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Abstract

Observing pain in others often elicits vicarious responses commonly considered as indices of empathy. However, the extent
to which these responses reflect genuine empathic engagement remains subject of debate, with little research on how they
may vary among individuals exhibiting low empathy traits like callousness or emotional detachment. To investigate this, we
recorded EEG activity from 37 healthy participants to determine if neural responses to second-hand pain correlate with self-
reported empathy and callousunemotional traits, while further testing the predictive utility of these signatures using single-
trial machine learning classification. Although painful stimuli elicited distinct responses at the group level — specifically
larger late positive potentials (LPP; 500-900 ms) and decreased theta and alpha power (650-1300 ms) over centroparietal
brain regions —, machine learning classification of pain versus no-pain trials did not exceed chance accuracy, suggesting
weak or heterogeneous neural differentiation at the single-trial level. Furthermore, pain-related EEG activity did not correlate
with subjective pain ratings or empathy. Instead, the data revealed that callous and uncaring traits predicted attenuated LPP
amplitudes, and unemotional traits were associated with stronger theta desynchronisation. Together, these findings suggest
that neural markers of vicarious pain do not necessarily index empathic engagement but rather seem to reflect individual
differences in emotional sensitivity.
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Introduction

Empathy broadly refers to the ability to understand and share
the emotions or feelings of others, which is often difficult
to evoke in experimental settings (Zaki & Ochsner, 2012).
One widely used approach has been through paradigms that
elicit vicarious pain, in which images of nociceptive events
directed at others — such as limbs in harmful situations
or painful facial expressions — are presented (Coll, 2018;
Jauniaux et al., 2019). These paradigms typically recruit
perceptual and emotional processes essential for empathic
responding (Bird & Viding, 2014a, b). In particular, they
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reveal that observing, imagining or merely anticipating pain
in others engages emotional and somatosensory neural path-
ways overlapping with those involved in direct experiences
of pain (Banissy & Ward, 2007; Decety & Meyer, 2008;
Fallon et al., 2020; Lamm et al., 2011; Lockwood, 2016;
Singer et al., 2004; Vachon-Presseau et al., 2012). These
processes can be captured with high temporal resolution via
electroencephalography (EEG).

EEG research shows that observing others in pain gener-
ally elicits positive event-related potentials (ERPs) amplified
over centroparietal electrodes — including the P3 component
(~300 ms) and the late positive potential (LPP, ~400-1,000
ms) — which are thought to index sustained attention and
evaluative processing of socio-affective cues (de Vignemont
& Singer, 2006; Fabi & Leuthold, 2017; Fan & Han, 2008).
Beyond ERPs, second-hand pain observation has been
associated with changes in oscillatory dynamics in alpha
(8—12 Hz) and beta (13-30 Hz) power over centroparietal
and sensorimotor regions (Chen et al., 2023; Cheng et al.,
2008; Fabi & Leuthold, 2018; Liibke et al., 2020; Motoyama
et al., 2017; Mu et al., 2008; Perry et al., 2010; Riecansky

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.3758/s13415-025-01382-1&domain=pdf

Cognitive, Affective, & Behavioral Neuroscience

et al., 2015; Valentini et al., 2012). This phenomenon of
event-related desynchronisation (ERD) in the alpha and
beta band closely mirrors the neural dynamics observed
during first-hand pain (Ploner et al., 2006; Riecansky et al.,
2015; Whitmarsh et al., 2011). In particular, sensorimotor
alpha desynchronisation — or mu suppression (Kuhlman,
1978) — has been associated with the perceived intensity
of others’ pain (Babiloni et al., 2006; Hoenen et al., 2015),
while beta suppression is thought to reflect motor resonance
during pain observation (Harjunen et al., 2022; Rieansky
et al., 2015). Furthermore, research has shown correlations
between self-reported unpleasantness of observed painful
stimuli and increases in theta power (3—5 Hz) over parietal
regions (Mu et al., 2008) — paralleling responses to direct
pain and tactile stimulation (Michail et al., 2016). Together,
these EEG signatures offer insight into how individuals reso-
nate with the affective states of others, and as such, they are
often regarded as neurophysiological indices of empathic
processing (Bird & Viding, 2014a, b).

Nevertheless, inconsistencies in the literature raise impor-
tant questions about whether changes in EEG activity dur-
ing pain observation can be attributed to empathy. While
some studies have found significant correlations between
pain-related changes in EEG activity and self-reported dis-
positional empathy (Cheng et al., 2008; Corbera et al., 2014;
Fabi & Leuthold, 2017; Gonzalez-Liencres et al., 2016;
Liibke et al., 2020; Vaes et al., 2016), others have failed
to replicate these effects (Chen et al., 2023; Cogoni et al.,
2023; Fabi & Leuthold, 2018; Perry et al., 2010; Van Don-
gen et al., 2018; Yang et al., 2009). For example, one study
found that mu suppression did not correlate with empathy
scores but was instead influenced by participants’ mood
(Li et al., 2017). Similarly, a study comparing fibromyal-
gia patients with healthy controls found group differences
in EEG responses during second-hand pain observation
but no significant correlations with trait empathy in either
group (de Tommaso et al., 2019). Moreover, while previous
research has reported a significant correlation between trait
empathy and pain-related ERPs (Fabi & Leuthold, 2017), a
recent systematic review reports no significant associations
between empathy scores and ERP components in empathy-
related tasks (Almeida et al., 2024). These discrepancies
underscore the need for further investigation into how elec-
trophysiological responses to observed pain relate to an indi-
vidual’s capacity for empathy.

One line of research that has gained increasing atten-
tion concerns the role of callous-unemotional traits in pain
processing. Callous-unemotional traits comprise relatively
stable socio-affective tendencies including emotional insen-
sitivity, lack of guilt and remorse, and general disregard for
others’ feelings and experiences (Frick & White, 2008).
While predominantly observed in adults with psychopathy
and at-risk youths, these traits also manifest subclinically in

@ Springer

community samples (Byrd et al., 2013), providing valuable
insights into how affective dispositions may vary across indi-
viduals. Theoretically, the expression of callous-unemotional
traits signals deficits in affective and motivational processes
that limit an individual’s capacity to resonate with others’
distress (Bird & Viding, 2014a, b). For instance, individuals
exhibiting higher levels of callousness and shallow affect
tend to underestimate both the intensity of distress and the
severity of pain (Kaseweter et al., 2022). Additionally, indi-
viduals with high levels of these traits are typically less will-
ing to engage in prosocial or helping behaviours when faced
with another person in pain or need (Eisenberg & Miller,
1987; see, e.g., Sakai et al., 2016). Together, these findings
suggest that callous-unemotional traits are closely tied to a
reduced capacity for affective resonance, providing a more
targeted lens for examining individual differences in vicari-
ous pain processing than broader measures of dispositional
empathy.

From a neurobiological standpoint, these behavioural
responses are thought to arise from disruptions in neural
mechanisms that enable vicarious pain (Bird & Viding,
2014a, b). Consistent with this view, evidence from EEG
research shows that individuals higher in callous-unemo-
tional traits typically show lower neural differentiation for
pain versus no-pain stimuli. For instance, a study conducted
by Decety et al. (2015) showed that, in a community sample
of young adults, traits of callousness and shallow affect cor-
related with reduced differences in LPP amplitude to pain-
ful versus neutral stimuli — particularly when participants
were instructed to focus on concern for others. More recent
work similarly reports that traits of callousness, such as psy-
chopathic meanness, predict lower LPP amplitudes in both
pain perception tasks (Branchadell et al., 2024; Brislin et al.,
2022) and in response to perceived harm to others (Van Don-
gen et al., 2018). Notably, participants with higher levels
of these traits also reported lower perceived pain intensity
under both self- and other-perspective conditions, suggesting
that callous-unemotional traits may not only predict dimin-
ished affective responsiveness to others’ pain but also greater
pain tolerance (Brislin et al., 2022).

Despite evidence for reduced neural differentiation, the
relationship between callous-unemotional traits and electro-
physiological responses to observed pain also show patterns
that challenge the interpretation of EEG markers as direct
indices of vicarious pain. Notably, studies in both criminal
(Cheng et al., 2012) and community (Decety et al., 2015)
samples exhibiting callous traits have reported increased
mu suppression to second-hand pain — a neural signature
typically interpreted as enhanced sensorimotor resonance
and empathy (Mu et al., 2008). While these effects are not
consistent across studies (Van Dongen et al., 2018), they
nonetheless highlight the complexity of interpreting neural
responses to others’ pain. Importantly, authors caution this
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enhanced mu suppression most likely reflects attentional
engagement or cognitive monitoring of the painful stimulus
or action rather than increased empathy or affective sharing
(Cheng et al., 2012; Decety et al., 2015). This implies that
EEG dynamics traditionally linked to vicarious pain also
capture broader perceptual or attentional processes, which
further complicates their interpretation as direct markers of
vicarious pain and empathic processing.

