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ABSTRACT: Despite progress in guideline-driven cancer pain management, crucial challenges persist. Automatic Pain Assessment
(APA) investigates behavioral aspects and biosignals, such as electrodermal activity (EDA) and heart rate (HR) variability (HRV), for
providing objective and context-aware pain evaluation and monitoring. In this prospective, single-center study on cancer pain, we
recorded EDA and HRV during a 3-block cognitive Stroop task and stratified patients by 0-10 Numeric Rating Scale (NRS) pain (<6 vs >6).
Since chronic pain can induce cognitive and attentional alterations, the aim is to assess the performance of the autonomic nervous
system during a cognitive stress test, investigating the links between nociception (the encoding of noxious stimuli through autonomic
or behavioral responses) and the neurobiological consequences of pain. We extracted tonic and phasic electrodermal activity (EDA)
features, including skin conductance level (SCL), skin conductance response (SCR), recovery times, and time/frequency-domain HR/
HRV indices, and then we compared groups across Stroop phases. Patients with lower pain intensity showed consistently higher
SCL and stronger phasic SCR components across test phases (SCL mean p <0.05; SCR mean and SCR integral p<0.01), whereas rise/
recovery times did not differ; peak counts normalized by phase duration diverged modestly (significant in Stroop phases 1 and 3).
HRV differences were limited, with a notable increase in HF power during the incongruent (phase Ill) block only. These exploratory
findings provide initial evidence that cognitive stress-evoked autonomic responses may contribute to distinguishing pain phenotypes
in cancer patients. Pipeline and results can be used for developing a multimodal APA framework aimed at personalizing cancer
pain treatment.
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patients still report poorly controlled pain (1). The

INTRODUCTION

Pain is one of the most common and debilitating
symptoms in cancer patients. However, despite
advances in pain management in oncology, many

prevalence of pain during anticancer treatment is
estimated to range from 40% to 70%, reaching up
to 90% in terminal stages (2). Therefore, in this vul-
nerable group, understanding the mechanisms and
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exact pathophysiology of pain is essential for devel-
oping research approaches and personalized treat-
ment strategies (3).

Pain assessment is commonly performed using
unidimensional or multidimensional scales. These
approaches, however, present several limitations,
especially in individuals who are unable to properly
express pain, such as newborns (4), and non-com-
municative patients with cognitive impairment (5)
or under sedation, including those in intensive care
units (6). The automatic pain assessment (APA) refers
to the evaluation of pain through the application of
behavioral techniques and biosignal analysis. This
approach usually integrates objective physiological
data, such as heart rate variability (HRV), electroder-
mal activity (EDA), and electroencephalography (EEG),
with behavioral observations such as facial expres-
sions and body movements, to detect and quantify
painin a standardized way (7). The aim is to provide
continuous, real-time, and unbiased pain monitor-
ing across different clinical settings (8).

Different applications of APA strategies in cancer
patients have been proposed. They focus on biosig-
nals (9, 10), facial expressions and other behaviors
(11), singularly considered or through multimodal
processes (12). However, several aspects still need
to be clarified. These include the specific clinical set-
ting of analysis and its correlation with the underly-
ing oncological condition, the varying impact and reli-
ability of measurements in acute versus chronic pain
scenarios, the optimal model design, the reference
datasets to be used, and the integration of biosig-
nal data with clinical and instrumental information.
Existing studies, for example, are often conducted in
controlled laboratory settings. They address mainly
acute pain and lack external validity for real-world
cancer care (7). Furthermore, most APA models rely
on single-modality inputs, while multimodal mod-
els, although more accurate, are not standardized
for clinical deployment (12). Importantly, no consen-
sus exists on which markers best capture objectively
acute or chronic pain-related phenomena, includ-
ing autonomic dysregulation (13).

