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Convergent and selective representations of
pain, appetitive processes, aversive
processes, and cognitive control in the insula

Mijin Kwon1 , Ke Bo 1, Rotem Botvinik-Nezer 1,2, Philip A. Kragel 3,4,
Lukas Van Oudenhove 5, Tor D. Wager 1 & The Affective Neuroimaging
Consortium*

Brain regions that integrate multiple types of information (“convergence
zones”) are crucial for the brain to generate coherent experiences and beha-
viors. The insula, known for its functional diversity, has been hypothesized as a
key convergence hub, yet empirical evidence remains incomplete. To address
this gap, we analyzed functional convergence across four domains—pain, non-
somatic appetitive processes, non-somatic aversive processes, and cognitive
control—in a Bayesianmega-analysis of fMRI data (n = 540, 36 study contrasts).
Bayes Factor analyses identified both multi-domain convergent and single-
domain selective zones, validatedwith independent datasets (n = 608). Results
revealed a hierarchical architecture, with a multi-domain convergence zone in
bilateral dorsal anterior insula surrounded by progressively converging zones.
Functional decoding and coactivation analyses further support the insula’s
role as a convergence hub, while cytoarchitectonic and neurotransmitter
profiling characterize the potential neuroanatomical basis of these zones.
Together, the findings demonstrate a structured functional topography in the
insula that bridges specialized and convergent processing, providing a
potential neural basis for combining diverse information streams into unified
experiences.

The humanbrain possesses an extraordinary ability to integrate a wide
array of information from the body and environment into a seamless,
unified subjective experience. The insula is thought to be central
to this capacity, operating as a convergence zone—a region
where diverse information streams are integrated—for a remarkably
diverse range of interoceptive and exteroceptive processes, including
visceral, autonomic, and homeostatic signals1,2, alongwith information
from somatosensory, olfactory, gustatory, and auditory sensory
inputs3–7.

Most empirical research has focused on identifying subregions
specific to particular aspects of sensation, emotion, and cognition,
documented by human neuroimaging1–4,8–23, pathways in non-human
animals24–27, and human brain stimulation and electrophysiology28–33.
In contrast, the concept of functional convergence zones in the insula
has been largely theoretical34,35.

Convergence zones are thought to exist at multiple levels
throughout the brain, from modality-specific integration to higher-
order multi-modal convergence36,37. Of particular interest are zones
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that integrate external sensory information with internal states, as this
integration is thought to be fundamental for constructing the sense of
self34,38. An influential theory by Bud Craig38,39 posited that the anterior
insula (AIns) constitutes a convergence zone contributing to sub-
jective, conscious experience. This aligns with concepts of embodied
cognition, where the integration of interoceptive states and sensor-
imotor capacities underlies cognitive and affective processes40,41.

Several lines of evidence support this view. The insula is one of the
most functionally diverse regions of the brain42, integrating informa-
tion at long time scales (several seconds or longer43,44), and coordi-
nating functional relationships across brain networks45. Also, different
insular neuronal populations encode diverse interoceptive and special
sensory inputs, including visceroception46,47, immune afferents25,48–50,
heartbeat perception51–53, pain54–57, and taste and smell58,59. Von Econ-
omoNeurons (VENs) located in AInsmight provide a cellular substrate
for rapid information integration60,61.

Despite the prominence of Craig’s theory, only a few studies have
directly evaluated multi-modal convergence zones in AIns, and their
precise locations have not been firmly established. Available research
has relied on evidence of functional co-localization derived from
Coordinate-Based Meta-Analyses (CBMAs)4,19,20, including Kurth et al.4,
which identified partial overlap in AIns across functional domains.
While informative, CBMA relies on smoothed peak coordinates with
limited spatial precision62, which can produce artificial convergence
where none exists and cannot systematically evaluate functional spe-
cificity across domains or test effect sizes in an unbiased manner.