Advances in machine learning provide new opportuni-
ties for addressing key methodological limitations inherent
in conventional EEG analysis. EEG averaging methods,
though effective at reducing noise, inevitably obscure trial-
to-trial fluctuations that may capture meaningful variations
in pain processing. By contrast, machine-learning methods
can model EEG data at the single-trial level, capturing the
full spatiotemporal and spectral complexity of the signal
to detect more subtle and distributed patterns than mean
amplitude or power difference metrics (Dinh et al., 2019;
Mari et al., 2022). By enabling classification of pain versus
no-pain conditions on a trial-by-trial basis, this approach
provides a more fine-grained and rigorous assessment of the
reliability and specificity of pain-related neural responses
within and across individuals. Consequently, single-trial
classification offers a promising avenue for characteris-
ing the neural dynamics underpinning pain processing and
advancing the field beyond traditional averaging.

Empirical evidence supports the effectiveness of
machine-learning techniques in decoding neural responses
to pain. For instance, recent studies by Mari et al. (2023a,
b) demonstrated that machine learning models can reli-
ably distinguish time-frequency features associated with
direct pain experiences, achieving above-chance classifica-
tion accuracies ranging from 58% to 73%. Building on this
work, Wang et al. (2025a, b) applied similar approaches to
EEG data collected during the observation of others’ pain.
Their findings revealed that machine learning could also
differentiate ERP signals corresponding to pain versus no-
pain trials, with classification accuracy notably improving
when participants underwent a guilt induction manipula-
tion. This suggests that feelings of guilt can increase the
neural distinctiveness of second-hand pain processing,
thereby improving the model’s ability to detect relevant
EEG features. As such, it is possible that individuals with
reduced sensitivity to such emotions — like those high in
callous-unemotional traits — display weaker neural differ-
entiation between painful and neutral stimuli, which fur-
ther highlights the relevance of these traits for examining
individual variability in pain processing.

A critical limitation in Wang et al.’s study, however,
is that classification performance was not formally
tested against chance, raising concerns about whether
the observed improvements truly reflect enhanced neu-
ral specificity or are simply due to random fluctuations.

Supporting this concern, studies using both passive pain
observation (Mari et al., 2023c) and active paradigms
(Mari et al., 2025) found that classifiers trained on EEG
data fail to exceed chance-level accuracy, indicating a
lack of reliability and consistency in EEG responses to
second-hand pain. In fact, classifiers were consistently
more sensitive to visual features of the stimuli (e.g., dis-
tinguishing scenes from faces) than to neural activity spe-
cifically associated with the perception of others’ pain.
These findings contribute to the ongoing uncertainty about
whether EEG responses to observed pain genuinely reflect
socio-affective processing or are primarily driven by per-
ceptual and attentional factors. They highlight the need for
systematic replication using chance-level testing to deter-
mine whether machine learning can reliably classify EEG
signals associated with second-hand pain.

In the current study, we examine how neural responses
to second-hand pain might vary as a function of individual
differences in socio-affective traits, including empathy and
callous-unemotional traits. We recorded EEG activity during
a passive viewing task in which participants watched painful
and neutral scenarios involving human targets. To capture
trait-level variability, we assessed participants’ subjective
perceptions of the pain experienced by the targets, whereas
empathy and callous-unemotional traits were assessed via
self-report questionnaires. Because callous-unemotional
traits index a more direct disruption of socio-affective pro-
cessing than general empathy measures, we hypothesised
that higher callous-unemotional scores would correlate with
reduced differentiation of the P3 and LPP during pain ver-
sus no-pain conditions (Brislin et al., 2022; Decety et al.,
2015). We did not make directional predictions regarding
oscillatory dynamics given the mixed evidence in prior work
(Decety et al., 2015; Van Dongen et al., 2018).

Furthermore, we employed machine-learning techniques
to classify EEG data at the single-trial level. Building on
previous research that has primarily examined ERP features
for classification (Mari et al., 2023c, 2025), we extended
this work by also including time-frequency classifiers. Our
goal was twofold:

(1) To evaluate whether the robust classification accuracy
reported in direct pain studies (Dinh et al., 2019; Mari
et al., 2022, 2023a, b, c) generalises to second-hand
pain, and

(2) To test whether classifier performance might be influ-
enced by individual differences in empathy and callous-
unemotional traits.

Importantly, correlations with trait measures were contin-
gent on classifiers performing above chance levels, ensuring
that any observed trait-related associations reflected mean-
ingful neural discriminability rather than random fluctuation.
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Method

This study was conducted in accordance with the ethical
standards of the Declaration of Helsinki and was granted
approval by the University of Essex Science and Health
Ethics Sub-committee (Ethics approval number: ETH2122-
0281). All scripts used for the EEG and machine learning
analyses are available at the Open Science Framework (OSF)
repository: https://osf.i0/f2p9b/?view_only=076befab27
30484cal257d2eb7939d29.

Participants

Participants were recruited from both university and com-
munity samples through word of mouth, email invitations,
and the University of Essex’s participant recruitment plat-
form. Sample selection was limited to right-handed young
adults, aged 18-45 years, with normal or corrected-to-
normal vision and no history of major neurological con-
ditions. Initially, 50 respondents volunteered to take part.
However, four withdrew before completing the experiment,
eight were excluded due to significant data contamination
(e.g., excessive ocular or motion artefacts in the EEG sig-
nal), and one participant who was primarily left-handed was
also excluded. This resulted in a final core sample of 37
participants for the primary analyses, including 20 men and
17 women aged 20-35 years (M = 24.49, SD = 3.15 years).

After completing a pre-screening survey online, eligible
participants completed a second online survey (~15 min),
followed by a lab session (~2-3 h). However, survey data
were missing for one participant, leaving a total of 36 partic-
ipants (19 men) for trait-level assessments. All participants
provided their written informed consent prior to participa-
tion and were reimbursed with a £10 voucher upon comple-
tion of the experiment.

Study design and measures
Pre-screening

We first assessed participants’ handedness via the Edinburgh
Handedness Inventory questionnaire (Oldfield, 1971). Only
participants with a positive laterality quotient (LQ) — classi-
fied as right-handers (McMeekan & Lishman, 1975) — were
included in the study to maintain consistency within our
sample and align with prior research indicating lateralisation
in pain perception (e.g., Hofman & Schutter, 2012; Tim-
mers et al., 2018). An additional pre-screening step included
checking for participants’ age before proceeding to the main
survey.
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Online survey

In a second online survey, we assessed participants’ baseline
levels of empathy and callous-unemotional traits via self-
report questionnaires. Trait empathy was evaluated using
the Affective and Cognitive Measure of Empathy (ACME;
Vachon & Lynam, 2016). This scale includes items to
measure cognitive empathy (e.g., “I can usually tell how
people are feeling”), affective resonance (e.g., “I feel awful
when I hurt someone’s feelings”), and affective dissonance
(e.g., “It’s funny to see people get humiliated”). Items in
the ‘affective dissonance’ subscale were reverse-coded,
such that higher scores represent higher levels of empathy
(Vachon & Lynam, 2016). For callous-unemotional traits,
we used the Inventory of Callous Unemotional Traits (ICU;
Frick et al., 2003), which includes items examining traits of
callousness (e.g., “The feelings of others are unimportant
to me”), uncaring behaviours (e.g., “I try not to hurt others’
feelings”, reverse coded), and unemotional traits (e.g., “I
express my feelings openly”) (Decety et al., 2012; Goubert
et al., 2005).

Lab experiment

Within 1 week of completing the online survey, partici-
pants attended a lab session at the University of Essex’s
Centre for Brain Science. Upon arrival, they completed
a brief safety screening to confirm eligibility for EEG
recording and task participation. The experiment consisted
of two computer-based tasks programmed in E-Prime (ver-
sion 2, Psychology Software Tools, Inc.) and followed a
2 X 2 factorial design. Stimuli comprised first-person per-
spective images depicting identical actions that implied
either physical pain or no pain to human hands or feet,
adapted from Jackson et al. (2006; see Fig. 1a). The exper-
iment was conducted in a dimply lit, sound-attenuated
room, with participants seated approximately 50 cm from
the display monitor. EEG electrodes were applied and
impedances kept below 50 Q prior to task onset.