Additionally, APA strategies should capture the mul-
tifaced and dynamic features of chronic pain, also
acknowledging that it reflects maladaptive neuro-
plastic changes involving multiple brain regions, par-
ticularly those within the limbic system (14, 15). For
example, the prefrontal cortex often shows impair-
ments in cognitive processes related to top-down
regulation, contributing to altered pain modula-
tion and emotional processing (16, 17). Chronic pain,
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indeed, is associated with neurocognitive issues,
including attention, inhibition, and executive con-
trol. This reduced inhibitory control may amplify
the physiological cost of cognitive interference (18).
Research suggested that cognitive stressors such
as the Stroop task, which engages prefrontal exec-
utive control networks, may represent a valuable
method for assessing pain-induced neurophysio-
logical dysfunction (19).

The impact of chronic pain on the regulation and
balance of the sympathetic-vagal axis is a key area
that warrants further investigation. Chronic cancer
pain involves not only peripheral nociceptive and
central sensitization processes, but also dysregula-
tion of the autonomic nervous system (ANS), par-
ticularly in the balance between sympathetic and
parasympathetic activity. This autonomic dysfunc-
tion may modulate pain experience, prognosis, and
response to stressors (9, 20). Consequently, inves-
tigation in this area is crucial for defining appropri-
ate study pathways on which to base APA analy-
ses as well as for better addressing neurocognitive
aspects of pain perception (21-23).

On these premises, as part of a research project on
artificial intelligence (Al) and pain in cancer patients,
we investigated the phenomenology of the ANS in
individuals with chronic cancer pain undergoing cog-
nitive assessment. We assumed that the integration
of a cognitive challenge with biosignal monitoring
would enhance the sensitivity to detect autonomic
reactivity patterns and provide a reliable approach
to characterize pain-related ANS alterations. Spe-
cifically, we investigated whether EDA and HRYV dif-
fer according to pain intensity across Stroop task
phases. We hypothesized that patients with higher
pain levels would exhibit blunted autonomic reac-
tivity compared with those reporting lower pain,
reflecting impaired sympathetic-parasympathetic
modulation during cognitive interference. Ultimately,
this work represents an attempt to shed light on the
links between nociception (the encoding of noxious
stimuli through autonomic or behavioral responses)
and the neurobiological consequences of pain.

MATERIAL AND METHODS

Study design and Ethics

This investigation was carried out within the “Refin-
ing multiple artificial Intelligence strategies for auto-
matic pain assessment investigations (RUGGI)" study,
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designed for exploring the integration of Al in chronic
pain evaluation at the AOU San Giovanni di Dio e
Ruggi d'Aragona, Salerno, Italy. The study was con-
ducted in accordance with the Declaration of Hel-
sinki (2013 amendment) and ICH-GCP guidelines.
Ethical approval for this study (Comitato Etico Ter-
ritoriale Campania 2, N°2024/28590) was provided
by the Ethical Committee Campania 2 (Chairper-
son Prof. C. Napoli) on the 3rd of April 2025. Writ-
ten informed consent was obtained from all partic-
ipants before enrollment.

Participants

Patients were consecutively recruited from the oncol-
ogy and palliative care units of our institution. Inclu-
sion criteria were age >18 years, diagnosis of solid
cancer, presence of chronic pain (=3 months), abil-
ity to communicate and provide informed consent,
and completion of the full Stroop test while wearing
biosignal sensors. Exclusion criteria were severe cog-
nitive impairment, psychiatric or neurological disor-
ders affecting autonomic function, inability to com-
plete the cognitive task, implanted cardiac devices,
arrhythmias, or medications with major autonomic
impact (e.g., p-blockers at unstable dosage).

Stroop Test

In this study, the Stroop test was used as a tool to
evaluate the impact of stress (here, pain) on patients’
cognitive functions and emotional responses. The
test, developed by John Ridley Stroop in 1935, is com-
monly employed in cognitive research and mea-
sures an individual's ability to suppress automatic
responses while maintaining selective attention.
Evidence indicates that it is an effective method to
examine attentional bias in chronic pain patients (19,
24, 25). Specifically, since the test induces cognitive
interference and engages executive control, it can
be used to investigate pain-related attentional and
inhibitory dysfunction.