To provide a comprehensive test of convergent and functionally
selective insular zones, we conducted a mega-analysis of participant-
level fMRI contrast maps sampled from the Affective Neuroimaging
Consortium (www.anic.science) database, focusing on four functional
domains: somatic pain, non-somatic appetitive processes, non-
somatic aversive processes, and cognitive control63. We system-
atically included three subdomains per domain (e.g., three distinct
types of somatic pain), with three studies per subdomain and 15 par-
ticipants per study (Supplementary Fig. 1; k = 36 study contrasts,
n = 540). This design enabled us to test whether insular subregions
encode domain information in a generalizable way across studies,
which is critical for construct validation64. For example, pain-selective
regions should consistently respond to different types of pain (e.g.,
thermal, mechanical, and visceral pain), but not to non-nociceptive
stimuli (e.g., non-somatic, emotionally arousing stimuli).We employed
a two-part analytic strategy, examining: (1) global insular activation for
domain differences in whole-insula activation, and (2) relative local
patterns after z-score normalization to identify regions preferentially
engaged by specific domains. We first validated these patterns using
cross-validated support vector machines (SVM). Bayes Factors
(BFs)65 that provided direct, voxel-wise tests for both the presence and
absence of domain-specific activation. This enabled systematic iden-
tification of insular subregions that: (1) activate across all domains
(“domain-general”), indicating convergence zones, (2) activate selec-
tively to specific functional domains (“domain-selective”), and (3) show
gradients of cross-domain convergence. Global analyses revealed that
pain produces significantly more widespread activation across the
insula compared to other domains. The analysis of relative patterns
identified both multi-domain convergence zones in bilateral dorsal
anterior insula (dAIns) and domain-selective zones for each domain,
which were validated with independent datasets (n = 608). Domain-
selective inputs, processed separately in distinct insular subregions,
progressively converge toward multi-domain zones in bilateral dAIns.
To further characterize these zones, we examined meta-analytic
functional decoding19,42, coactivation with extra-insular brain
regions66,67, cytoarchitectonic mapping23,68–72, and neurotransmitter
systemprofiling73,74. Together, these findings provide support for both
considerable functional diversity and multi-modal convergence zones
in specific parts of the insula, especially in dAIns.

Results
Global insular activation across domains
Analysis of whole-insula activation revealed significant task-related
activation compared to within-study controls (i.e., contrast values > 0)
for each domain (Fig. 1a; Supplementary Fig. 2): Pain (mean=0.70,
t(134) = 11.78, 95% CI [0.58, 0.82], Cohen’s d = 1.02); appetitive pro-
cesses (mean= 0.36, t(134) = 6.77, 95% CI [0.26, 0.47], Cohen’s
d =0.59); aversive processes (mean =0.17, t(134) = 3.38, 95% CI [0.07,
0.28], Cohen’s d = 0.29); and cognitive control (mean= 0.12,
t(134) = 2.50, 95% CI [0.03, 0.22], Cohen’s d =0.22; all FDR-corrected
q <0.05). Pain showed significantly higher whole-insula activation
compared to all other domains: versus appetitive processes
(t(268) = 4.22, 95% CI [0.18, 0.50], Cohen’s d =0.52), aversive processes
(t(268) = 6.60, 95% CI [0.37, 0.68], Cohen’s d = 0.81), and cognitive
control (t(268) = 7.54, 95% CI [0.43, 0.73], Cohen’s d =0.92; all FDR-
corrected q < 0.001). These results indicate that pain elicits stronger
widespread activations across the insula, consistent with its higher
whole-insula activation, possibly due to its engagement of diffuse
modulatory systems75,76. One consequence is that local posterior
insular activity for pain, which was apparent in pre-normalized maps
and alternative normalization methods that preserve global insular
signals through magnitude scaling without mean centering (see Sup-
plementary Fig. 3), was not significant after normalization.

Multivariate classification reveals distinct patterns across
domains
We next examined relative activation patterns after accounting for the
global differences described above (i.e., after normalization; Fig. 1b).
We trainedmulticlass linear SVMclassifiers to distinguish eachdomain
from the others based on relative multivariate activation patterns in
the insula (see “Methods” for details).

Domain-level classifiers achieved above-chance (>25%) prediction
accuracy for three of the four domains: pain (74.71%; range: 40–100%),
appetitive processes (60.73%; range: 40–80%), and cognitive control
(52.00%; range: 17.78–75.56%; all p < 0.001). Aversive processes
showed lower accuracy (33.17%; range: 4.44–60%; p =0.1327). The
confusion matrix (Fig. 1c) indicated that pain was most discriminable
from all other domains. Aversive processes were confusable with
appetitive processes, but less confusable with pain and cognitive
control (see Supplementary Fig. 4 for pairwise predictive accuracy).
Additional subdomain-level classification analyses revealed that some
subdomains showed distinct neural patterns (Supplementary Fig. 5),
especially responses to aversive sounds (a subtype of aversive pro-
cesses) and working memory (a subtype of cognitive control; see
Methods: Study design for subdomain descriptions).

