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ABSTRACT

Empathy seems to rely on our ability to faithfully simulate multiple aspects of others’ inferred experiences, often using
brain structures we would use during a similar experience. Much neuroimaging work in this vein has related empathic
tendencies to univariate correlates of simulation strength or salience. However, novel evidence suggests that empathy
may rely on the multivariate distinctiveness of these simulations. Someone whose representations of painful and non-
painful stimulation are more distinct from each other may more accurately simulate that experience upon seeing
somebody else experience it. We sought to predict empathic tendencies from the dissimilarity between neural activity
patterns evoked by observing other people experience pain and touch and compared those findings to traditional
univariate analyses. In support of a simulationist perspective, diverse observed somatosensory experiences were
best classified by activation patterns in contralateral somatosensory and insular cortices, the same areas that would
be active were the subject experiencing the stimuli themselves. In support of our specific hypothesis, the degree of
dissimilarity between patterns for pain and touch in distinct areas was each associated with different aspects of trait
empathy. Furthermore, the pattern dissimilarity analysis proved more informative regarding individual differences than
analogous univariate analyses. These results suggest that multiple facets of empathy are associated with an ability to
robustly distinguish between the simulated states of others at corresponding levels of the processing hierarchy,
observable via the distinguishability of neural patterns arising with those states. Activation pattern dissimilarity may
be a useful tool for parsing the neuroimaging correlates of complex cognitive functions like empathy.

Keywords: empathy, affective experience, somatosensory resonance, representational dissimilarity, multivariate
analysis

1. INTRODUCTION 2010; Lamm et al., 2016; Ritgen et al., 2021). Converging

Empathy relies on affective, interoceptive, nociceptive, evidence suggests that these processes rely on (and may

somatomotor, and cognitive processes that allow us to
feel and infer, respectively, what another individual is thinking machinery. Impaired somatic and affective expe-
experiencing (Christov-Moore & lacoboni, 2016; Decety rience as is seen in psychopathy and autism may limit
& Meltzoff, 2011; Hartmann et al., 2022; Keysers et al., empathic abilities (Blair et al., 2002; Marcoux et al., 2013;

in turn be biased) by our own feeling, experiencing and
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Sun et al., 2023). Healthy participants administered an
analgesic have been found to be impaired in their ability
to recognize and respond to others’ pain (Mischkowski
et al.,, 2019; Ritgen et al., 2015). This effect was pro-
nounced in a variety of studies combining electroenceph-
alography as well as heart rate variability (De Pascalis &
Vecchio 2022; Vecchio & De Pascalis 2021), which found
that placebo analgesia reduced both self-pain and other
pain. A parallel study showed that placebo analgesia
reduced costly prosocial helping to reduce another’s
pain. Contrasting studies show how comparing a pla-
cebo analgesic to control shows no differences in empa-
thy, questioning the basis of somatosensory sharing
(Hartmann et al., 2021). This identifies a clear need to
further probe the mechanistic role of somatic experience
in affective empathy.

Contemporary theories of brain organization propose
a hierarchical representation of the world (Baldassano
et al., 2017; Hilgetag & Goulag, 2020), where intercon-
nected systems progressively encode more abstract and
intricate aspects of our surroundings, spanning from
basic sensory elements like edges and shapes to con-
ceptual models of others, oneself, and the world. This
ascending complexity parallels increased informational
convergence (Meyer & Damasio, 2009), possibly mapped
onto distinct brain regions. Optimal empathy may rely, in
part, on the granularity of these internal representations,
shedding light on the underlying processes of abstrac-
tion and convergence. It is also crucial to consider the
involvement of different neural networks and whether the
level of detail in neural representations within these net-
works can reliably distinguish between cognitive states.
In the case of empathy, applying this logic to activation
patterns evoked by somatic and affective stimuli may
shed light on the mechanisms behind empathy’s instan-
tiation in the brain.

Recent studies using MVPA find that distinct aspects
of affect and cognition best correspond to specific pat-
terns (rather than cluster-wise intensities) of neural activ-
ity (Celeghin et al.,, 2017; Nummenmaa & Saarimaki,
2019; Scarantino, 2012) in systems like medial prefrontal
cortex (MPFC), inferior frontal gyrus (IFG), posterior
medial cortex (PMC), insula, and amygdalae (Kim et al.,
2015; Peelen et al., 2010; Saarimaki et al., 2016, 2018;
Sachs et al., 2018). Convergent representations of emo-
tion have been found in mMPFC and superior temporal sul-
cus, which appear to accurately classify emotions
presented by either facial or bodily expression (Peelen
et al., 2010). Activation patterns in somatosensory corti-
ces have also been shown to robustly distinguish between
externally expressed emotions (Cao et al., 2018; Kaplan
& Meyer, 2012; Kryklywy et al., 2018; Sachs et al., 2018;
Vaessen et al., 2019). These multivariate methods may

provide insights above and beyond what is found with
traditional univariate studies.

Our empathic understanding of others may arise from
simulations of what it is like to be them. If, as many theo-
ries suggest, we represent the world via hierarchically-
organized representations of features, then deficits (or
high ability) in a given component of these representa-
tions may be reflected in our ability to simulate that type
and level of representation in others. If we take this simu-
lationist hypothesis seriously, it follows that people more
prone to and able to engage empathy may have richer,
more fine-grained internal models of others’ states gen-
erally, and, specifically, that the loci of that grain may
inform the structure of their empathic abilities. In line with
this inference, recent work has found that perspective
taking is predicted by representational dissimilarity during
affective experience in VMPFC (Vaccaro et al., 2022). We
sought to apply this approach to study somatosensory
simulations of others’ states.

Somatosensation, experienced and vicarious, relies
on complex interactions between at least two systems,
thought to subserve the affective and sensory/visceral
components of pain and touch: an affective system,
encompassing the anterior cingulate, paracingulate corti-
ces, orbitofrontal, right dorsolateral and medial prefrontal
cortices; and a somatosensory/visceral system, encom-
passing the somatomotor cortex and insula. This is sup-
ported both by studies dissecting the neural correlates of
experienced somatosensation, and those dissecting the
distinct neural correlates of properties of observed or
inferred somatosensory experience (reviewed in Lamm
et al., 2011).

In the current study, we leveraged multivariate voxel
pattern analysis (MVPA) to examine whether the dissimi-
larity of evoked responses to others’ somatosensory
states are implicated in different facets of empathy, and
study what the loci of dissimilarity can say about their
underpinnings. 70 participants (36 female) filled out a
four-scale measure of empathy (the Interpersonal Reac-
tivity Index), and, within the MRI scanner, observed a
human hand being pierced with a needle (Pain condition),
poked lightly with a g-tip (Touch) or in isolation (Control),
in counterbalanced order. In the first analysis, we aimed
to determine which regions’ activation was most informa-
tive for classifying between three observed somatosen-
sory stimulations (Pain, Touch, Control).

