. Consequently, the final analytical sample comprised
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eleven participants, who contributed on average 15.4+3.4
calm segments with an average duration of 30.8+5.7 seconds
and 9.4 £3.6 stressed segments with an average duration of
14.9 £10.4 seconds.

Temporal harmonization of the data is conducted to
account for differences in sampling frequencies and the speed
of the screen recording video. In particular, linear
interpolation is applied to the annotation trace, producing
estimated annotation values at 100 Hz. Subsequently,
normalization of annotation values to the range [0,1] is
performed for each participant [43]. The final dataset consists
of calm and stressed segments each aligned and associated
with the participants’ corresponding annotation data and
prepared for feature extraction. An example of a normalized
annotation trace from a representative participant, aligned
with the gameplay segments is presented in Fig. 3. In this
example, peaks in the annotation trace are mostly followed by
player inititated deep breathing segments as expected.

From each segment, five statistical features [43] are
calculated: the mean annotation value (uA); the median
annotation value (4); the area under the annotation trace (IA),
computed using the composite trapezoidal rule and
normalized by the segment duration; the amplitude (A4),
calculated as the difference between the maximum and
minimum annotation values within the segment; and the
average gradient of the annotation trace (AA), representing the
average rate of change over time. Finally, for each participant,
the mean of each of these five features is computed across all
calm segments and, separately, across all stressed segments.

B. Statistical Analysis

Statistical analysis is performed in two different
directions. The first focuses on evaluating whether the binary
classification of stress derived from the game logs
corresponds to measurable differences in participants’
subjective perception of stress. For each participant, the
aggregated annotation features from calm and stressed
segments are compared in pairs to assess whether perceived
stress levels differed consistently between the two states. The
non-parametric Wilcoxon signed-rank test is applied, with
statistical significance set at p < 0.05.

The second direction features a complementary ordinal
approach [47], motivated by the increasing recognition within
affective computing that emotions and subjective experiences
are inherently ordinal constructs rather than interval-scaled
quantities [48],[49]. An ordinal-centric  perspective
distinguishes between first-order approaches, where data are
directly collected in the form of ranks or preferences and
second-order approaches, where interval or amplitude-based
annotations are transformed into ranks to capture their
underlying ordinal nature. Although annotation traces are
initially recorded as amplitude values, the second-order
approach is followed by ranking all calm and stressed
segments for each participant based on the extracted
annotation features. Spearman’s rank correlation coefficients
between these ranks and the binary state labels (calm = 0,
stressed = 1) are then computed to assess whether higher
perceived stress, thus higher ranked segments are associated
with the stressed binary label.

To test the consistency of this relationship across
participants, we apply the Wilcoxon test on the resulting
correlation coefficients [43] to examine whether they are
significantly different from zero, thus indicating a systematic
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Fig. 3. Example of an annotation trace of perceived stress, divided into
calm (green), stressed (red) and breathing (grey) segments

ordinal association between perceived stress levels and the
proposed binary classification. Additionally, a binomial test is
conducted to evaluate whether the number of positive
correlations significantly exceed what would be expected by
chance, providing further evidence that higher feature ranks
align with segments labeled as stressed.

IV. RESULTS

In the absolute value analysis, systematic differences
between calm and stressed segments are observed, as the
application of the Wilcoxon signed-rank test yields
statistically significant higher values during stressed segments
for the mean value (p=0.002), median (p=0.003) and area
under the annotation trace (p=0.002). No statistically
significant differences are identified in amplitude (p = 0.240)
or average gradient (p=0.966). The observed elevations in
mean value, median value and area under the annotation trace
during stressed conditions are indicative of an association
between system-labeled stressed segments and increased
levels of perceived stress as reported by participants. The
average value across all participants, for each annotation
feature of both calm and stressed segments is presented in Fig.
4.

The ordinal-centric analysis displays positive correlations
across all participants, with statistically significant difference
from zero for mean rank (p =0.002), median rank (p =0.002)
and area rank (p=0.002), suggesting that stressed segments
are generally associated with higher perceived stress ranks. By
contrast, amplitude rank and gradient rank do not reach
statistical significance (p =0.465 and p = 0.831, respectively).