These findings demonstrate that at the global level, domains dif-
fer markedly in their overall insular engagement, with pain showing
particularlywidespreadactivation. At thepattern level, pain, appetitive
processes, and cognitive control domains show separable insular
representations that generalize across studies. These patterns emerge
despite substantial methodological variation in stimulus parameters
(e.g., stimulus type, dynamics, and durations), task designs, and ana-
lytical choices (see Supplementary Table 4).

To localize domain-general and domain-selective patterns within
the insula, we appliedBF analysis to the normalized images, identifying
domain-general and domain-selective zones.

Domain-general and domain-selective zones identified using
Bayes Factors
To identify insular zones encoding domain-general or domain-
selective responses, we used BFs to assess both presence and
absence of domain-specific activation using a Bayesian one-sample t-
test65 (n = 135 per domain). We set a threshold of 4.32:1 odds favoring
an effect versus no effect, corresponding to q <0.01 FDR correction on
average across domains (Fig. 2a; see “Methods” for details). Voxels
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were considered activated only when showing both BF> 4.32 and
positive t-statistics. Evidence for no activation included cases of either
more evidence for no effect (BF < 0.23) or evidence for deactivation
(BF> 4.32 with negative t-statistics). Based on these criteria, voxels
activated in all four domains independently were classified as domain-
general (Fig. 2b, purple), and voxels activated in one domain and
showing evidence favoring no activation in the other domains were
classified as single domain-selective (Fig. 2b; pain in red, appetitive in
yellow, aversive inblue, and cognitive in green). Forbrevity, we refer to
zones selective for each domain as pain-selective, appetitive-selective,
aversive-selective, and cognitive-selective throughout the paper. We
note that fMRI selectivity at the voxel level shouldnot be interpreted as
homogeneous neuronal tuning, as individual voxels likely contain
mixed neuronal populations responsive to multiple features.

Two specific regionswithin dAIns bilaterally were activated across
all domains and therefore classified as domain-general (Fig. 3a, pur-
ple). These zones included 120 of 6012 insular voxels with relatively

balanced bilateral distribution and spanned anterior short and inferior
gyri77. This part of dAIns maps onto regions most frequently activated
across task domains in the Neurosynth database42 and highest along
the principal cortical gradient identified by Margulies et al.78, indicat-
ing transmodal (as opposed to unimodal) function.

We also identified zones selective to each domain. Pain-selective
zones (320 voxels, red in Fig. 3a) included voxels clustered in mid-
posterior insula bilaterally, spanning from the middle short to the
posterior long gyrus. Appetitive-selective zones (14 voxels, yellow)
were proximal to pain-selective zones in left dorsal and bilateral ven-
tral mid-insula, spanning anterior and posterior long gyri. Aversive-
selective zones (75 voxels, blue) were primarily located in the ventral-
most portion of the bilateral anterior insula, on the anterior inferior
gyrus. Cognitive-selective zones (142 voxels, green) were pre-
dominantly located in the anterior-most portion of dAIns and most
dorsal frontal opercular border bilaterally and spanned anterior and
middle short gyri. These activation patterns were consistent across

Fig. 1 | Global insular activation and multi-class SVM classification across four
functional domains. a Global insular activation across four functional domains.
Violin plots show the distribution of whole-insula activation values across partici-
pants (points; normalized by study-specific standard deviation). These values are
removed when examining relative local patterns. All domains showed significant
activation (all FDR-corrected q <0.05). Whole-insula activation was higher for pain
than all other domains (all FDR-corrected q <0.001). b Participant-level contrast

images were z-scored for cross-study harmonization and subsequent analyses.
Summary domain activation patterns (voxelwise mean/SD) after z-score normal-
ization are shown here. c Prediction accuracy for SVM classifiers trained to dis-
criminate functional domains using leave-one-study-out cross-validation on
normalized contrast images. Accurate classification (see text) indicates separable,
consistent neural representations for each domain. Source data are provided as a
Source Data file.
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subdomains and studies with few exceptions (Supplementary Fig. 6).
Interestingly, these zones displayed distinct patterns of hemispheric
asymmetry, with pain and cognitive control showing right hemispheric
asymmetry (see Supplementary Table 1 for further information on
each insular zone).

We further identified zones activated across two or three
domains, surrounding domain-general zones activated across all
domains (Fig. 3b). Coupled with the findings above, the topography of
these zones demonstrated a spatial gradient of convergence, pro-
gressing from domain-selective zones (lightest purple) in posterior
and ventral insular areas, through zones responsive to two or three
domains, to full multi-domain convergence. This gradient showed
bilateral symmetry, revealing a progression from specialized proces-
sing to multi-domain convergence.