Following our general simulationist hypothesis (partic-
ipants’ own areas for discriminating somatosensory stim-
ulation to the observed area should be most informative),
we anticipated that the contralateral (to the observed
right hand) somatosensory and insular cortices would
have the highest classification accuracy. We then con-
ducted a dissimilarity analysis within a searchlight brain
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mapping procedure (Kriegeskorte, 2006) and regressed
each participant’s empathy subscale scores against
these dissimilarity maps, thus highlighting where this
measure supported each facet of empathic function. We
hypothesized that individual differences in the four empa-
thy subcomponents of the IRI (empathic concern, per-
sonal distress, perspective-taking ability, and fantasizing)
would be reflected in distinct loci of dissimilarity.

2. MATERIALS AND METHODS

2.1. Participants

Participants were 70 ethnically diverse adults aged 18-35
(36 female) recruited from the local community through fli-
ers. All recruitment and experimental procedures were per-
formed under approval of UCLA’s institutional review board,
in accordance with the ethical standards of the institutional
and/or national research committee and with the 1964 Hel-
sinki declaration and its later amendments or comparable
ethical standards. Informed consent was obtained from all
individual participants included in the study.

Eligibility criteria for participants included: right-handed,
no prior or concurrent diagnosis of any neurological, psy-
chiatric, or developmental disorders, and no history of
drug or alcohol abuse. These were all assessed during
preliminary screening interviews conducted by phone at
the time of recruitment.

Due to the novel analysis performed, we were unable to
perform a formal power analysis since the expected effect
sizes could not be known. We aimed for a comparably
large sample size balancing feasibility, cost, and participant
availability. Our sample size is comparable to previous
studies that conducted similar whole brain multivariate
analyses, namely representational similarity analysis (RSA).
A 2015 study that used RSA to understand the representa-
tion of social values and valence with emotional images
had 48 participants, and a 2014 RSA study that similarly
investigated affect had a sample size of only 16 (Chavez &
Heatherton, 2015; Chikazoe et al., 2014). More recent stud-
ies that investigated social cognition such as mentalizing
and creative thought had sample sizes of 61 and 35,
respectively (Golec-Staskiewicz et al., 2022; Matheson
et al., 2023). However, we note that one should apply cau-
tion when comparing sample sizes across studies with dif-
ferent aims and possible effect sizes. It is important to
acknowledge that by basing sample sizes off historical
precedent rather than performing a formal power analysis
may dampen and place an upper limit on the average
power in the field of affective neuroscience. This can lead
to further replication issues due to the “winner’s curse,” in
which findings are artificially inflated because of lower-
than-calculated power (Button et al., 2013).

2.1.1. Stimuli

The stimuli were 27 full-color videos previously used by
Bufalari et al. (2007), and used with permission by their
research group, depicting a human hand being pierced
by a hypodermic syringe (Pain condition) and touched by
a wooden g-tip (Touch condition) in varying locations, as
well as a static hand without stimulation (Control condi-
tion). The experiment consisted of 12 trial blocks lasting
22 s each, plus 8 alternating rest blocks that lasted either
5 s or 10 s. Each trial block consisted of 4 videos of a
single condition (Pain, Touch, Control), 5 s in duration
each, with an interstimulus interval of 400 ms. Partici-
pants were simply instructed to watch the video clips and
did not provide any responses within the scanner. They
were assured that the hand in the video clip was a human
hand and not a model, but they were not instructed to
empathize with the hand’s owner nor were there any
audiovisual cues to indicate pain in the hand’s owner. All
stimuli shown to participants displayed a right hand.

For the task, two different block orders were used, and
controlled to ensure an approximately equal proportion
of male and female participants were exposed to each
block order. The order of the fMRI and behavioral assess-
ment was counterbalanced across participants. All tasks
were coded within Presentation (Neurobehavioral Sys-
tems, Inc.).

2.1.2. Behavioral assessment

After completing the fMRI portion of the experiment, par-
ticipants filled out the following questionnaire in a closed
room, unobserved.

Interpersonal Reactivity Index (IRl): The IRl (Davis,
1980) is a widely used (Avenanti et al., 2009; Pfeifer et al.,
2008) and validated (Litvack-Miller et al., 1997) question-
naire designed to measure both “cognitive” and “emo-
tional” components of empathy. It consists of 24
statements that the participant rates on a 5-point scale
ranging from O (Does not describe me very well) to 5
(Describes me very well). The statements are calculated
to test four theorized subdimensions of empathy:

Fantasizing Scale (FS): the tendency to take the
perspective of fictional characters.

Empathic Concern (EC): sympathetic reactions to the
distress of others.

Perspective Taking (PT): the tendency to take others’
perspective

Personal Distress (PD): aversive reactions to the dis-
tress of others

Scores were summed for each sub-dimension (mea-
sured by 6 items) to make 4 scores per participant. Cron-
bach’s alpha, a measure of reliability, was assessed for
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the IRI using SPSS (FS = 0.756, EC = 0.773, PT = 0.807,
PD = 0.821). The order of the questionnaire and the scan-
ning session was counterbalanced across participants.

2.1.3. fMRI data acquisition

fMRI data were acquired on a Siemens Trio 3 Tesla sys-
tem housed in the Ahmanson-Lovelace Brain Mapping
Center at UCLA. Functional images were collected over
36 axial slices covering the whole cerebral volume using
an echo planar T2#- weighted gradient echo sequence
(TR = 2500 ms; TE = 25 ms; flip angle = 90%; matrix
size = 64 x 64; FOV 20 cm; in-plane resolution =
3 mm x 3 mm; slice thickness = 3 mm/1 mm gap).
Additionally, a high-resolution T1-weighted volume was
acquired in each participant (TR = 2300 ms; TE = 25 ms;
TI = 100 ms; flip angle = 8x; matrix size = 192 x 192;
FOV = 256 cm; 160 slices), with approximately 1 mm iso-
metric voxels (1.3 mm x 1.3 x 1.0 mm).

2.2. Preprocessing

Analyses were performed in FEAT (FMRI Expert Analysis
Tool), part of FSL (FMRIB’s Software Library, http://
www.fmrib.ox.ac.uk/fsl). After motion correction using
MCFLIRT, images were temporally high-pass filtered
with a cutoff period of 70 s for SE, (approximately equal
to one rest-task-rest-task period) and smoothed using a
6 mm Gaussian FWHM algorithm in three dimensions.
Each participant’s functional data was coregistered to
standard space (MNI 152 template) via registration of an
averaged functional image to the high-resolution T1-
weighted volume using a six degree-of-freedom linear
registration and of the high-resolution T1-weighted vol-
ume to the MNI 152 template via nonlinear registration,
implemented in FNIRT. In order to remove non-neuronal
sources of coherent oscillation in the relevant frequency
band (0.01-0.1 Hz), preprocessed data were subjected
to probabilistic independent component analysis as
implemented in MELODIC (Multivariate Exploratory Lin-
ear Decomposition into Independent Components) Ver-
sion 3.10, part of FSL (FMRIB’s Software Library). Noise
components corresponding to head motion, scanner
noise, and cardiac/respiratory signals were identified by
observing their localization, time series, and spectral
properties (as per Kelly et al., 2010) and removed using
FSL'’s regfilt command.