Finally, the binomial tests display positive correlations for
mean rank, median rank and area rank, in ten out of eleven
participants (p=0.006), providing evidence of a systematic
relationship across the sample. No significant effects are
identified for gradient rank (seven out of eleven, p=0.274) or
amplitude rank (three out of eleven, p=0.967). The results of
both Wilcoxon tests are summarized in Table 1.

TABLE L ‘WILCOXON TEST P-VALUES FOR BOTH ANALYSES.
SIGNIFICANT VALUES (P<0.05) ARE DEPICTED IN BOLD.
Annotation Wilcoxon p-values
Features Absolute Value Analysis | Ordinal-Centric Analysis
Mean (uA) 0.002 0.002
Median (A) 0.003 0.002
Area (JA) 0.002 0.002
Amplitude (4) 0.240 0.465
Gradient (AA) 0.966 0.831
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Fig. 4. Average values of perceived stress annotation features across all
participants in calm (green) and stressed (red) segments.

V. DISCUSSION

The presented preliminary results are in accordance with
those reported in the literature, demonstrating that the
RMSSD feature of ultra-short-HRV analysis can be associated
with cognitive load and used as a psychological stress
indicator. Additionally, comparisons with the self-reported
stress annotation trace indicate that the proposed stress
detection approach can identify stress states that align with the
participant’s subjective perception of stress during a cognitive
demanding interaction.

Results indicative of this are observed in both statistical
analysis directions. In the absolute value approach, the
statistically significant higher mean (uA), median (4), and
area under the annotation trace (JA) observed during segments
classified as stressed, indicate that the proposed thresholding
and classification system are able to effectively identify
heightened cognitive load, as perceived by users. This finding
is reinforced by the results of the ordinal approach, where the
stress segments as denoted by the detection system are
consistently positioned higher in perceived stress ranks across
participants, as indicated by the significantly positive
correlations. However, both approaches suggest no significant
correlation with the average gradient (AA) and Amplitude (A)
of the annotation trace, despite their reported robustness [43].
This could be attributed to the inherent variability of
physiological signals, the complexity of manually annotating
affect and the limited participant sample.

The presented preliminary results advocate towards the
reliability of the proposed thresholding approach and build
upon previous work regarding real-time stress detection by
demonstrating classification capability in a rich interactive
environment. The proposed method is low cost, wearable-
friendly and light in computational requirements. Unlike
machine learning models which often operate as black boxes,
the personalized threshold baselines provide transparency,
allowing direct observation of how stress states are classified.
This makes the approach suitable for real-time applications
where low latency and computational efficiency are required,
such as adaptive and biofeedback interventions.

However, some limitations should be acknowledged.
Generalizability of the findings is limited due to the small
sample size, underscoring the need for larger scale studies.
The requirement for an explicit calibration procedure using
cognitive stressors like the Stroop task also poses practical
challenges, as it might prove burdensome in real world
applications. Efforts towards streamlining the process for
outside research setting application need to be undertaken.
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Additionally, relying exclusively on HRV as a physiological
marker, while well established in literature, may not fully
capture the multimodal nature of stress responses, which are
also reflected in other autonomic signals such as EDA and
EEG [50]. Incorporating additional modalities in future work
could help address these constraints and enhance the system’s
robustness and applicability. Finally, insights from this
preliminary evaluation will guide further analysis and fine-
tuning of the proposed approach.

VI. CONCLUSIONS

The present study investigates the potential of real-time
stress detection in cognitively demanding interventions using
a rule-based system based on ultra-short-term HRV derived
from PPG signals. Personalized thresholds, established
through calibration, enable binary classification of calm and
stressed states, which dynamically guide the adaptation of the
intervention’s content. The classification capacity of the
proposed approach is validated against continuous annotations
of perceived stress, demonstrating significant alignment and
supporting the effectiveness of the threshold computation
method. While the method shows promising accuracy and
practical simplicity, these preliminary results should be
further validated and extended through the integration of
additional biosignals, larger participant samples, and fine-
tuning. Nevertheless, the findings highlight the potential of
rule-based stress detection systems and their future integration
into adaptive intervention environments involving cognitively
demanding human—computer interactions.
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