The test typically involves three conditions (blocks):
neutral, congruent, and incongruent conditions.
Each phase lasted approximately 2 minutes, for a
total Stroop duration of about 6 minutes. Specifi-
cally, the test starts with a 3-minute resting baseline
with eyes closed, followed by a 2-minute open-eyes
resting condition. Subsequently, in the neutral block,
participants are asked to quickly read a list of words
that are names of colors, but all printed in black on
a white background. This portion of the test serves
as a baseline control for measuring speed and accu-
racy in word reading. In the congruent condition,

participants read color-word names printed in the
same color (for example, the word “red” printed in
red). This measures the speed and accuracy when
the word meaning and ink color align. In the incon-
gruent condition, participants must read color words
printed in a color that does not match the meaning
of the word (for example, the word “red” printed in
blue). This last block is considered the most challeng-
ing, as it requires inhibiting the automatic response
to read the word and instead responding to the ink
color. After the task, a 3-minute eye-closed recov-
ery period and a final 2-minute open-eyes condi-
tion were recorded.

During the Stroop task, each block consisted of 60
stimuli (180 trials in total). Each stimulus remained
on screen for 1.5 seconds, followed by a 0.5-second
interstimulus interval. Behavioral performance was
assessed through accuracy (%) and reaction times
(ms), which were automatically recorded.

In the text, “Stroop phases” refer to the three sequen-
tial blocks of the Stroop task: neutral, congruent,
and incongruent.

Biosignals

During the execution of the Stroop color-word test,
we implemented the BlITalino device with sensors
for capturing ECG and EDA signals, as reported in
(26). Itis an open-source, hardware-affordable bio-
signal platform designed for physiological com-
puting. Data collected with this instrument shows
dependability for quantitative analysis (27). A sam-
ple rate of 1000 Hz was used to measure the signals.
For EDA assessment, a fifth-order Butterworth low-
pass filter with a cutoff frequency of 1 Hz was used
for the processing and analysis of the signals and,
after downsampling the signal by a factor of 100 to
lessen the computational load of the analysis, the
signals were further examined using a deconvolu-
tion approach to separate the tonic (basic level of
conductance) and phasic components (short-du-
ration changes in the presentation of a stimulus)
(26). The following parameters were then consid-
ered for further analysis: tonic response (SCL), pha-
sic response (SCR), SCR integral (i.e., the mean area
of the SCR peaks), number of phasic peaks normal-
ized by the experiment duration (peaks/minute),
mean rise time (measured in seconds), and recov-
ery time (measured in seconds). Concerning HRYV,
a modified version of the Pan-Tompkins method
was used to detect an R peak in the ECG signal; the
accompanying RR series of interbeat intervals was
then calculated as the difference between subse-
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guent R peaks (26, 27). For the HRV assessment,
both time-domain features (average HR, standard
deviation of RR intervals (SDNN), and Root Mean
Square of Successive Differences of the RR, RMSSD)
and frequency-domain features (power in low, LF:
0.04-0.15 Hz, and high, HF: 0.15-0.40 Hz, frequency
bands as well as the LF/HF ratio representing the
sympatho-vagal balance) were analyzed.
Therefore, selected EDA and HRV indices were cho-
sen because they represent well-established markers
of sympathetic (EDA, LF) and parasympathetic (HF,
RMSSD) function (26, 27). Tonic SCL reflects baseline
sympathetic arousal, whereas phasic SCR amplitude,
integral, and peak frequency capture transient sudo-
motor responses to stimuli. HRV parameters were
included as they reflect cardiac autonomic modu-
lation and have been associated with chronic pain
and stress reactivity, and the LF/HF ratio is useful for
addressing the dynamic sympatho-vagal equilibrium.
Processing was carried out in Python language using
the Spyder software version 4.1.5, while ECG pro-
cessing was carried out in MATLAB v2023a.