2.2.1. fMRI analysis

The BOLD response was modeled using an explanatory
variable (EV) consisting of a boxcar function describing
the onset and duration of each relevant experimental

condition (task conditions, rest, instruction screen) con-
volved with a double gamma HRF to produce an expected
BOLD response. The temporal derivative of each task EV
was also included. Functional data were then fitted to the
model using FSL’s implementation of the general linear
model. This resulted in three normalized z statistic maps
corresponding to each participant’s “activation” patterns
for each condition (pain, touch, control). We utilized this
approach (rather than single trial regressors) for subse-
quent analyses so as to obtain the most robust and con-
sistent intra-participant patterns that could account for
inter-participant variability. The z-stat maps were trans-
formed to MNI standard space using the functional-to-
standard transformation matrices produced by FNIRT
during initial registration (see above) to create identically
sized and shaped images (91 x 109 x 91 voxels), which
were used for all subsequent analyses.

Second-level analyses were carried out to examine
the interaction between individual levels of empathy
measured using the Interpersonal Reactivity Index (IRI)
and activation patterns from first-level z-stat maps. These
results were thresholded with Randomise, using 30,000
permutations of group label. The resulting images were
cluster corrected at a z-threshold of 2.3 and a p-value
cutoff of 0.05.

2.3. MVPA analysis

2.3.1. Somatomotor simulation analysis

Alll MVPA analyses were conducted using PyMVPA
(Hanke et al., 2009), in combination with LibSVM’s
(http://www.csie.ntu.edu.tw/~cjlin/libsvm/) implementa-
tion of the linear support vector machine (SVM), which
allows for the integration of multiple binary classifiers
using a “one-against-one method” (Hsu & Lin, 2002). For
the SVM, we used a linear kernel and PyMVPA’s default
regularization parameter C, which chooses this parame-
ter automatically according to the Euclidean norm of the
data. First, a whole-brain searchlight analysis (Kriegeskorte,
2006) was conducted to identify regions whose activa-
tion patterns permitted for a successful classification
between the three somatosensory conditions (pain,
touch, control). For this analysis, the input data to the
classifier was a single 4D image file combining z-stat
maps for each condition and participant, resulting in a
total of 210 concatenated images (70 participants x 3
conditions). We centered an approximately spherical
ROI (3 voxel radius) at each voxel in the brain and used
the z-values from voxels within each sphere as a feature
set in each of three binary support vector machine (SVM)
classifications (pain vs. touch, pain vs. control, touch
vs. control). Classification accuracy was assessed in a
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leave-one-participant-out cross-validation where the
classifier was trained on all participants’ data except
one, and then tasked with labeling the remaining partici-
pant’s data. Leave-one-out cross-validation was chosen
since the MVPA analysis was not aimed at finding indi-
vidual differences. The resulting average accuracy over
all folds of the cross-validation was mapped to the cen-
ter voxel of the sphere, resulting in a voxel wise map of
across-participant classification accuracies.

2.3.2. Somatomotor simulation: statistical
thresholding

To enhance the replicability of our findings and isolate the
most informative regions, we opted for a resel-wise Bon-
ferroni correction in order to correct for multiple compar-
isons: we determined the total number of approx. 3 voxel
radius non-overlapping spheres that could fit in the stan-
dard brain (~725) and divided 0.05 by this number to
determine our alpha (6.89 *10-5)(Kaplan & Meyer, 2012).
We established that this resel-wise Bonferroni corrected
significance of 0.05 corresponded to a significant classi-
fication threshold of 46% (97 out of 210 total classifica-
tions) according to the binomial inverse cumulative

distribution function.
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2.3.3. Dissimilarity searchlight analysis

A dissimilarity analysis was performed to investigate aver-
age dissimilarity in the brain’s representation of somato-
motor states across various regions of interest. Within
each participant, we used the uncorrected z-statistic for
the three observed somatosensory conditions (Pain,
Touch, Control). We used a modified representational sim-
ilarity analysis technique that focused on calculating the
difference between neural representations of our three
somatosensory conditions. This analysis was performed
across three contrasts: Pain vs. Control, Pain vs. Touch,
and Touch vs. Control (see Fig. 1). Leveraging the same
searchlight procedure (and parameters) outlined above, we
calculated the Euclidean distance between vectorized
voxel z-stat values within each sphere, resulting in three
dissimilarity maps with values ranging between zero and
two for each participant. The dissimilarity analysis was
performed within each subject since it was not a classifi-
cation analysis.

2.3.4. Empathy correlation analysis

Each of the three dissimilarity searchlight outputs (Pain
vs. Control, Pain vs. Touch, and Touch vs. Control) were
correlated with each of the four IRl subscale scores across

c)
Pain vs Control

d(x, y) Dissimilarity Value

N
<
N

\l Pain vs Touch
/)'
d(x, y) Dissimilarity Value

\\\1 Touch vs Control

d(x, y) Dissimilarity Value

Dissimilarity searchlight analysis. (a) Within each participant, we created a spherical region of interest (ROI)

around every voxel of the brain across the uncorrected z-statistic maps for all three SE conditions. Within these ROI’s,
we vectorized the voxel z-stat values for the three conditions, (b) calculated the Euclidean distance between each pair of
condition vectors (see equation above). This resulted in three dissimilarity values for each of the three contrasts, Pain vs.
Control, Pain vs. Touch, and Touch vs. Control. Dissimilarity values were calculated for all possible ROls in the brain and
mapped to the center voxel of each; (c) this resulted in three dissimilarity maps per participant, averaged here to display
regions in which patterns of neural activation showed higher levels of dissimilarity across the somatosensory states. We
then regressed individual trait empathy scores from the Interpersonal Reactivity Index against these dissimilarity maps.
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Univariate Results Across
Pain, Touch, Control Contrasts

a) Pain vs Touch

0.95
(1- p-value)

Fig. 2. Univariate results for the pain condition contrasted with the touch condition and pain contrasted with control.

The touch condition contrasted with control showed no significant group-level results. Relevant regions included the
bilateral somatosensory cortex, bilateral insula, thalamus, and regions of the brainstem and cerebellum. The pain vs. touch
contrast specifically displayed a significant cluster in the medial cingulate cortex.

participants. This was performed in order to understand if
the differences in activation across conditions had any
relationship with subdimensions of empathy. Using FSL’s
Randomize tool, we ran both positive and negative con-
trasts (correlations) for all four IRl subscales, demeaned,
with all three dissimilarity contrasts across all participants.
The analysis was performed with Threshold-Free Cluster
Enhancement (TFCE), a thresholding method that encodes
the level of cluster-like local spatial support in the voxel
values rather than having to define an arbitrary cluster
threshold, which has been shown to drastically affect
results (S. M. Smith & Nichols, 2009). We reported the
family-wise error corrected inverse p-value (1-p, where a
value of 1 is the most significant).