The first task consisted of a Passive Viewing paradigm
(Fig. 1b), which required participants to observe the
images while imagining the level of pain experienced by
the depicted individual. This task aimed to measure neu-
ral responses to others’ pain under conditions of minimal
cognitive interference. A total of 200 trials were presented
in four blocks of 50, with each trial beginning with a yel-
low fixation cross (300450 ms) — prompting participants
to blink in order to minimise ocular artefacts — followed
by a white fixation cross (1.5-2 s) signalling the start of a
new trial. Images were presented for 500 ms in a random
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a) Painful

Hand

Foot

b)

300-450ms

Catch trials question:

Is this situation painful?

[Yes = 1/0; counterbalanced]

1s

Neutral

How painful do
you think this
must be?

1(notatall)-9
(extremely)

500ms

1s

300ms

Fig.1 Visual example of (a) images per limb and pain condition; (b) the experimental design for the passive viewing task, including the catch
trials question; and (c) the experimental design for the rating task, including the pain intensity question and rating scale
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order. On 20% of trials (catch trials), participants indicated
whether the scenario was painful by pressing ‘1’ or ‘0’ on
a keyboard (response keys counterbalanced), though EEG
data from these trials were excluded to avoid decision- or
motor-related confounds. Participants then completed a
Pain Rating task (Fig. 1c), in which they provided their
subjective evaluations of pain intensity for each image on a
9-point Likert scale. This task included a total of 64 trials
(32 per condition), equally distributed across four blocks.
Each trial began with a 500-ms fixation cross, followed by
a 1-s image presentation and a rating period 300 ms later.
EEG was not recorded during this task, though the cap was
only removed when the session was completed.

EEG procedure
Data acquisition

EEG activity was recorded using an elastic EEG cap
equipped with 60 active scalp electrodes. Electrode place-
ment followed the 10 M equidistant layout (EasyCap
GmbH, 2018). To ensure precise positioning, anatomical
landmarks (pre-auricular points, nasion, and inion) were
used to locate the head centre, referenced to the Cz elec-
trode. The ground electrode was placed at AFz, and elec-
tro-oculogram (EOG) electrodes were positioned above
and below the left eye to monitor ocular artifacts. All elec-
trodes were online-referenced to the left mastoid. EEG
data were recorded using BrainAmp amplifiers (Brain-
Products, Munich, Germany) with a 0.1 pV analogue-to-
digital conversion and a sampling rate of 1,000 Hz.

Data analysis

Data analysis was conducted using custom MATLAB scripts
with functions from the Fieldtrip toolbox (Oostenveld et al.,
2011).

Preprocessing The raw EEG signal was band-pass filtered
between 0.1 and 30 Hz, and downsampled to 500 Hz. The
signal was subsequently segmented according to pain (pain-
ful vs. neutral) and limb (hand vs. foot) conditions, with
epochs spanning from —1.5 s before to 2 s after stimulus
onset. Although the experiment was originally designed
to include 200 trials (40 main trials and ten catch trials
per condition), the final dataset comprised an average of
159.54 trials (SD = 4.13). Post hoc analysis indicated that
this reduction was non-significant (p =.290), with most par-
ticipants retaining >50 trials per condition (see Electronic
Supplementary Material (ESM) Fig. 1). After segmentation,

@ Springer

epochs exceeding + 100 uV in any channel were removed
by automated methods, supplemented by visual inspection.
Independent Component Analysis (ICA) further filtered out
physiological artefacts (e.g., eye blinks, saccades, heartbeat,
or muscle activity), with an average exclusion of three com-
ponents removed per participant (SD =.77; ESM Table 1).
Noisy data in specific trials were addressed by interpolating
from neighbouring electrodes, though trials were manually
excluded if more than five channels required interpolation.
Data were then re-referenced to the average of all scalp elec-
trodes, excluding non-scalp sites.

Feature extraction To characterise neural responses in
both the time and time-frequency domains, we conducted
ERP and spectral power analyses on the pre-processed
EEG data. For ERP analyses, signal was baseline-corrected
using a -500- to 100-ms pre-stimulus interval, and individual
ERPs were averaged per condition across participants. ERP
topographies were examined by averaging voltage distribu-
tions across electrode sites time-locked to stimulus onset
(500-1,000 ms post-stimulus). For spectral power analyses,
we used a multitaper transformation to individual epochs
across 4-30 Hz (in 1-Hz steps), converting time-domain
EEG signals into the frequency domain using a fast Fourier
transform (FFT) with a Hanning taper (three cycles) and
zero-padding to enhance spectral resolution and computa-
tional efficiency (Goldfine et al., 2011). Relative baseline
correction was applied within —1.1-0 s before stimulus
onset. In both analyses, statistical significance was evaluated
using a nonparametric randomisation approach with 5,000
iterations (Maris & Oostenveld, 2007) to identify clusters of
significant activity across time, space, and frequency relative
to baseline. ERP results revealed distributed activity across
frontal, central, centroparietal, and parieto-occipital regions,
while spectral analyses showed similar patterns of activa-
tion in frontal, centroparietal, and parieto-occipital regions.
Electrodes within these regions were subsequently grouped
into regions of interest (ROIs) for further statistical analysis.

Cluster-based permutation To identify significant effects in
both time and time-frequency domains, we employed a non-
parametric, within-subject permutation-based approach. This
involved computing repeated-measures ¢ tests with 5,000 ran-
dom permutations for each comparison between experimental
conditions at every time point (Maris & Oostenveld, 2007).
Contiguous data points exceeding the significance thresh-
old (p <.05) were grouped into clusters. The sum of ¢ val-
ues within each cluster was used as the cluster-level statistic,
which was then compared against the permutation distribution
to determine significance. To control for multiple compari-
sons, we applied stepwise Bonferroni-Holm correction.
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Machine learning classification

We performed binary classification analyses to evaluate the
signal-trial discriminability between painful and neutral
scenarios, comparing ERP versus time-frequency features.
Analyses were implemented in Python (version 3.13.2) using
MNE-Python (version 1.9.0) and scikit-learn, running on a
MacBook Pro (M2 Max, 96 GB RAM, Sequoia 15.5).

For ERP classification, epochs were downsampled to 20
Hz, cropped to 0-1.2 s post-stimulus, vectorised and nor-
malised using Min-Max scaling prior to model training. For
time-frequency classification, we applied a bandpass filter
across six frequency bands — theta (4-8 Hz), alpha (8-12
Hz), low beta (12—-16 Hz), mid beta (16-20 Hz), high beta
(20-24 Hz), and low gamma (24-30 Hz) — followed by a
Principal Component Analysis (PCA) dimensionality reduc-
tion to 60 components, and a Common Spatial Pattern (CSP)
analysis, retaining four components per band. The features
used for classification were the log-variance of the resulting
CSP components. To prevent data leakage, CSP fitting was
performed exclusively on training data within each cross-
validation fold.

Classifier performance was estimated at the individual-
participant level using fivefold stratified cross-validation
across five algorithms:

Linear Discriminant Analysis (LDA) with automatic
shrinkage

Support Vector Machine (SVM) with an RBF kernel,
Random Forest (RF) (100 estimators),

XGBoost, and

Gaussian Naive Bayes (GNB).

Table 1 Summary of sample characteristics

Each model was tested under three feature selection
schemes:

(1) No selection,

(2) SelectKBest retaining the top 100 features, and

(3) Ll-embedded selection (using L1-penalised logistic
regression with liblinear solver and 1,000 maximum
iterations).

Classification accuracy was evaluated against chance
using the binomial cumulative distribution thresholding
method described by Combrisson and Jerbi (2015), with
the following function:

StatisticalThreshold = binoinv(l —-a,n, %) X 1:&

Using this function in MATLAB, we determined that for
a binary classification (¢ = 2) with ~160 trials (r) per par-
ticipant and a significance level of a@ =.05, a classifier had to
achieve an accuracy of > 56.25% to be considered reliably
above chance.