Pain Assessment

Pain intensity was assessed using the 0-10 Numeric
Rating Scale (NRS), a validated unidimensional tool
widely used in cancer pain assessment, where 0="no
pain” and 10 = “worst imaginable pain”. Scores 0-3
are generally considered mild, 4-6 moderate, and >7
severe pain (28). For the analyses, in line with pre-
vious research on cancer pain, patients were cate-
gorized into two groups: NRS <6 vs NRS =6 (moder-
ate vs severe pain phenotypes) (28).

Statistical Analysis

Analyses were stratified according to pain intensity
(0-10 numeric rating scale, NRS) in two independent
groups based on an empirically established thresh-
old (NRS = 6) for identifying a “high pain” category
and a “low pain” category (NRS <6 and NRS >6). After
grouping the patients, Shapiro-Wilk test was adopted
to check the normality of the data distributions in
the two groups and, given the non-normality of the
distributions (p <0.05), a Mann Whitney U test was
carried out as an alternative to the Student’s t test
for independent samples in order to assess statis-
tical differences in the median values of the biosig-
nals' signatures across the two groups. Level of sig-
nificance alpha was set to 0.05 (Confidence Level
95%) for all the statistical analyses performed in this
study. All statistical tests were carried out in Python
language using the Spyder software version 4.1.5.
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RESULTS

The analysis included data from 45 patients enrolled
between May and August 2025. No participants were
excluded after enroliment (Table 1).

Table 1. Demographic characteristics (n = 45).

VARIABLE N (%) OR MEAN + SD

Age (years) 64.5+ 14

Male: 22 (48.9%);
Female: 23 (51.1%)

27.1+£53

Pancreatic 11 (24.4%)
Breast 8 (17.8%)
Lung 6 (13.3%)
Colorectal 6 (13.3%)
Prostate 3 (6.7%)
Gastric 2 (4.4%)
Others 9 (20%)

Yes: 32 (71.1%
No: 13 (28.9%

Yes: 17 (37.8%
No: 28 (62.2%

0: 8 (17.8%)

1: 11 (24.4%)
>2:26 (57.8%)
5.8+2.7
Nociceptive: 8 (17.8%)
Neuropathic: 8 (17.8%)
Mixed: 29 (64.4%)

Gender

BMI (kg/m2)

Cancer type

~

Metastasis

= )

Bone metastasis

ECOG-PS
Pain intensity (NRS)

Pain type

Across all Stroop phases, patients in the low-pain
group (NRS <6) showed higher median SCL values
(e.g., Stroop I: median 0.67 pS vs 0.41 pS; Stroop Il
0.72 pS vs 0.45 pS; Stroop Il1: 0.80 pS vs 0.48 pS). In
this subgroup, a stronger phasic SCR component in
the Stroop phases was found compared to patients
with NRS >6. Significant differences were observed in
SCL mean (p <0.05 across phases), SCR mean (p <0.01),
and SCR integral (p <0.01), indicating a more pro-
nounced autonomic response in the low-pain group.
In contrast, rise time and recovery time did not sig-
nificantly differ between groups, suggesting that
magnitude rather than temporal dynamics of sudo-
motor responses distinguished between the two
groups. The frequency of SCR peaks normalized by
phase duration showed only modest differences
between groups and was significant in phases | and
[ll, indicating that pain intensity may influence the
strength rather than the frequency of sympathetic
reactivity during cognitive interference (Figure 1).
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Figure 1. Electrodermal activity (EDA) features across Stroop test phases in patients with different pain intensity levels. Boxplots show the
distribution of EDA-derived features during the three phases of the Stroop task (Stroop 1 to 3) for patients with high pain intensity (NRS
26, n = 22) and low pain intensity (NRS <6, n = 20). EDA parameters (from the top): mean skin conductance level (scl_mean), mean skin
conductance response amplitude (scr_mean), integrated SCR signal (scr_integral), ratio between the number of SCR peaks and phase duration
(num_peaks/timing), mean SCR rise time, and mean SCR recovery time. Horizontal bars indicate statistically significant differences between
groups (Mann-Whitney U tests), with p-values reported above each comparison. Patients with mild to moderate pain (NRS <6) showed
more pronounced tonic and phasic EDA activity. Response times (peaks) did not differ, but the amplitude of the response was more evident.