3. RESULTS

3.1. All results are reported within-text using the
peak accuracy and coordinates for each region

3.1.1. Univariate analyses

3.1.1.1. Complementary univariate analyses were run
for comparison. Group mean results for pain, touch, and
control conditions displayed activation across broad
visual and somatosensory regions, as well as throughout
multiple regions of the default mode network. None of
these three conditions’ parameter estimate maps signifi-
cantly correlated with any of the four IRl subscales.
Group-level contrasts for pain vs. touch as well as pain vs.
control showed similar regions of activation, with regions
that activated more for the pain condition compared to

touch, including somatosensory cortex as well as wide-
spread areas of the visual cortex (Fig. 2). Areas that
activated more for the touch condition compared to
pain included the cerebellum and smaller regions of the
somatosensory cortex. The pain vs. touch contrast posi-
tively correlated with the Fantasizing subscale of the IRI
within areas of the precuneus (Z = 3.2, p = 0.05) and cin-
gulate gyrus (Z = 2.6, p = 0.05) as well as a cluster in the
cerebellum (Z = 2.9, p = 0.05). This contrast did not
correlate positively or negatively with any of the other IRI
subscales. The group-level contrast for pain vs. control
mirrored the results of the pain vs. touch contrast, identi-
fying similar but more widespread regions that activated
more for the pain condition compared to the control con-
dition. Areas that activated more for the control condition
compared to the pain condition included a large portion of
the precuneus as well as clusters throughout the somato-
sensory cortex. The touch vs. control condition did not
show any significant activation as a group-level contrast.
The pain vs. control and touch vs. control contrasts did
not show significant correlations with any of the IRI sub-
scales. We additionally contrasted (pain + touch) vs. con-
trol, which did not significantly correlate with any of the
four IRI subscales.

3.1.2. Whole brain searchlight

Multiple regions significantly supported classification of
observed somatosensory states (i.e., Pain vs. Touch vs.
Control), even using the more conservative (resel-wise
Bonferroni-corrected) threshold (see Fig. 3).
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Classifying Pain vs Touch vs Hand

56%

Classification accuracy %

Fig. 3. Accuracy of somatosensory classification searchlight. Areas in red indicate where patterns of activation best
allow discrimination between hand-viewing conditions. These are strongest in inferior somatomotor, premotor areas

contralateral to the observed hand, and bilateral visual areas.

Table 1. Dissimilarity (Euclidean distance values).

Condition Region of interest Neurosynth associations MNI coordinates Value

Pain vs. Touch Right Paracingulate Gyrus Audiovisual perception, working memory 442 30 1.60
Right Frontal Pole Theory of mind, recognition 12 46 32 1.58
Right Supplementary Motor planning & execution 4262 1.52
Motor Cortex

Pain vs. Control Left Frontal Pole Accuracy, predictive judgments -30 50 34 1.91
Left Precentral Gyrus Motor control, imitation -60 0 36 1.88

Touch vs. Control Left Frontal Pole Information processing & retrieval -34 46 38 1.85
Left Precentral Gyrus Premotor cortex, action representation -60 -2 36 1.86

These included Left Primary motor cortex (x = -44,
y = -18, z = 42, accuracy = 66%), Primary Somatosen-
sory Cortex (x = -44, y = -22, z = 36, accuracy = 66%),
Secondary Somatosensory Cortex (x = -48, y = -22,
z = 23, accuracy = 67%), Left Inferior parietal Lobe
(x = -60, y = -30, z = 27, accuracy = 66%), Left Broca’s
Ares BA44 (x = -49,y =9, z = 27, accuracy = 62%), Left
V5 (x = 40, y = -68, z = 0, accuracy = 61%), Right V5
(x =-38,y =-71, z =3, accuracy = 61%), and Left SlI/
Insula (x =-37,y =6, z= 16, accuracy = 61%).

3.2. Representational dissimilarity analysis

Regions that displayed the highest levels of dissimilarity
varied across the three contrasts. Contrast maps dis-
played Euclidean values that ranged from 0 to 2 and were
thresholded at 1.5 report areas with the highest levels of
dissimilarity. However, overall dissimilarity for each con-
trast was seen in regions throughout the brain and over-
lapped with many of the areas that correlated with the IRI
subscales (see Supplemental Fig. 1 & Table 1).

For the Pain vs. Touch contrast, this included the
Paracingulate Gyrus (x = 4,y = 42, z = 30, ED = 1.60) as
well as an area of the Supplementary Motor Cortex (x = 4,
y =2,z =62, ED = 1.52). The Pain vs. Control and Touch
vs. Control contrasts had highest levels of dissimilarity in
similar areas of the Frontal Pole (Pain vs. Control: x = -30,
y = 50, z = 34, ED = 1.91; Touch vs. Control: x = -34,

y = 46, z = 38, ED = 1.85) and Precentral Gyrus (Pain vs.
Control: x =-60, y =0, z = 36, ED = 1.88; Touch vs. Con-
trol: x =-60,y =2, z= 36, ED = 1.86).

The Pain vs. Control contrast showed significant posi-
tive correlation with the Empathic Concern subscale, most
prominently in the bilateral Postcentral Gyrus (Left: x = -56,
y = -20, z = 38, FWE-corrected p < 0.01; Right: x = 50,
y = -26, z = 56, FWE-corrected p < 0.03). There was also
significant correlation in areas of the Superior Temporal
Gyrus (x = 48,y = -2, z = 12, FWE-corrected p < 0.03),
Frontal Pole (x =26, y = 48, z= 32, FWE-corrected p < 0.5),
and Paracingulate Gyrus (x = 2, y = 46, z = 12, FWE-
corrected p < 0.5) (see Fig. 4a). The Touch vs. Control
condition showed positive correlations with multiple IR
subscales, namely Empathic Concern, Fantasy, and
Personal Distress (see Fig. 4b). Touch vs. Control was
most significantly correlated with the Fantasy subscale,
specifically in the right Lateral Occipital Cortex (x = 24,
y = -78, z = 22; FWE-corrected p < 0.02). It showed sig-
nificant correlation with the Empathic Concern in the left
Lateral Occipital Cortex (x = -30, y = -74, z = 38; FWE-
corrected p < 0.05) and with the Personal Distress sub-
scale in the Frontal Pole (x = 20, y = 40, z = -16;
FWE-corrected p < 0.05). The Pain vs. Touch contrast did
not show any significant correlations with either of the
four IRI subscales across participants. None of the nega-
tive correlations were significant across any contrast and
empathy subscale (see Table 2).
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Fig. 4. Areas where higher levels of dissimilarity in activation patterns were positively correlated with empathic
subdimensions. a) Pain vs Control contrast correlated with the Empathic Concern subscale. b) Touch vs Control contrast
correlated with the Fantasizing, Personal Distress, and Empathic Concern subscales.