Results
Sample characteristics

Survey scores were analysed on SPSS (IBM SPSS Statistics
for Windows, Version 29.0). Overall, participants’ average
scores in empathy (ACME) and callous-unemotional traits
(ICU) scales fell within the estimated normative range estab-
lished in previous research (Byrd et al., 2013; Dryburgh &

All Men Women

Variables n M SD n M SD n M SD
Age,y 37 24.49 3.11 20 25.25 2.34 17 2.59 3.71
Ratings 37 4.59 .94 20 42 1.29 17 5.07 28
RTs, ms 37 585.41 663.22 20 404.09 532.15 17 776.95 757.33
Understanding 36 39.94 5.01 19 39.37 5.29 17 40.59 4.74
Resonance 36 51.94 5.13 19 50.53 5.18 17 53.53 4.72
Dissonance 36 44.86 3.23 19 44.53 3.19 17 45.24 3.35
ACME total 36 136.75 9.29 19 134.42 9.24 17 139.35 8.90
Callousness 36 6.06 2.99 19 7.16 2.67 17 4.82 2.92
Uncaring 36 5.50 2.50 19 6.26 2.18 17 4.65 2.62
Unemotional 36 7.50 2.95 19 7.95 2.55 17 7.00 3.35
ICU total 36 19.06 6.39 19 21.37 4.75 17 16.47 7.11

n = number of participants, M = mean, SD = standard deviation, RTs = rating times

Ratings and RTs indicate the difference in participants’ perceived pain intensity and rating times in pain vs. no-pain conditions. Scores are pre-
sented for the ACME (Affective and Cognitive Measure of Empathy) and the ICU (Inventory of Callous-Unemotional Traits) scales. Additional

data separating men and women are also provided for gender comparisons
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Ratings

Fig.2 Picture ratings in painful and neutral conditions per partici-
pant. Pain intensity was rated from 1 (no pain) to 9 (extreme pain).
As illustrated, on average, each participant assigned moderate to high

Vachon, 2019). Descriptive statistics for total and subscale
scores are presented in Table 1.

Subjective pain perception

Participants accurately distinguished painful from non-pain-
ful scenarios in 79.3% of catch trials (SD = 11.6%), confirm-
ing the reliability of our experimental design. On average,
painful images were rated as moderately painful (M = 6.15,
SD = 1.73), whereas neutral images were predominantly
rated as not painful (M = 1.70, SD =.99). Follow-up ¢ tests
confirmed that this difference was significant, #(36) = 16.16,
p <.001, Cohen’s d = 2.66. Participants also took longer to
evaluate painful images than non-painful ones, #(36) = 5.28,
p <.001, Cohen’s d =.87 (average reaction times are given
in Table 1). However, as illustrated in Fig. 2, there was sub-
stantial variability in pain ratings, with scores ranging from
1.25 to 8.56 on a 9-point scale.

EEG correlates of perceived pain

Consistent with our hypotheses, painful images elicited
larger LPP amplitude compared to non-painful stimuli, with
maximal distribution over central, #(36) = 1.15, p <.001,
parietal, #(36) = 2.82, p =.004, and centroparietal, #(36)
= 3.10, p =.002, electrode clusters (C1, C2, C4, Cz, CPI,
CP2, CP3, CP4, CPz, P1, P2, P4, Pz, POz) between 508 and
918 ms after stimulus onset (see Fig. 3 for an example). To
examine whether this neural response reflected perceived
pain intensity, we correlated mean LPP amplitudes with
participants’ subjective pain ratings. This analysis revealed
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pain ratings to images depicting painful scenarios (orange box),
whereas non-painful stimuli (purple box) were mostly rated as not
painful

no significant association, as indicated by large 95% confi-
dence intervals (CIs) including zero (Amrhein et al., 2019;
see data in ESM Table 2). This suggests that the observed
LPP enhancement was not modulated by participants’ sub-
jective evaluations of pain severity.

In the time-frequency domain, pain observation was asso-
ciated with significant decreases in theta, #(36) = —3.06, p
=.004, and alpha power, #(36) = —2.68, p =.011, showing
maximal distribution over centroparietal electrodes (CS, C3,
Cl1, Cz, C2, C4, C6, TP7, CP5, CP3, CP1, CPz, CP2, CP4,
CP6, TP9, T7) between 650 and 1,300 ms after stimulus
onset (Fig. 4). However, consistent with the LPP findings,
these changes in oscillatory power did not correlate with
participants’ subjective pain ratings (ESM Table 2), indi-
cating that oscillatory responses were likewise not strongly
related to individual variability in perceived pain intensity.
No significant effects were observed in the beta band fre-
quency range.

Correlations with empathy and callous-unemotional
traits

Correlations with trait measures used the ACME and ICU
subscale scores. A negative correlation was observed
between callousness scores and pain-related ERP amplitude
over centroparietal electrodes, r = -.34, 95% CI [-.60, -.02].
Similarly, uncaring behaviour showed negative correlations
with ERP amplitude changes over both centroparietal, r =
-.36, 95% CI [-.61, -.03], and central electrode sites, r =
-.34,95% CI [-.60, -.01]. These findings indicate that dimin-
ished socio-affective engagement, as reflected in higher
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Fig.3 Grand average event-related potential (ERP) at Cz for painful vs. neutral images, showing a late positive potential with larger amplitude
during painful as compared with the neutral condition. Significant time range (0.508-0.918 s) is highlighted in the black dotted rectangle
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callousness and uncaring traits, corresponds to attenuated
ERP responses typically associated with the cognitive and
affective evaluation of observed pain. In contrast, unemo-
tional trait scores positively correlated with theta power
modulation over centroparietal electrodes, r =.39, 95%
CI [.07,.64], indicating increased theta desynchronisation
during pain versus no-pain conditions among participants
reporting lower emotional expressivity. None of these traits,
however, correlated with participants’ subjective ratings of
pain intensity during the task (see data in ESM Table 2).

Classification performance

The machine-learning classification analysis provided no
evidence for reliable single-trial discrimination between
painful and neutral scenarios. Across all tested algorithms
and feature selection strategies, classification accuracy
consistently remained below the predefined chance-level
threshold of 56.25%. A detailed examination of modelling
parameters showed that classifier choice (LDA, SVM-RBF,
Random Forest, XGBoost, Naive Bayes) and feature selec-
tion methods (no selection, SelectKBest, and L.1-embedded)
had minimal impact on performance, achieving comparable
outcomes (ESM Fig. 2). This lack of model sensitivity was
particularly evident in the time-frequency domain, where
no specific frequency band (4-30 Hz) provided superior
discriminative information — with all spectral ranges clus-
tering around chance level. Nevertheless, a modest overall
advantage was observed for classifiers trained on ERP fea-
tures compared with those using spectro-temporal features.
In particular, the ERP LDA model without feature selection
achieved the highest median accuracy (56.1%, 62 =0. 16%),
falling only marginally below the threshold of statistical
significance.

A follow-up inspection of individual-level results revealed
considerable variability in ERP classification performance,
with accuracies in the best-performing model ranging from
40% to 70% across participants. Comparable patterns were
observed for time-frequency classification, with accuracies
ranging from 42% to 61%. Across participants, deviations
from the group mean were roughly balanced, with about
half performing above and half below the average accuracy,
while performance consistency varied notably, with standard
deviations ranging from.02 to.07. The results of this analysis
are illustrated in ESM Fig. 3.

Overall, these findings suggest that neural signals dif-
ferentiating pain from no-pain conditions were either too
weak or too heterogeneous to be reliably detected using the
present group-level classification approach. Consequently,
the planned analyses examining associations between single-
trial neural discriminability and participants’ empathy and
callous-unemotional traits were not conducted.

@ Springer

Discussion

The present study examined how individual differences in
empathy and callous-unemotional traits shape the neural
processing of vicarious pain, combining EEG with machine-
learning classification to assess the consistency and predic-
tive reliability of pain-evoked neural responses. Replicating
findings from previous studies (Fabi & Leuthold, 2017; Fan
& Han, 2008; Mu et al., 2008), we found that pain observa-
tion was associated with increased LPP amplitudes and a
delayed reduction in theta and alpha power over centropari-
etal regions — reflecting emotional evaluation and salience
processing of pain-related cues (de Vignemont & Singer,
2006; Fabi & Leuthold, 2017; Fan & Han, 2008). Never-
theless, neither LPP amplitude nor oscillatory activity cor-
related with participants’ subjective pain ratings or self-
reported empathy. These results align with growing evidence
suggesting that EEG responses specific to second-hand pain
observation do not necessarily reflect trait-level empathy
(e.g., Chen et al., 2023; Fabi & Leuthold, 2018; Perry et al.,
2010; Yang et al., 2009). In fact, measures of trait empathy
typically assess stable, self-reflective dispositions, whereas
EEG captures more rapid and transient neural dynamics.
As such, pain-related EEG activity in these paradigms may
be more related to perceptual and attentional processes
triggered by salient social cues than with the higher-order
cognitive and motivational components captured by broader
empathy measures (Almeida et al., 2024; Coll et al., 2017).