DISCUSSION

This study explored autonomic responses during a
cognitive interference task in cancer patients with
chronic pain. The main finding of this study was the
clear differential sensitivity between EDA-derived
features and HRV indices in detecting pain-related
autonomic alterations during cognitive interference.
Specifically, while tonic and phasic EDA components
(SCL, SCR amplitude, and SCR integral) consistently
distinguished between pain groups across all Stroop
phases, HRV separation was modest and limited to
a single phase (HF power during the incongruent
block, phase Ill). Therefore, the sympathetic-sudo-
motor reactivity during cognitive interference may
better reflect chronic pain phenotypes than cardiac
variability alone in this context. Notably, a feasibil-
ity work in ambulatory cancer patients reported that
machine-learning models trained on physiological
signals achieve approximately 70% accuracy for pain
state discrimination (9). Our EDA-forward pattern is

Concerning HRV parameters, median average HR
values were slightly higher in the high-pain group
throughout the task (e.g., Stroop I: median 83 bpm
vs 78 bpm), although these differences did not reach
significance. Time-domain HRV markers (SDNN and
RMSSD) also showed a consistent trend toward
reduced variability in the high-pain group (e.g.,
RMSSD Stroop I: median 16 ms vs 22 ms; Stroop llI: 14
ms vs 20 ms), without significant divergence across
phases. Frequency-domain indices displayed com-
parable patterns in phases | and I, whereas during
the incongruent block (phase Ill), HF power was sig-
nificantly higher in the low-pain group (e.g., median
402 ms2 vs 255 ms?, Mann-Whitney p <0.05), indi-
cating more preserved parasympathetic regulation
under maximal cognitive interference. LF power
and LF/HF ratio did not show meaningful between-
group differences in any phase. No other statisti-
cally significant differences were found between
the high- and low-pain groups across Stroop phases
(Figure 2).
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Figure 2. Heart rate and heart rate variability (HRV) features across Stroop test phases in patients with different pain intensity levels.
Boxplots display the distribution of cardiovascular features recorded during the three Stroop task phases (Stroop 1 to 3) for patients with
high pain intensity (NRS 26, n = 23) and low pain intensity (NRS <6, n = 19). HRV parameters (from the top): average heart rate (avgHR),
standard deviation of RR intervals (stdRR_ms), root mean square of successive differences (RMSSD), low-frequency power (TimefFreq_Wav_pLF),
high-frequency power (TimeFreq_Wav_pHF), and LF/HF ratio corrected (Timefreq_Wav_LFHF_corrected). Horizontal bars indicate statistically
significant differences between groups (Mann-Whitney U tests), with p-values shown above each comparison.

consistent with those observations and extends them
with phase-resolved Stroop probing. This approach
can better highlight the relationship between pain
and its impact on cognitive functions. Although the
finding requires confirmation, it can have meaningful
implications for APA development and for capturing
pain-related autonomic signatures, particularly when
contextualized within cognitive or emotional load.