4. DISCUSSION

We found multiple regions in which pattern dissimilarity
of BOLD signal changes across voxels while observing
distinct somatosensory experiences allowed us to clas-
sify the states being observed and predict individual dif-
ferences in empathic traits. Importantly, the multivariate
analyses conducted improved upon our initial univariate
findings by identifying regions in which the granularity of
neural representations related to individual empathic
differences. Broadly, the fact that the most informative
regions were in the participants’ own somatosensory and
interoceptive cortices suggests that some form of simu-
lation is at play during these experiences. Specifically,
the locations of regions implicated in predicting empathic
function may be informative, as we will discuss below.

4.1. Univariate analyses

Regions that were active for the pain condition compared
to both touch or control conditions were widespread
throughout the brain and provided little specificity in terms
of how these regions may relate to individual empathic
traits. These regions spanned visual and somatosensory
cortices, as would be expected when viewing stimuli that
varied in terms of the sensory experience. Few of these

results provided any insight into individual empathic dif-
ferences, with only the Pain vs. Touch contrast signifi-
cantly correlating with any of the four IRl subscales in
specific nodes of the default mode network. Importantly,
when correlating both Pain and Touch vs. Control with all
four subscales, we did not have any significant results, as
well as with the Touch vs. Control contrast. However, the
lack of significant correlations and conflicting results sug-
gested the need for a more granular investigation into the
underlying patterns of these neural representations.

4.2. Classification of vicarious states

Observed somatosensory states occurring in response
to a right hand were best classified by patterns in con-
tralateral primary and secondary somatosensory cortex,
the same areas that would be active were the participant
experiencing the sensory stimuli themselves. This sup-
ports a simulationist interpretation of this finding (Oliver
et al., 2018; Vollberg et al., 2021). Many previous studies
have found that there is significant overlap between net-
works supporting pain, and empathy upon observing
the same type of pain (Lamm et al., 2011). In addition,
classification was informed by areas traditionally asso-
ciated with the human mirror neuron system (inferior
parietal lobe and broca’s area BA44). These results
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Table 2. Empathy trait correlations.

Condition IRI subscale Region of interest Neurosynth associations ~ MNI coordinates  p-value
Pain vs. Control Empathic Left Postcentral Gyrus Primary somatosensory -56 -20 38 0.01
Concern cortex
Right Postcentral Gyrus Somatosensory cortex 50 -26 56 0.03
(hand area)
Superior Temporal Gyrus Language & music 48 -2 -12 0.03
perception
Right Frontal Pole Response inhibition 26 48 32 0.04
Right Paracingulate Gyrus  Decision-making, conflict 24612 0.04
Touch vs. Control  Fantasy Right Lateral Occipital Spatial & motion 24 -78 22 0.02
Scale Cortex processing
Touch vs. Control ~ Personal Orbital Frontal Cortex Decision-making & value 20 40-16 0.02
Distress
Touch vs. Control  Empathic Left Lateral Occipital Memory retrieval, -30 -74 38 0.02
Concern Cortex simulation

agree with prior findings showing that the human mirror
neuron system supports observation of others’ internal
states, and that observed somatomotor experience
affects motor cortex excitability (Avenanti et al., 2005;
Fadiga et al., 1995).

4.3. Dissimilarity analysis

Across the three dissimilarity contrasts, the Pain vs. Con-
trol contrast was most significantly correlated with
empathic concern, specifically based on patterns of
activity in the left Postcentral Gyrus. These results indi-
cate that larger differences in patterns of activity within
sensory regions, such as the primary somatomotor cor-
tex, show a relationship with higher self-reported mea-
sures of “other-related” sympathetic feelings. This further
highlights the influence of bottom-up sensory represen-
tations of somatosensory states. The Touch vs. Control
contrast was correlated with both empathic concern as
well as the fantasy subscale, however in higher level
visual areas, primarily the Lateral Occipital Cortex. This
emphasizes a separate sensory input that may be affect-
ing individual empathetic traits. Interestingly, no region’s
degree of dissimilarity was negatively associated a sub-
facet of empathy, suggesting that the uniqueness of pat-
terns generated for observed pain, touch, and body part
viewing may generally be associated with increased ten-
dencies across subfacets of empathy.

We observe correlations with areas of Pain vs. Control
dissimilarity, and Touch vs. Control dissimilarity, but not
Pain vs. Touch, supporting distinct hierarchies for tac-
tile and nociception, additionally suggesting that fine-
grained vicarious nociception is less relevant for aspects
of empathy other than empathic concern. These results
underline the computational advantage of using novel
multivariate methods as they elucidate findings that

were unable to be identified with standard univariate
methods. With univariate analyses, we did not find any
significant results with the Touch vs. Control contrast,
either on a group level or across correlations with IRl
subscales. Using our dissimilarity analysis, we found
group-level differences in Touch vs. Control as well as
significant correlations with IRl subscales of empathic
concern and fantasy, presumably due to these results
relying upon the grain of neural patterns rather than gen-
eral levels of activation.

Global theories of brain organization converge on the
idea that the brain represents aspects of the world via
nested, hierarchical imagetic patterns. These represent,
in ascending order, increasingly abstract, diverse, and
complex features of the world ranging from basic sensory
features all the way up to cognitive models of other living
agents. This scheme relies not only on abstraction but
also on integration—thus, areas can be understood not
only by their level of abstraction/complexity, but also by
the degree of information convergence. These may
include integrated affective interoceptive inferential cog-
nitive information that is quite complex. Hence, examin-
ing which systems’ representations are most associated
with different types of empathic ability may shed light on
the modalities and level of abstraction that are employed
in each sub process.

Thus, it is interesting to note that fantasizing seems to
rely on the distinctiveness of representations in areas
involved in visual perception such as the lateral occipital
cortex, personal distress on distinctiveness in affective
areas (VMPFC). Conversely, we can see how somatomo-
tor and visceral representations seem to be useful for
empathic concern coupled with representations and
areas involved in the high-level representation of affective
states. Thus, the hierarchical position, the level of inte-
gration represented putatively by implicated areas, and



R. Lulla, L. Christov-Moore, A. Vaccaro et al.

Imaging Neuroscience, Volume 2, 2024

complexity of these patterns are informative for under-
standing how a given process is served by the brain.
While fMRI studies typically do not show such lateraliza-
tion in “mirroring” responses, such patterns have been
observed in TMS studies (Avenanti et al., 2005, 2006).
Our dissimilarity-based method may detect lateralization
(and actual sensorimotor simulation processes) better
than univariate methods, suggesting intriguing conclu-
sions about neural representations of others’ states
within neuroimaging data. However, further study (using
opposite-side hand images) will be necessary to demon-
strate this conclusively.

Limitations of this study include the nature in which
empathy measures were collected. Importantly, we col-
lected only trait empathy measures reliant upon self-
report surveys and had no measures of state empathy.
Additional studies could expand upon our findings by
including state-level empathy measures along with the
self-report IRl scale, such as having participants report
their empathic state at various points within the scan.
This could take multiple forms, such as having partici-
pants describe their emotional state in the moment, the
amount of pain they perceive in others, or the extent they
are feeling distressed by the vicarious experience. Our
use of a block design limits our interpretation of parame-
ter estimates arising from each block, which can be due
to overall differences throughout or changes throughout
the block. We acknowledge the possibility that individual
differences in empathic ability may be observable in
these within-block dynamics but have elected not to
examine this in the current study.