In contrast, correlations with callous-unemotional traits
revealed distinct and dissociable patterns in pain-related
EEG activity. As hypothesised, higher levels of callousness
and uncaring behaviour were associated with reduced LPP
differentiation between painful and neutral stimuli, consist-
ent with prior evidence linking psychopathic and callous
traits to diminished LPP amplitudes during pain observation
(Branchadell et al., 2024; Brislin et al., 2022; Decety et al.,
2015). In our study, unemotional traits additionally corre-
lated with pain-related theta desynchronisation, a response
previously linked to cognitive appraisal of affective stimuli
(Mu et al., 2008). These findings highlight the specificity
of different callous-unemotional subcomponents in shaping
the neural processing of others’ pain. By examining these
subcomponents separately, the study suggests that traits
reflecting emotional detachment and reduced concern for
others (i.e., callous and uncaring traits) may predict dimin-
ished affective engagement with others’ pain, whereas high
unemotional traits potentially involve compensatory recruit-
ment of top-down control processes during pain process-
ing. This pattern aligns with insights from psychopathy
research proposing a dissociation between cognitive and
affective empathy, where the ability to understand others’
mental states is preserved even when affective resonance is
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reduced (Seara-Cardoso et al., 2015). Although our sample
was relatively small and comprised non-clinical participants,
these findings suggest that subclinical variation in callous-
unemotional traits can reveal subtle but theoretically mean-
ingful differences in affective responsivity and motivational
salience to second-hand pain stimuli.

From a broader perspective, this variability provides
an interpretive context for our machine-learning findings,
highlighting the complex and heterogeneous nature of neu-
ral responses to others’ pain. Notably, classification across
ERP and time-frequency feature sets consistently revealed
failure to exceed the predefined chance-level threshold. This
outcome is consistent with recent studies equally failing to
classify ERP signals to second-hand pain above chance
levels (Mari et al., 2023c, 2025), indicating that the neural
signals to second-hand pain are not reliably detected at the
single-trial level. Extending this literature, our data demon-
strate that these null findings are consistent across multiple
algorithms and feature domains. Such convergence indicates
that the observed effects are not algorithm-specific artefacts
but instead reflect genuine variability in pain-related neural
signatures. Indeed, classification accuracies varied consider-
ably across participants, with some showing above-chance
decoding and others performing near or below chance. In
this sense, the failure to decode pain versus no-pain trials
above chance does not necessarily imply the absence of dis-
criminative neural information but rather its inconsistency
across individuals and trials.

Such inconsistencies indicate that neural signatures of
second-hand pain are likely subtle, temporally variable, and
context dependent, which poses inherent challenges for sin-
gle-trial decoding in conventional experimental paradigms
(Mari et al., 2025). In particular, the use of static, decon-
textualised images — though advantageous for experimental
control and temporal precision — may lack the emotional
salience and ecological validity required to elicit strong,
temporally coherent vicarious pain responses. In fact, while
static depictions of body parts in painful scenarios tend to
activate perceptual and attentional systems associated with
visual processing, they may fail to elicit the dynamic affec-
tive resonance and social meaning intrinsic to real-life pain
experiences (Wang et al., 2025a, b). As a result, the evoked
neural responses were likely too weak and heterogeneous to
support consistent single-trial decoding. Moreover, given
that classifier performance improves with data volume
(GOmez-Tapia et al., 2022; Rommel et al., 2022), the rela-
tively small sample size in this study — combined with trial
loss during artefact rejection — further reduced the effective
number of training examples per participant, constraining
model sensitivity.

To address these challenges, future studies should explore
paradigms that more closely approximate naturalistic social
perception. Incorporating dynamic stimuli (e.g., videos

depicting facial and bodily expressions of pain) or immer-
sive virtual reality environments could evoke more sustained
and emotionally engaging responses, thereby enhancing both
the amplitude and temporal stability of relevant neural sig-
nals. Building on recent findings by Wang et al. (2025a, b),
integrating these paradigms with experimental manipula-
tions that modulate socio-affective engagement (for instance,
through guilt induction, perspective-taking prompts, or
shared-goal contexts) could further increase the neural
specificity and discriminability of second-hand pain repre-
sentations. These manipulations might help disentangle the
cognitive and affective components of empathic processing
and clarify how motivational or moral contexts shape neural
signatures of others’ suffering. Importantly, replicating and
validating such findings with rigorous tests of classification
performance and cross-validation procedures are essen-
tial for establishing their robustness and generalisability.
Together, these methodological advancements could sub-
stantially refine our understanding of the neural mechanisms
underlying second-hand pain processing, offering a more
reliable and context-sensitive framework for interpreting
electrophysiological indices of pain empathy.

Conclusion

In summary, the current study demonstrates that while
observing others’ pain elicits consistent neural responses,
these responses do not straightforwardly reflect individual
differences in trait empathy. Instead, callous-unemotional
traits provide a more sensitive lens for examining variability
in affective responsiveness and motivational salience during
vicarious pain processing. Machine-learning analyses fur-
ther highlighted substantial inter-individual and trial-level
variability, underscoring the challenges of reliably decoding
pain-related neural activity at the single-trial level. Future
research should aim to replicate these effects with larger,
more diverse samples and more ecologically valid paradigms
to establish the reliability and specificity of EEG correlates
of pain empathy.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.3758/s13415-025-01382-1.

Author note The authors would like to offer special thanks to Arkadij
Lobov for his expertise and ongoing support in refining the scripts used
for the EEG analyses.

Authors’ contributions Concept and design: Camara, Sel, Halder.
Acquisition, analysis or interpretation of data: Camara, Halder, Sel,
de Klerk.
Drafting of the manuscript: Camara.
Critical revision of the manuscript for important intellectual con-
tent: Sel, Halder, de Klerk.
Administrative, technical, or material support: Sel, Halder.
Statistical analysis: Camara, Halder.

@ Springer


https://doi.org/10.3758/s13415-025-01382-1

Cognitive, Affective, & Behavioral Neuroscience

Study supervision: Sel.

Funding This research was made possible thanks to the funding pro-
vided by Dr. Alejandra Sel.

Availability of data and materials Available via the Open Science
Framework (OSF) (https://osf.io/f2p9b/?view_only=076befab2730484
cal257d2eb7939d29)

Code availability Available via the OSF (https://ost.io/f2p9b/?view_
only=076befab2730484cal257d2eb7939d29)

Declarations
Conflicts of interest None.

Ethics approval This study was approved by the University of Essex
Science and Health Ethics Sub-committee (Ethics approval number:
ETH2122-0281).

Consent the participate All participants provided written informed
consent prior to enrolment in the study.

Consent for publication Written informed consent was obtained from
participants for the publication of their anonymised results.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Almeida, R., Prata, C., Pereira, M. R., Barbosa, F., & Ferreira-Santos,
F. (2024). Neuronal correlates of empathy: A systematic review
of event-related potentials studies in perceptual tasks. Brain Sci-
ences, 14(5), 504.

Amrhein, V., Greenland, S., & McShane, B. (2019). Scientists rise
up against statistical significance. Nature, 567(7748), 305-307.

Babiloni, C., Brancucci, A., Percio, C. D., Capotosto, P., Arendt-
Nielsen, L., Chen, A. C. N., & Rossini, P. M. (2006). Anticipatory
electroencephalography alpha rhythm predicts subjective percep-
tion of pain intensity. The Journal of Pain, 7(10), 709-717. https://
doi.org/10.1016/j.jpain.2006.03.005

Banissy, M. J., & Ward, J. (2007). Mirror-touch synesthesia is linked
with empathy. Nature Neuroscience, 10(7), 815-816. https://doi.
org/10.1038/nn1926

Bird, G., & Viding, E. (2014a). The self to other model of empathy:
Providing a new framework for understanding empathy impair-
ments in psychopathy, autism, and alexithymia. Neuroscience and
Biobehavioral Reviews, 47, 520-532.