Extended functional organization in adjacent opercular regions
While anatomically separable, the insula and operculumoften function
as an integrated system38,79,80 via specific structural connections81. We
therefore conducted supplementary analyses with an expanded mask
including opercular parcels (OP3, 5, 7, and 9) from the Julich-Brain
Cytoarchitectonic Atlas68 (see Supplementary Methods for details).
This revealed similar domain-general and domain-selective patterns in
opercular areas with known structural connections to the insula
(Supplementary Fig. 7). For example, pain-selective activation
appearedprimarily inOP5, anddomain-general activationwas found in
OP7 and OP9, consistent with their connectivity to mid-posterior and
dorsal anterior insula.

Validation with independent datasets
The distinct functional zones in the insula that we identified may be
limited to the particular studies and task contrasts included. To assess
the generalizability of ourfindings,we validated the identified domain-
general and domain-selective zones using 4 independent datasets not
included in the primary analysis (total n = 608): painful thermal sti-
mulation for pain (n = 51)82, monetary reward anticipation for

appetitive processes (n = 32)83, aversive image viewing for aversive
processes (n = 160)84, and an n-back working memory task for cogni-
tive control (n = 365)85 (see “Methods” for detailed task descriptions
and contrasts). We examined activation levels within all five functional
zones to assess whether domain-selective zones showed preferential
responses to their target domains and whether the domain-general
zone responded to all domains.

The validation datasets replicated our primary findings regarding
global insular activation, with pain showing the highest whole-insula
activation (mean/SD =0.66 ±0.44), significantly exceeding all other
validation datasets (vs. appetitive: t(81) = 3.93, d =0.89; aversive:
t(209) = 3.92, d = 0.63; cognitive: t(414) = 24.77, d = 3.70; all p <0.001).

All domain-selective zones showed significant domain selectivity,
with higher activation for the hypothesized domain compared to
pooledoff-target domains (Supplementary Fig. 8). Pain-selective zones
showed the strongest effect (t(606) = 6.98, p < 0.001, d = 1.02), fol-
lowed by cognitive-selective (t(606) = 6.86, p < 0.001, d =0.57),
aversive-selective (t(606) = 4.32, p <0.001, d =0.40), and appetitive-
selective zones (t(606) = 2.04, p =0.042, d =0.37). Activation in
the domain-general convergence zones was significantly above
zero for all test datasets: pain (t(50) = 6.01, p <0.001, d =0.84),
appetitive processes (t(31) = 4.32, p <0.001, d = 0.76), aversive pro-
cesses (t(159) = 15.63, p <0.001, d = 1.24), and cognitive control
(t(364) = 22.79,p <0.001,d = 1.19). Some studies did showactivation to
non-target domains, potentially because some tasks can engage psy-
chological processes related to multiple domains. Most notably, the
validation task for the appetitive domain (Monetary Incentive Delay
task86) also engaged cognitive-selective zones, likely because it
involves both reward processing and cognitive performance under
time pressure that is adaptively adjusted based on feedback.

Functional decoding using neurosynth topic and term maps
To map the identified insular zones onto psychological topics, we
employed meta-analytic functional decoding using Neurosynth42. We
examined point-biserial correlations with 525 terms and 50 topics

Fig. 2 | Identifying domain-general and domain-selective insular zones using
Bayes Factors. Bayes Factors (BFs) were calculated for each domain. BFs > 1 indi-
cate evidence favoring an effect, while BFs < 1 indicate evidence favoring a null
effect. a An example map showing voxel-wise BFs for pain (red: favors effect; blue:
favors null). Thresholds for sufficient evidence were set at 4.32 for effect (equiva-
lent to FDR-corrected q <0.01) and 0.23 (the inverse of 4.32) for no effect.

b Definition of domain-general and domain-selective voxels. Voxels were con-
sidered activated only when BF> 4.32 and t-statistics were positive, and not acti-
vated when BF <0.23 or BF> 4.32 with negative t-statistics (i.e., significant
deactivation). Domain-general voxels were defined as those showing activation in
all domains. Domain-selective voxels showed activation in their designated domain
and evidence favoring no activation in other domains.
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derived from 11,406 studies in the Neurosynth database and z-scoring
correlations across topics (Fig. 4a, b; see Supplementary Table 2 for a
full list of topics). Domain-general zones in dAIns demonstrated high
correlations with diverse topics and terms, reflecting their hypothe-
sized functional diversity. The strongest topic associations were with
“response inhibition”, “pain processing”, and “task performance”. The
convergence zones ranked in the top 5% of voxels in terms of func-
tional diversity across Neurosynth topic maps (uniformity test maps
across 50 topics), showing activation across the most heterogeneous
set of topics.