Overall, these results demonstrate that the degree of
self-reported empathic tendencies is strongly correlated
with the distinctiveness of neural somatic representations.
Follow-up work could examine neural dissimilarity between
an individual observing pain and them actually receiving
painful simulation to a) account for individual differences
in empathic traits and b) track longitudinal changes in
cognitive vs. affective empathy training. In conclusion, our
findings not only illustrate the importance of leveraging
advanced multivariate techniques to understand complex
aspects of cognition, but also provide evidence for simu-
lationist theories of empathy. This is augmented by the
additional finding that distinctiveness of neural patterns
within specific sets of regions relates to individual differ-
ences in trait empathy, further suggesting that effective
empathy relies on the fidelity of multiple facets of individ-
uals’ internal simulation of observed states.

The approach described here provides useful informa-
tion about neuropsychological correlates complementary
to univariate analyses of activation. This approach may
be fruitfully employed to assess outcomes, ability, and
dysfunction as well as generally elucidate brain behavior

10

relationships involved in complex processes. These find-
ings provide a framework for understanding conditions of
social cognition as arising from impaired capability for
experience (as seen in psychopathy or autism). Repre-
sentational dissimilarity may present a rare case of an
analytical approach to complex neuroimaging data that
reflects a computational property of the underlying sub-
strate.

DATA AND CODE AVAILABILITY

All data and code are hosted on the Open Science Foun-
dation, identifier: DOI 10.17605/0OSF.I0/DAQ9Z.

AUTHOR CONTRIBUTIONS

L.C.-M. and M.I. conceived of the study and obtained the
data. R.L., L.C.-M., and J.T.K. analyzed the data. L.C.-M.
and R.L. designed and composed the figures. R.L.,
L.C.-M., AV,, M.l,, N.R., and J.T.K. contributed to inter-
preting results and writing the manuscript. R.L. under-
took final analyses and revisions under supervision of
L.C.-M. and J.T.K.

DECLARATION OF COMPETING INTEREST

No, | declare the authors have no competing interests as
defined by Imaging Neuroscience, or other interests that
might be perceived to influence the interpretation of the
article.

ACKNOWLEDGMENTS

This work is made possible in part by funds from the
National Institute of Mental Health (MH097178) to M.1.,
Templeton World Charity Foundation (TWCF0334) to
J.T.K,, and Tiny Blue Dot Foundation to N.R. and L.C.-M.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available with
the online version here: https://doi.org/10.1162/imag_a
_00110.

REFERENCES

Avenanti, A., Bueti, D., Galati, G., & Aglioti, S. M.
(2005). Transcranial magnetic stimulation highlights
the sensorimotor side of empathy for pain. Nature
Neuroscience, 8(7), 955-960. https://doi.org/10.1038
/nn1481

Avenanti, A., Minio-Paluello, I., Bufalari, I., & Aglioti,
S. M. (2006). Stimulus-driven modulation of motor-
evoked potentials during observation of others’ pain.
Neuroimage, 32(1), 316-324. https://doi.org/10.1016/j


https://doi.org/10.1162/imag_a_00110
https://doi.org/10.1162/imag_a_00110
https://doi.org/10.1038/nn1481
https://doi.org/10.1038/nn1481
https://doi.org/10.1016/j.neuroimage.2006.03.010

R. Lulla, L. Christov-Moore, A. Vaccaro et al.

Imaging Neuroscience, Volume 2, 2024

.neuroimage.2006.03.010 [Erratum in: Neuroimage 2008.
doi:10.1016/j.neuroimage.2008.09.014. Minio Paluello,
llaria [corrected to Minio-Paluello, llaria). Erratum in:
Neuroimage 2009, 44(1), 294].

Avenanti, A., Minio-Paluello, I., Bufalari, I., & Aglioti, S. M.
(2009). The pain of a model in the personality of an
onlooker: influence of state-reactivity and personality
traits on embodied empathy for pain. Neuroimage, 44(1),
275-283.

Baldassano, C., Chen, J., Zadbood, A., Pillow, J. W.,
Hasson, U., & Norman, K. A. (2017). Discovering event

structure in continuous narrative perception and memory.

Neuron, 95(3), 709.e5-721.e5. https://doi.org/10.1016/j
.neuron.2017.06.041

Blair, R., Mitchell, D., Richell, R., Kelly, S., Leonard,
A., Newman, C., & Scott, S. (2002). Turning a deaf
ear to fear: Impaired recognition of vocal affect
in psychopathic individuals. Journal of Abnormal
Psychology, 111, 682-686. https://doi.org/10
.1037//0021-843X.111.4.682

Bufalari, 1., Aprile, T., Avenanti, A., Di Russo, F., & Aglioti,
S. M. (2007). Empathy for pain and touch in the human

somatosensory cortex. Cerebral cortex, 17(11), 2553-2561.

Button, K. S., loannidis, J. P,, Mokrysz, C., Nosek, B. A,,
Flint, J., Robinson, E. S., & Munafd, M. R. (2013). Power
failure: Why small sample size undermines the reliability
of neuroscience. Nature Reviews Neuroscience, 14(5),
365-376. https://doi.org/10.1038/nrn3475

Cao, L., Xu, J., Yang, X., Li, X., & Liu, B. (2018). Abstract
representations of emotions perceived from the
face, body, and whole-person expressions in the left
postcentral gyrus. Frontiers in Human Neuroscience, 12,
419. https://doi.org/10.3389/fnhum.2018.00419

Celeghin, A., Diano, M., Bagnis, A., Viola, M., & Tamietto,
M. (2017). Basic emotions in human neuroscience:
Neuroimaging and beyond. Frontiers in Psychology, 8,
1432. https://doi.org/10.3389/fpsyg.2017.01432

Chavez, R. S., & Heatherton, T. F. (2015). Representational
similarity of social and valence information in the medial
pFC. Journal of Cognitive Neuroscience, 27(1), 73-82.
https://doi.org/10.1162/jocn_a_00697

Chikazoe, J., Lee, D. H., Kriegeskorte, N., & Anderson,

A. K. (2014). Population coding of affect across stimuli,
modalities and individuals. Nature Neuroscience, 17(8),
1114-1122. https://doi.org/10.1038/nn.3749

Christov-Moore, L., & lacoboni, M. (2016). Self-other
resonance, its control and prosocial inclinations: Brain—
behavior relationships. Human Brain Mapping, 37(4),
1544-1558. https://doi.org/10.1002/hbm.23119

Davis, M. H. (1980). A multidimensional approach to
individual differences in empathy. JSAS Catalog of
Selected Documents in Psychology, 10, 85.