Bird, G., & Viding, E. (2014b). The self to other model of empathy:
Providing a new framework for understanding empathy impair-
ments in psychopathy, autism, and alexithymia. Neuroscience and

@ Springer

Biobehavioral Reviews, 47, 520-532. https://doi.org/10.1016/j.
neubiorev.2014.09.021

Branchadell, V., Poy, R., Ribes Guardiola, P., Segarra, P., & Moltd, J.
(2024). Psychopathic callousness and perspective taking in pain
processing: An ERP study. Social Cognitive and Affective Neuro-
science, 19. https://doi.org/10.1093/scan/nsae022

Brislin, S. J., Perkins, E. R., Ribes-Guardiola, P., Patrick, C. J., & Foell,
J. (2022). Pain processing and antisocial behavior: A multimodal
investigation of the roles of boldness and meanness. Personal-
ity Disorders: Theory, Research, and Treatment, 13(6), 685-696.
https://doi.org/10.1037/per0000556

Byrd, A. L., Kahn, R. E., & Pardini, D. A. (2013). A validation of
the inventory of callous-unemotional traits in a community
sample of young adult males. Journal of Psychopathology and
Behavioral Assessment, 35(1), 20-34. https://doi.org/10.1007/
$10862-012-9315-4

Chen, T., Li, Q., Peng, M., & Li, X. (2023). Moral transgression
modulates empathy for pain: Evidence from ERP and EEG data.
Biological Psychology, 176, Article 108467. https://doi.org/10.
1016/j.biopsycho.2022.108467

Cheng, Y., Yang, C.-Y,, Lin, C.-P,, Lee, P.-L., & Decety, J. (2008).
The perception of pain in others suppresses somatosensory oscil-
lations: A magnetoencephalography study. Neurolmage, 40(4),
1833-1840. https://doi.org/10.1016/j.neuroimage.2008.01.064

Cheng, Y., Hung, A.-Y., & Decety, J. (2012). Dissociation between
affective sharing and emotion understanding in juvenile psycho-
paths. Development and Psychopathology, 24(2), 623-636.

Cogoni, C., Monachesi, B., Mazza, V., Grecucci, A., & Vaes, J. (2023).
Neural dynamics of vicarious physical pain processing reflect
impaired empathy toward sexually objectified versus non-sexually
objectified women. Psychophysiology, 60(12), Article e14400.
https://doi.org/10.1111/psyp.14400

Coll, M.-P. (2018). Meta-analysis of ERP investigations of pain empa-
thy underlines methodological issues in ERP research. Social
Cognitive and Affective Neuroscience, 13(10), 1003—-1017. https://
doi.org/10.1093/scan/nsy072

Coll, M.-P,, Viding, E., Riitgen, M., Silani, G., Lamm, C., Catmur, C.,
& Bird, G. (2017). Are we really measuring empathy? Proposal
for a new measurement framework. Neuroscience and Biobehav-
ioral Reviews, 83, 132—139. https://doi.org/10.1016/j.neubiorev.
2017.10.009

Combrisson, E., & Jerbi, K. (2015). Exceeding chance level by chance:
The caveat of theoretical chance levels in brain signal classifica-
tion and statistical assessment of decoding accuracy. Journal of
Neuroscience Methods, 250, 126—136.

Corbera, S., Ikezawa, S., Bell, M. D., & Wexler, B. E. (2014). Physi-
ological evidence of a deficit to enhance the empathic response
in schizophrenia. European Psychiatry, 29(8), 463—472. https://
doi.org/10.1016/j.eurpsy.2014.01.005

de Tommaso, M., Ricci, K., Conca, G., Vecchio, E., Delussi, M., &
Invitto, S. (2019). Empathy for pain in fibromyalgia patients:
An EEG study. International Journal of Psychophysiology, 146,
43-53. https://doi.org/10.1016/j.ijpsycho.2019.09.007

de Vignemont, F., & Singer, T. (2006). The empathic brain: How, when
and why? Trends in Cognitive Sciences, 10(10), 435-441. https://
doi.org/10.1016/j.tics.2006.08.008

Decety, J., & Meyer, M. (2008). From emotion resonance to empathic
understanding: A social developmental neuroscience account.
Development and Psychopathology, 20(4), 1053—-1080. https://
doi.org/10.1017/50954579408000503. Cambridge Core.

Decety, J., Norman, G. J., Berntson, G. G., & Cacioppo, J. T. (2012).
A neurobehavioral evolutionary perspective on the mechanisms
underlying empathy. Progress in Neurobiology, 98(1), 38-48.
https://doi.org/10.1016/j.pneurobio.2012.05.001

Decety, J., Lewis, K. L., & Cowell, J. M. (2015). Specific electro-
physiological components disentangle affective sharing and


https://osf.io/f2p9b/?view_only=076befab2730484ca1257d2eb7939d29
https://osf.io/f2p9b/?view_only=076befab2730484ca1257d2eb7939d29
https://osf.io/f2p9b/?view_only=076befab2730484ca1257d2eb7939d29
https://osf.io/f2p9b/?view_only=076befab2730484ca1257d2eb7939d29
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jpain.2006.03.005
https://doi.org/10.1016/j.jpain.2006.03.005
https://doi.org/10.1038/nn1926
https://doi.org/10.1038/nn1926
https://doi.org/10.1016/j.neubiorev.2014.09.021
https://doi.org/10.1016/j.neubiorev.2014.09.021
https://doi.org/10.1093/scan/nsae022
https://doi.org/10.1037/per0000556
https://doi.org/10.1007/s10862-012-9315-4
https://doi.org/10.1007/s10862-012-9315-4
https://doi.org/10.1016/j.biopsycho.2022.108467
https://doi.org/10.1016/j.biopsycho.2022.108467
https://doi.org/10.1016/j.neuroimage.2008.01.064
https://doi.org/10.1111/psyp.14400
https://doi.org/10.1093/scan/nsy072
https://doi.org/10.1093/scan/nsy072
https://doi.org/10.1016/j.neubiorev.2017.10.009
https://doi.org/10.1016/j.neubiorev.2017.10.009
https://doi.org/10.1016/j.eurpsy.2014.01.005
https://doi.org/10.1016/j.eurpsy.2014.01.005
https://doi.org/10.1016/j.ijpsycho.2019.09.007
https://doi.org/10.1016/j.tics.2006.08.008
https://doi.org/10.1016/j.tics.2006.08.008
https://doi.org/10.1017/S0954579408000503
https://doi.org/10.1017/S0954579408000503
https://doi.org/10.1016/j.pneurobio.2012.05.001

Cognitive, Affective, & Behavioral Neuroscience

empathic concern in psychopathy. Journal of Neurophysiology,
114(1), 493-504. https://doi.org/10.1152/jn.00253.2015

Dinh, S. T., Nickel, M. M., Tiemann, L., May, E. S., Heitmann, H.,
Hohn, V. D., Edenharter, G., Utpadel-Fischler, D., Tolle, T.
R., & Sauseng, P. (2019). Brain dysfunction in chronic pain
patients assessed by resting-state electroencephalography. Pain,
160(12), 2751-2765.

Dryburgh, N. S. J., & Vachon, D. D. (2019). Relating sex differ-
ences in aggression to three forms of empathy. Personality and
Individual Differences, 151, Article 109526. https://doi.org/10.
1016/j.paid.2019.109526

EasyCap GmbH. (2018). EasyCap equidistant electrode layouts.
https://www.easycap.de

Eisenberg, N., & Miller, P. A. (1987). The relation of empathy to
prosocial and related behaviors. Psychological Bulletin, 101(1),
91.

Fabi, S., & Leuthold, H. (2017). Empathy for pain influences percep-
tual and motor processing: Evidence from response force, ERPs,
and EEG oscillations. Social Neuroscience, 12(6), 701-716.
https://doi.org/10.1080/17470919.2016.1238009

Fabi, S., & Leuthold, H. (2018). Racial bias in empathy: Do we
process dark- and fair-colored hands in pain differently? An
EEG study. Neuropsychologia, 114, 143—157. https://doi.org/
10.1016/j.neuropsychologia.2018.04.024

Fallon, N., Roberts, C., & Stancak, A. (2020). Shared and distinct
functional networks for empathy and pain processing: A system-
atic review and meta-analysis of fMRI studies. Social Cognitive
and Affective Neuroscience, 15(7), 709-723. https://doi.org/10.
1093/scan/nsaa090

Fan, Y., & Han, S. (2008). Temporal dynamic of neural mechanisms
involved in empathy for pain: An event-related brain potential
study. Neuropsychologia, 46(1), 160—173.