Autonomic dysfunction has been documented in
patients with advanced cancer, where itis associated
with fatigue, worse quality of life, and reduced sur-
vival. For example, Stone et al. (29) found that auto-
nomic dysregulation is highly prevalent in advanced
cancer, suggesting that cancer itself or its treat-
ment may injure autonomic pathways. Furthermore,
Ben-David et al. (30) observed that cancer patients
exhibit lower HRV compared to healthy controls.
The prognostic importance of autonomic measures
has also been demonstrated. For example, reduced
HRV seems to be associated with shorter survival
(31). Probably, cardiac autonomic dysfunction is an
underrecognized feature in oncology (32). In our
analysis, the EEG-derived parameters showed less
pronounced results compared to EDA. It emerged
that HRincreased and HRV decreased with pain; nev-
ertheless, effect sizes vary across tasks, diagnoses,
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and sensors, explaining why our HRV separation was
limited outside the most demanding Stroop block.
Methodological syntheses further emphasize wear-
able-first, multimodal, and interpretable designs,
again consonant with our findings that EDA is an
informative anchor modality but benefits from fusion.
The relationship between ANS evaluations and pain
intensity is particularly interesting because it can
allow for to identification of the variables to be inves-
tigated within a multimodal model. In patients with
bone metastases, an initial study aimed to define an
HRV-based objective method for assessing metastatic
pain, reporting promising associations between HRV
measures and pain status (33). From the perspective
of pain modulation, there is evidence that lower para-
sympathetic function may be linked to heightened
pain sensitivity. For example, in patients suffering
from chemotherapy-induced polyneuropathy, Nah-
man-Averbuch et al. (34) demonstrated that lower Val-
salva ratios and diminished HRV, indicative of reduced
parasympathetic tone, correlated with higher ratings
of experimental pain stimuli. Interestingly, we found
thatin chronic oncologic pain, the analysis of the ANS
in relation to cognitive tasks highlights different pat-
terns depending on pain intensity. Patients with lower
pain levels exhibit an active and functional system.
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However, in subjects reporting severe pain, the sys-
tem appears less active and less functional.

LIMITATIONS AND PERSPECTIVES

This analysis is exploratory, single-center, and mod-
estin size (n = 45), limiting power for subgroup anal-
yses by tumor type, therapy line, or comorbidities.
Medication effects (opioids, adjuvants), metastasis
distribution (including bone), performance status,
and mood/sleep could confound autonomic read-
outs. Moreover, in cancer patients, the autonomic
effects of systemic inflammation, metabolic derange-
ments, treatment toxicity (e.g., anthracyclines, tax-
anes), and microvascular injury may further distort
baseline autonomic tone and responsiveness (29-34).
We acknowledge that, given the small sample size,
dividing participants into two groups impaired statis-
tical power. Moreover, adopting the NRS as a contin-
uous variable within a single group would be more
appropriate. Nevertheless, we followed the methodol-
ogy of prior cancer-pain research in treating the NRS
as a categorical variable rather than a continuous one
(35). Specifically, several studies in oncology pain cat-
egorize NRS scores into mild, moderate, and severe
pain bands (for example, <3, 4-6, >7) because these
thresholds are strictly linked to clinical decision-mak-
ing and analgesic escalation protocols (28, 36). There-
fore, we used the cut-off of NRS =6 to separate two
categories of pain (moderate to severe pain).
Concerning methods for sympatho-vagal investiga-
tions, while we focused on EDA and HRV, additional
modalities such as EEG, EMG, PPG, skin tempera-
ture, and accelerometry were not assessed here.
Furthermore, the temporal dynamics of autonomic
change in response to pain or cognitive stress may
be subtle and transient, requiring high-resolution
recording and careful signal processing (time-, fre-
quency-, and nonlinear domains). Finally, we did not
perform external validation or causal modeling, as
multiple comparisons across features and phases
also raise a risk of type | error.

Future work should integrate these findings into mul-
timodal APA models. Importantly, machine learning
techniques can be implemented to classify pain lev-
els based on combined physiological, clinical, and
behavioral features. In this direction, feature fusion,
temporal modelling (e.g., using recurrent deep learn-
ing architectures or transformers), and explainabil-
ity methods may enhance performance and clinical
trust. From an ethical standpoint, the development

of APA systems must ensure transparency, patient
autonomy, and equitable access. Therefore, future
APA frameworks must be developed to support safe
clinical decision-making and to safeguard patient
rights and well-being (37).

CONCLUSIONS

Biosignal can be implemented for phenotyping
chronic cancer pain. Nevertheless, further research
is needed for developing multimodal APA systems
in oncology. Prospective, interpretable, and con-
text-aware models should integrate EDA and other
selected biosignals with clinical data. This step is
mandatory for improving assessment and, ultimately,
personalizing pain management in cancer patients.
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