De Pascalis, V., & Vecchio, A. (2022). The influence of
EEG oscillations, heart rate variability changes, and
personality on self-pain and empathy for pain under
placebo analgesia. Scientific Reports, 12(1), 6041.
https://doi.org/10.1038/s41598-022-10071-9

Decety, J., & Meltzoff, A. N. (2011). Empathy, imitation, and

the social brain. In A. Coplan & P. Goldie (Eds.), Empathy:

Philosophical and psychological perspectives (pp.
58-81). Oxford University Press. https://doi.org/10.1093
/acprof:0s0/9780199539956.003.0006

Fadiga, L., Fogassi, L., Pavesi, G., & Rizzolatti, G. (1995).
Motor facilitation during action observation: a magnetic
stimulation study. Journal of neurophysiology, 73(6),
2608-2611.

Golec-Staskiewicz, K., Pluta, A., Wojciechowski, J.,
Okruszek, k., Haman, M., Wysocka, J., & Wolak, T.

(2022). Does the TPJ fit it all? Representational similarity
analysis of different forms of mentalizing. Social
Neuroscience, 17(5), 428-440. https://doi.org/10.1080
/17470919.2022.2138536

Hanke, M., Halchenko, Y. O., Sederberg, P. B., Hanson,

S. J., Haxby, J. V., & Pollmann, S. (2009). PyMVPA: A
python toolbox for multivariate pattern analysis of fMRI
data. Neuroinformatics, 7, 37-53.

Hartmann, H., Forbes, P. A. G., Ritgen, M., & Lamm, C.
(2022). Placebo analgesia reduces costly prosocial
helping to lower another person’s pain. Psychological
Science, 33(11), 1867-1881. https://doi.org/10.1177
/09567976221119727

Hartmann, H., Ritgen, M., Riva, F, & Lamm, C. (2021).
Another’s pain in my brain: No evidence that placebo
analgesia affects the sensory-discriminative component
in empathy for pain. Neuroimage, 224, 117397. https://
doi.org/10.1016/j.neuroimage.2020.117397

Hilgetag, C. C., & Goulas, A. (2020). ‘Hierarchy’ in
the organization of brain networks. Philosophical
Transactions of the Royal Society of London. Series B,
Biological Sciences, 375, 20190319. https://doi.org/10
.1098/rstb.2019.0319

Hsu, C. W., & Lin, C. J. (2002). A comparison of
methods for multiclass support vector machines. IEEE
transactions on Neural Networks, 13(2), 415-425.

Kaplan, J. T., & Meyer, K. (2012). Multivariate pattern analysis
reveals common neural patterns across individuals during
touch observation. Neuroimage, 60(1), 204-212. https://
doi.org/10.1016/j.neuroimage.2011.12.059

Kelly Jr, R. E., Alexopoulos, G. S., Wang, Z., Gunning, F. M.,
Murphy, C. F, Morimoto, S. S, ... & Hoptman, M. J.
(2010). Visual inspection of independent components:
Defining a procedure for artifact removal from fMRI data.
Journal of neuroscience methods, 189(2), 233-245.

Keysers, C., Kaas, J., & Gazzola, V. (2010).
Somatosensation in social perception. Nature Reviews
Neuroscience, 11, 417-428. https://doi.org/10.1038
/nrn2833

Kim, J., Schultz, J., Rohe, T., Wallraven, C., Lee, S.-W.,

& Bulthoff, H. H. (2015). Abstract representations of
associated emotions in the human brain. Journal of
Neuroscience, 35(14), 5655-5663. https://doi.org/10
.1523/jneurosci.4059-14.2015

Kriegeskorte, N., Goebel, R., & Bandettini, P. (2006).
Information-based functional brain mapping.
Proceedings of the National Academy of Sciences,
103(10), 3863-3868.

Kryklywy, J. H., Macpherson, E. A., & Mitchell, D. G. (2018).
Decoding auditory spatial and emotional information
encoding using multivariate versus univariate techniques.
Experimental Brain Research, 236(4), 945-953. https://
doi.org/10.1007/s00221-018-5185-7

Lamm, C., Bukowski, H., & Silani, G. (2016). From shared to
distinct self-other representations in empathy: Evidence
from neurotypical function and socio-cognitive disorders.
Philosophical Transactions of the Royal Society of
London. Series B, Biological Sciences, 371(1686),
20150083. https://doi.org/10.1098/rstb.2015.0083

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

Litvack-Miller, W., McDougall, D., & Romney, D. M. (1997).
The structure of empathy during middle childhood and
its relationship to prosocial behavior. Genetic, social, and
general psychology monographs, 123(3), 303-325.

11


https://doi.org/10.1016/j.neuroimage.2006.03.010
https://doi.org/10.1016/j.neuron.2017.06.041
https://doi.org/10.1016/j.neuron.2017.06.041
https://doi.org/10.1037//0021-843X.111.4.682
https://doi.org/10.1037//0021-843X.111.4.682
https://doi.org/10.1038/nrn3475
https://doi.org/10.3389/fnhum.2018.00419
https://doi.org/10.3389/fpsyg.2017.01432
https://doi.org/10.1162/jocn_a_00697
https://doi.org/10.1038/nn.3749
https://doi.org/10.1002/hbm.23119
https://doi.org/10.1038/s41598-022-10071-9
https://doi.org/10.1093/acprof:oso/9780199539956.003.0006
https://doi.org/10.1093/acprof:oso/9780199539956.003.0006
https://doi.org/10.1080/17470919.2022.2138536
https://doi.org/10.1080/17470919.2022.2138536
https://doi.org/10.1177/09567976221119727
https://doi.org/10.1177/09567976221119727
https://doi.org/10.1016/j.neuroimage.2020.117397
https://doi.org/10.1016/j.neuroimage.2020.117397
https://doi.org/10.1098/rstb.2019.0319
https://doi.org/10.1098/rstb.2019.0319
https://doi.org/10.1016/j.neuroimage.2011.12.059
https://doi.org/10.1016/j.neuroimage.2011.12.059
https://doi.org/10.1038/nrn2833
https://doi.org/10.1038/nrn2833
https://doi.org/10.1523/jneurosci.4059-14.2015
https://doi.org/10.1523/jneurosci.4059-14.2015
https://doi.org/10.1007/s00221-018-5185-7
https://doi.org/10.1007/s00221-018-5185-7
https://doi.org/10.1098/rstb.2015.0083
https://doi.org/10.1016/j.neuroimage.2010.10.014
https://doi.org/10.1016/j.neuroimage.2010.10.014

R. Lulla, L. Christov-Moore, A. Vaccaro et al.

Imaging Neuroscience, Volume 2, 2024

Marcoux, L. A., Michon, P. E., Voisin, J. |, Lemelin, S.,
Vachon-Presseau, E., & Jackson, P. L. (2013). The
modulation of somatosensory resonance by psychopathic
traits and empathy. Frontiers in Human Neuroscience, 7,
274. https://doi.org/10.3389/fnhum.2013.00274

Matheson, H. E., Kenett, Y. N., Gerver, C., & Beaty, R. E.
(20283). Representing creative thought: A representational
similarity analysis of creative idea generation and
evaluation. Neuropsychologia, 187, 108587. https://doi
.org/10.1016/j.neuropsychologia.2023.108587