Frick, P. J., & White, S. F. (2008). Research review: The impor-
tance of callous-unemotional traits for developmental models
of aggressive and antisocial behavior. Journal of Child Psychol-
ogy and Psychiatry, 49(4), 359-375. https://doi.org/10.1111/j.
1469-7610.2007.01862.x

Frick, P. J., Cornell, A. H., Barry, C. T., Bodin, S. D., & Dane, H. E.
(2003). Callous-Unemotional Traits and Conduct Problems in
the Prediction of Conduct Problem Severity, Aggression, and
Self-Report of Delinquency. Journal of Abnormal Child Psy-
chology., 31(4), 457-70.

Goldfine, A. M., Victor, J. D., Conte, M. M., Bardin, J. C., & Schiff,
N. D. (2011). Determination of awareness in patients with
severe brain injury using EEG power spectral analysis. Clini-
cal Neurophysiology, 122(11), 2157-2168. https://doi.org/10.
1016/j.clinph.2011.03.022

Goémez-Tapia, C., Bozic, B., & Longo, L. (2022). On the Minimal
Amount of EEG Data Required for Learning Distinctive Human
Features for Task-Dependent Biometric Applications. Frontiers
in Neuroinformatics, 16. https://doi.org/10.3389/fninf.2022.
844667

Gonzalez-Liencres, C., Brown, E. C., Tas, C., Breidenstein, A., &
Briine, M. (2016). Alterations in event-related potential responses
to empathy for pain in schizophrenia. Psychiatry Research, 241,
14-21. https://doi.org/10.1016/j.psychres.2016.04.091

Goubert, L., Craig, K. D., Vervoort, T., Morley, S., Sullivan, M. J.,
de Cac, W., Cano, A., & Crombez, G. (2005). Facing others in
pain: The effects of empathy. Pain, 118(3), 285-288.

Harjunen, V. J., Sjo, P., Ahmed, 1., Saarinen, A., Farmer, H., Salm-
inen, M., Jarveld, S., Ruonala, A., Jacucci, G., & Ravaja, N.
(2022). Increasing self—other similarity modulates ethnic bias
in sensorimotor resonance to others’ pain. Social Cognitive and
Affective Neuroscience, 17(7), 673—-682.

Hoenen, M., Liibke, K. T., & Pause, B. M. (2015). Somatosen-
sory mu activity reflects imagined pain intensity of others.

Psychophysiology, 52(12), 1551-1558. https://doi.org/10.1111/
psyp.12522

Hofman, D., & Schutter, D. J. L. G. (2012). Asymmetrical frontal
resting-state beta oscillations predict trait aggressive tendencies
and behavioral inhibition. Social Cognitive and Affective Neuro-
science, 7(7), 850-857. https://doi.org/10.1093/scan/nsr060

Jackson, P. L., Rainville, P., & Decety, J. (2006). To what extent do
we share the pain of others? Insight from the neural bases of pain
empathy. Pain, 125(1), 5-9. https://doi.org/10.1016/j.pain.2006.
09.013

Jauniaux, J., Khatibi, A., Rainville, P., & Jackson, P. L. (2019). A meta-
analysis of neuroimaging studies on pain empathy: Investigating
the role of visual information and observers’ perspective. Social
Cognitive and Affective Neuroscience, 14(8), 789-813. https://doi.
org/10.1093/scan/nsz055

Kaseweter, K. A., Browne, M. E., & Prkachin, K. M. (2022). Insensitiv-
ity to suffering: Psychopathic traits and perception of others’ pain.
Journal of Personality Disorders, 36(5), 583-605.

Kuhlman, W. N. (1978). Functional topography of the human mu
rhythm. Electroencephalography and Clinical Neurophysiology,
44(1), 83-93.

Lamm, C., Decety, J., & Singer, T. (2011). Meta-analytic evidence
for common and distinct neural networks associated with directly
experienced pain and empathy for pain. NeuroImage, 54(3), 2492—
2502. https://doi.org/10.1016/j.neuroimage.2010.10.014

Li, X., Meng, X., Li, H., Yang, J., & Yuan, J. (2017). The impact of
mood on empathy for pain: Evidence from an EEG study. Psycho-
physiology, 54(9), 1311-1322. https://doi.org/10.1111/psyp.12882

Lockwood, P. L. (2016). The anatomy of empathy: Vicarious expe-
rience and disorders of social cognition. Behavioural Brain
Research, 311, 255-266. https://doi.org/10.1016/j.bbr.2016.05.
048

Liibke, K. T., Sachse, C., Hoenen, M., & Pause, B. M. (2020). Mu-sup-
pression as an indicator of empathic processes in lesbian, gay, and
heterosexual adults. Archives of Sexual Behavior, 49(2), 635-644.
https://doi.org/10.1007/s10508-019-01491-2

Mari, T., Henderson, J., Maden, M., Nevitt, S., Duarte, R., & Fallon, N.
(2022). Systematic review of the effectiveness of machine learning
algorithms for classifying pain intensity, phenotype or treatment
outcomes using electroencephalogram data. The Journal of Pain,
23(3), 349-369. https://doi.org/10.1016/j.jpain.2021.07.011

Mari, T., Asgard, O., Henderson, J., Hewitt, D., Brown, C., Stancak,
A., & Fallon, N. (2023a). External validation of binary machine
learning models for pain intensity perception classification from
EEG in healthy individuals. Scientific Reports, 13(1), 242.

Mari, T., Henderson, J., Ali, S. H., Hewitt, D., Brown, C., Stancak,
A., & Fallon, N. (2023b). External validation of machine learn-
ing and EEG for continuous pain intensity prediction in healthy
individuals [Preprint]. bioRxiv. https://doi.org/10.1101/2023.11.
09.566379

Mari, T., Henderson, J., Ali, S. H., Hewitt, D., Brown, C., Stancak, A.,
& Fallon, N. (2023c). Machine learning and EEG can classify
passive viewing of discrete categories of visual stimuli but not the
observation of pain. BMC Neuroscience, 24(1), 50.

Mari, T., Ali, S. H., Pacinotti, L., Powsey, S., & Fallon, N. (2025).
Machine learning classification of active viewing of pain and non-
pain images using EEG does not exceed chance in external valida-
tion samples. Cognitive, Affective, & Behavioral Neuroscience.
https://doi.org/10.3758/s13415-025-01268-2

Maris, E., & Oostenveld, R. (2007). Nonparametric statistical testing of
EEG- and MEG-data. Journal of Neuroscience Methods, 164(1),
177-190. https://doi.org/10.1016/j.jneumeth.2007.03.024

McMeekan, E. R. L., & Lishman, W. A. (1975). Retest reliabilities
and interrelationship of the Annett Hand Preference question-
naire and the Ediburgh Handedness Inventory. British Journal of

@ Springer


https://doi.org/10.1152/jn.00253.2015
https://doi.org/10.1016/j.paid.2019.109526
https://doi.org/10.1016/j.paid.2019.109526
https://www.easycap.de
https://doi.org/10.1080/17470919.2016.1238009
https://doi.org/10.1016/j.neuropsychologia.2018.04.024
https://doi.org/10.1016/j.neuropsychologia.2018.04.024
https://doi.org/10.1093/scan/nsaa090
https://doi.org/10.1093/scan/nsaa090
https://doi.org/10.1111/j.1469-7610.2007.01862.x
https://doi.org/10.1111/j.1469-7610.2007.01862.x
https://doi.org/10.1016/j.clinph.2011.03.022
https://doi.org/10.1016/j.clinph.2011.03.022
https://doi.org/10.3389/fninf.2022.844667
https://doi.org/10.3389/fninf.2022.844667
https://doi.org/10.1016/j.psychres.2016.04.091
https://doi.org/10.1111/psyp.12522
https://doi.org/10.1111/psyp.12522
https://doi.org/10.1093/scan/nsr060
https://doi.org/10.1016/j.pain.2006.09.013
https://doi.org/10.1016/j.pain.2006.09.013
https://doi.org/10.1093/scan/nsz055
https://doi.org/10.1093/scan/nsz055
https://doi.org/10.1016/j.neuroimage.2010.10.014
https://doi.org/10.1111/psyp.12882
https://doi.org/10.1016/j.bbr.2016.05.048
https://doi.org/10.1016/j.bbr.2016.05.048
https://doi.org/10.1007/s10508-019-01491-2
https://doi.org/10.1016/j.jpain.2021.07.011
https://doi.org/10.1101/2023.11.09.566379
https://doi.org/10.1101/2023.11.09.566379
https://doi.org/10.3758/s13415-025-01268-2
https://doi.org/10.1016/j.jneumeth.2007.03.024

Cognitive, Affective, & Behavioral Neuroscience

Psychology, 66(1), 53-59. https://doi.org/10.1111/j.2044-8295.
1975.tb01439.x

Michail, G., Dresel, C., Witkovsky, V., Stankewitz, A., & Schulz, E.
(2016). Neuronal oscillations in various frequency bands differ
between pain and touch. Frontiers in Human Neuroscience, 10,
Article 182.

Motoyama, Y., Ogata, K., Hoka, S., & Tobimatsu, S. (2017). Fre-
quency-dependent changes in sensorimotor and pain affective
systems induced by empathy for pain. Journal of Pain Research,
10, 1317-1326. https://doi.org/10.2147/JPR.S129791

Mu, Y., Fan, Y., Mao, L., & Han, S. (2008). Event-related theta and
alpha oscillations mediate empathy for pain. Brain Research,
1234, 128-136. https://doi.org/10.1016/j.brainres.2008.07.113

Oldfield, R. C. (1971). The assessment and analysis of handedness: The
Edinburgh inventory. Neuropsychologia, 9(1), 97-113. https://doi.
org/10.1016/0028-3932(71)90067-4

Oostenveld, R., Fries, P., Maris, E., & Schoffelen, J.-M. (2011).
Fieldtrip: Open source software for advanced analysis of MEG,
EEG, and invasive electrophysiological data. Computational Intel-
ligence and Neuroscience, 2011, 1-9. https://doi.org/10.1155/
2011/156869

Perry, A., Bentin, S., Bartal, .LB.-A., Lamm, C., & Decety, J. (2010).
“Feeling” the pain of those who are different from us: Modulation
of EEG in the mu/alpha range. Cognitive, Affective, & Behavio-
ral Neuroscience, 10(4), 493-504. https://doi.org/10.3758/CABN.
10.4.493

Ploner, M., Gross, J., Timmermann, L., Pollok, B., & Schnitzler, A.
(2006). Oscillatory activity reflects the excitability of the human
somatosensory system. Neurolmage, 32(3), 1231-1236.

Riecansky, 1., Paul, N., Kolble, S., Stieger, S., & Lamm, C. (2015).
Beta oscillations reveal ethnicity ingroup bias in sensorimotor
resonance to pain of others. Social Cognitive and Affective Neu-
roscience, 10(7), 893-901.

Rommel, C., Paillard, J., Moreau, T., & Gramfort, A. (2022). Data
augmentation for learning predictive models on EEG: A system-
atic comparison. Journal of Neural Engineering, 19(6), Article
066020.

Sakai, J. T., Dalwani, M. S., Mikulich-Gilbertson, S. K., McWilliams,
S. K., Raymond, K. M., & Crowley, T. J. (2016). A behavioral
measure of costly helping: Replicating and extending the asso-
ciation with callous unemotional traits in male adolescents. PLoS
One, 11(3), Article e0151678.

Seara-Cardoso, A., Viding, E., Lickley, R. A., & Sebastian, C. L.
(2015). Neural responses to others’ pain vary with psychopathic
traits in healthy adult males. Cognitive, Affective, & Behav-
ioral Neuroscience, 15(3), 578-588. https://doi.org/10.3758/
s13415-015-0346-7

Singer, T., Seymour, B., O’Doherty, J., Kaube, H., Dolan, R. J., &
Frith, C. D. (2004). Empathy for pain involves the affective but
not sensory components of pain. Science, 303(5661), 1157-1162.
https://doi.org/10.1126/science.1093535

@ Springer

Timmers, 1., Park, A. L., Fischer, M. D., Kronman, C. A., Heathcote, L.
C., Hernandez, J. M., & Simons, L. E. (2018). Is Empathy for Pain
Unique in Its Neural Correlates? A Meta-Analysis of Neuroimag-
ing Studies of Empathy. Frontiers in Behavioral Neuroscience,
12.https://doi.org/10.3389/fnbeh.2018.00289

Vachon, D. D., & Lynam, D. R. (2016). Fixing the problem with empa-
thy: Development and validation of the Affective and Cognitive
Measure of Empathy. Assessment, 23(2), 135-149. https://doi.org/
10.1177/1073191114567941

Vachon-Presseau, E., Roy, M., Martel, M.-O., Albouy, G., Chen, J.,
Budell, L., Sullivan, M. J., Jackson, P. L., & Rainville, P. (2012).
Neural processing of sensory and emotional-communicative infor-
mation associated with the perception of vicarious pain. Neurolm-
age, 63(1), 54-62.

Vaes, J., Meconi, F., Sessa, P., & Olechowski, M. (2016). Minimal
humanity cues induce neural empathic reactions towards non-
human entities. Neuropsychologia, 89, 132—140. https://doi.org/
10.1016/j.neuropsychologia.2016.06.004

Valentini, E., Liang, M., Aglioti, S. M., & lannetti, G. D. (2012). See-
ing touch and pain in a stranger modulates the cortical responses
elicited by somatosensory but not auditory stimulation. Human
Brain Mapping, 33(12), 2873-2884.

Van Dongen, J. D. M., Brazil, I. A., van der Veen, F. M., & Franken, 1.
H. A. (2018). Electrophysiological correlates of empathic process-
ing and its relation to psychopathic meanness. Neuropsychology,
32(8), 996-1006. https://doi.org/10.1037/neu0000477

Wang, H., Zhang, Y., Ao, L., Huang, R., Meng, Y., Jia, S., Zhang, X., &
Liu, Y. (2025a). Can guilt enhance sensitivity to other’s suffering?
An EEG investigation into moral emotions and pain empathy. Cere-
bral Cortex, 35(2), bhae501. https://doi.org/10.1093/cercor/bhae501

Wang, X., Becker, B., & Tong, S. X. (2025b). The power of pain: The
temporal-spatial dynamics of empathy induced by body gestures
and facial expressions. Neuroimage, 310, Article 121148. https://
doi.org/10.1016/j.neuroimage.2025.121148

Whitmarsh, S., Nieuwenhuis, 1., Barendregt, H., & Jensen, O. (2011).
Sensorimotor alpha activity is modulated in response to the obser-
vation of pain in others. Frontiers in Human Neuroscience. https://
doi.org/10.3389/fnhum.2011.00091

Yang, C.-Y., Decety, J., Lee, S., Chen, C., & Cheng, Y. (2009). Gender
differences in the mu rhythm during empathy for pain: An electro-
encephalographic study. Brain Research, 1251, 176—184. https://
doi.org/10.1016/j.brainres.2008.11.062

Zaki, J., & Ochsner, K. N. (2012). The neuroscience of empathy: Pro-
gress, pitfalls and promise. Nature Neuroscience, 15(5), 675-680.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1111/j.2044-8295.1975.tb01439.x
https://doi.org/10.1111/j.2044-8295.1975.tb01439.x
https://doi.org/10.2147/JPR.S129791
https://doi.org/10.1016/j.brainres.2008.07.113
https://doi.org/10.1016/0028-3932(71)90067-4
https://doi.org/10.1016/0028-3932(71)90067-4
https://doi.org/10.1155/2011/156869
https://doi.org/10.1155/2011/156869
https://doi.org/10.3758/CABN.10.4.493
https://doi.org/10.3758/CABN.10.4.493
https://doi.org/10.3758/s13415-015-0346-7
https://doi.org/10.3758/s13415-015-0346-7
https://doi.org/10.1126/science.1093535
https://doi.org/10.3389/fnbeh.2018.00289
https://doi.org/10.1177/1073191114567941
https://doi.org/10.1177/1073191114567941
https://doi.org/10.1016/j.neuropsychologia.2016.06.004
https://doi.org/10.1016/j.neuropsychologia.2016.06.004
https://doi.org/10.1037/neu0000477
https://doi.org/10.1093/cercor/bhae501
https://doi.org/10.1016/j.neuroimage.2025.121148
https://doi.org/10.1016/j.neuroimage.2025.121148
https://doi.org/10.3389/fnhum.2011.00091
https://doi.org/10.3389/fnhum.2011.00091
https://doi.org/10.1016/j.brainres.2008.11.062
https://doi.org/10.1016/j.brainres.2008.11.062

	Individual differences in the empathic experience of pain: An EEG and machine learning approach
	Abstract
	Introduction
	Method
	Participants
	Study design and measures
	Pre-screening
	Online survey
	Lab experiment

	EEG procedure
	Data acquisition

	Data analysis
	Machine learning classification


	Results
	Sample characteristics
	Subjective pain perception
	EEG correlates of perceived pain
	Correlations with empathy and callous-unemotional traits
	Classification performance

	Discussion
	Conclusion
	References