Meyer, K., & Damasio, A. (2009). Convergence and
divergence in a neural architecture for recognition and
memory. Trends in Neuroscience, 32(7), 376-382. https://
doi.org/10.1016/j.tins.2009.04.002

Mischkowski, D., Crocker, J., & Way, B. M. (2019). A social
analgesic? Acetaminophen (paracetamol) reduces
positive empathy. Frontiers in Psychology, 10, 538-538.
https://doi.org/10.3389/fpsyg.2019.00538

Nummenmaa, L., & Saarimaki, H. (2019). Emotions as
discrete patterns of systemic activity. Neuroscience
Letters, 693, 3-8. https://doi.org/10.1016/j.neulet.2017
.07.012

Oliver, L. D., Vieira, J. B., Neufeld, R. W., Dziobek, ., &
Mitchell, D. G. (2018). Greater involvement of action
simulation mechanisms in emotional vs. cognitive
empathy. Social Cognitive and Affective Neuroscience,
13(4), 367-380. https://doi.org/10.1093/scan/nsy013

Peelen, M. V., Atkinson, A. P, & Vuilleumier, P. (2010).
Supramodal representations of perceived emotions in the
human brain. Journal of Neuroscience, 30(30), 10127
10134. https://doi.org/10.1523/jneurosci.2161-10.2010

Pfeifer, J. H., lacoboni, M., Mazziotta, J. C., & Dapretto, M.
(2008). Mirroring others’ emotions relates to empathy
and interpersonal competence in children. Neuroimage,
39(4), 2076-2085.

Ritgen, M., Seidel, E. M., Rie¢ansky, I., & Lamm, C. (2015).
Reduction of empathy for pain by placebo analgesia
suggests functional equivalence of empathy and first-
hand emotion experience. Journal of Neuroscience,
35(283), 8938-8947. https://doi.org/10.1523/jneurosci
.3936-14.2015

Ritgen, M., Wirth, E.-M., Rie¢ansky, I., Hummer, A.,
Windischberger, C., Petrovic, P, Silani, G., & Lamm, C.
(2021). Beyond sharing unpleasant affect—Evidence for
pain-specific opioidergic modulation of empathy for pain.
Cerebral Cortex, 31(6), 2773-2786. https://doi.org/10
.1093/cercor/bhaa385

Saarimaki, H., Ejtehadian, L. F., Glerean, E., Jaaskelainen,
I. P, Vuilleumier, P,, Sams, M., & Nummenmaa, L. (2018).

12

Distributed affective space represents multiple emotion
categories across the human brain. Social Cognitive and
Affective Neuroscience, 13(5), 471-482. https://doi.org
/10.1093/scan/nsy018

Saarimaki, H., Gotsopoulos, A., Jaaskelainen, I. P,
Lampinen, J., Vuilleumier, P, Hari, R., Sams, M., &
Nummenmaa, L. (2016). Discrete neural signatures of
basic emotions. Cerebral Cortex, 26(6), 2563-2573.
https://doi.org/10.1093/cercor/bhv086

Sachs, M. E., Habibi, A., Damasio, A., & Kaplan, J. T.
(2018). Decoding the neural signatures of emotions
expressed through sound. Neuroimage, 174, 1-10.
https://doi.org/10.1016/j.neuroimage.2018.02.058

Scarantino, A. (2012). Functional specialization does not
require a one-to-one mapping between brain regions
and emotions. Behavioral and Brain Sciences, 35(3), 161.
https://doi.org/10.1017/s0140525x11001749

Smith, S. M., & Nichols, T. E. (2009). Threshold-free cluster
enhancement: Addressing problems of smoothing,
threshold dependence and localisation in cluster
inference. Neuroimage, 44(1), 83-98. https://doi.org/10
.1016/j.neuroimage.2008.03.061

Sun, L., Lukkarinen, L., Noppari, T., Nazari-Farsani,
S., Putkinen, V., Seppéla, K., Hudson, M., Tani, P,,
Lindberg, N., Karlsson, H. K., Hirvonen, J., Salomaa,
M., Venetjoki, N., Lauerma, H., Tiihonen, J., &
Nummenmaa, L. (2023). Aberrant motor contagion of
emotions in psychopathy and high-functioning autism.
Cerebral Cortex, 33(2), 374-384. https://doi.org/10
.1093/cercor/bhac072

Vaccaro, A. G., Heydari, P, Christov-Moore, L., Damasio,
A., & Kaplan, J. T. (2022). Perspective-taking is
associated with increased discriminability of affective
states in ventromedial prefrontal cortex. Social Cognitive
and Affective Neuroscience, 17(12), 1082-1090. https://
doi.org/10.1093/scan/nsac035

Vaessen, M., van de Heijden, K., & de Gelder, B. (2019).
Decoding of emotion expression in the face, body and
voice reveals sensory modality specific representations.
bioRxiv, 869578. https://doi.org/10.1101/869578

Vecchio, A., & De Pascalis, V. (2021). ERP indicators of self-
pain and other pain reductions due to placebo analgesia
responding: The moderating role of the fight-flight-freeze
system. Brain Sciences, 11(9), 1192. https://doi.org/10
.3390/brainsci11091192

Vollberg, M. C., Gaesser, B., & Cikara, M. (2021). Activating
episodic simulation increases affective empathy.
Cognition, 209, 104558. https://doi.org/10.1016/j
.cognition.2020.104558


https://doi.org/10.3389/fnhum.2013.00274
https://doi.org/10.1016/j.neuropsychologia.2023.108587
https://doi.org/10.1016/j.neuropsychologia.2023.108587
https://doi.org/10.1016/j.tins.2009.04.002
https://doi.org/10.1016/j.tins.2009.04.002
https://doi.org/10.3389/fpsyg.2019.00538
https://doi.org/10.1016/j.neulet.2017.07.012
https://doi.org/10.1016/j.neulet.2017.07.012
https://doi.org/10.1093/scan/nsy013
https://doi.org/10.1523/jneurosci.2161-10.2010
https://doi.org/10.1523/jneurosci.3936-14.2015
https://doi.org/10.1523/jneurosci.3936-14.2015
https://doi.org/10.1093/cercor/bhaa385
https://doi.org/10.1093/cercor/bhaa385
https://doi.org/10.1093/scan/nsy018
https://doi.org/10.1093/scan/nsy018
https://doi.org/10.1093/cercor/bhv086
https://doi.org/10.1016/j.neuroimage.2018.02.058
https://doi.org/10.1017/s0140525x11001749
https://doi.org/10.1016/j.neuroimage.2008.03.061
https://doi.org/10.1016/j.neuroimage.2008.03.061
https://doi.org/10.1093/cercor/bhac072
https://doi.org/10.1093/cercor/bhac072
https://doi.org/10.1093/scan/nsac035
https://doi.org/10.1093/scan/nsac035
https://doi.org/10.1101/869578
https://doi.org/10.3390/brainsci11091192
https://doi.org/10.3390/brainsci11091192
https://doi.org/10.1016/j.cognition.2020.104558
https://doi.org/10.1016/j.cognition.2020.104558