In contrast, domain-selective zones showed associations match-
ing their hypothesized domains. Pain-selective zones exhibited the
strongest topic associations with “pain processing”, “somatosensory
stimulation,” and “sensorimotor processing” (but also “food proces-
sing”). Among individual terms, the strongest were “pain”, “somato-
sensory”, “noxious”, and “stimulation”. Appetitive-selective zoneswere
associated with “food processing”, “pain processing”, and “emotion
processing” topics, and with appetitive processing-specific terms such
as “cocaine”, “incentive”, and “reward”. Aversive-selective zones
exhibited the strongest associations with topics “response inhibition”,
“emotion processing”, “social cognition”, and terms “masked” (indi-
cating priming), “automatic”, “pleasant”, and “conditioning”.
Cognitive-selective zones showed the strongest associations with
topics “task performance”, “cognitive flexibility”, “feedback-based
learning”, and “working memory”, and terms “muscle”, “task-related”,
“top-down”, and “decision”, indicating links with top-down control of
motion and behaviors.

Coactivation between insular zones and other brain systems
Tobetter understand how these insular zones participate in brain-wide
systems, we investigated their coactivation patterns with other
regions across 27,072 contrast maps in the Neurosynth database.
This approach provides a meta-analytic proxy of functional
connectivity19,66,67. We also examined the relationship between each
extra-insular coactivated system and seven canonical resting-state
networks in cortical, subcortical, and cerebellar regions87–89.

Domain-general zones showed high coactivation with other
putative convergence zones across the brain (Fig. 5a), including
bilateral rostrolateral (rlPFC), right ventrolateral (vlPFC), and right
posterior dorsomedial prefrontal cortices (dmPFC), bilateral posterior
temporal parietal junction (TPJp), and bilateral anterior midcingulate
cortex (aMCC). No coactivated voxels were found in subcortical
regions or the thalamus. These regions lie at the transmodal end of the
principal cortical gradient78. In relation to the resting-state networks, a
majority of voxels coactivating with domain-general zones were loca-
ted in frontoparietal (45.87%), ventral attention (27.08%), and default
(20.30%) networks. These networks are also among the most trans-
modal networks across the brain.

Pain-selective insular zones showed high coactivation with brain
regions involved in pain, somatosensory and somatomotor proces-
sing, including bilateral primary and secondary somatosensory cor-
tices (S1 and S2), right premotor and primary (M1) and supplementary
motor area (SMA), bilateral posterior operculum, bilateral anterior TPJ
(TPJa), and bilateral posterior medial (pMCC) and dorsal posterior
cingulate cortex (dPCC). Subcortical coactivation was observed in
ventral posterior thalamus, including ventral posteromedial nucleus
(VPM), as well as both posterior and anterior putamen, external and
internal globus pallidus, subthalamic nucleus in basal ganglia, and the
amygdalostriatal transition area and centromedial amygdala. Coacti-
vated voxels were predominantly in somatomotor (58.88%) and ven-
tral attention (31.36%) networks (Fig. 5b). This finding aligns with
predictive models of pain90,91, where most voxels with positive pain-
predictive weights were located in somatomotor and ventral attention
networks.

Appetitive-selective insular zones showed high coactivation with
the posterior putamen. These coactivated regions, predominantly
associated with the dorsal attention network (47.22%), have been
implicated in affective processing across multiple meta-analyses92 and
individual studies93,94.

Aversive-selective insular zones showed the highest coactivation
with bilateral orbitofrontal cortex (OFC), anterior medial wall—left
ventromedial prefrontal cortex (vmPFC), and right posterior dmPFC,

Fig. 3 | Domain-general and domain-selective zones in the insula. a Domain-
general voxels (purple) were located in dorsal anterior insula, pain-selective voxels
(red) in mid-posterior insula, appetitive-selective voxels (yellow) in mid-insula,
aversive-selective voxels (blue) in ventral anterior insula, and cognitive-selective
voxels (green) in dorsal anterior insula, anterior and dorsal to domain-general

zones. b Spatial gradient of functional convergence in the insula. Darker colors
indicate greater generalization across domains (from lightest = 1 to darkest = 4
domains) and therefore higher functional convergence. Volumetric data were
projected onto insular cutaway surfaces for visualization.
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bilateral pregenual anterior cingulate cortices (pACC)—bilateral tem-
poral pole, right superficial amygdala, and right nucleus accumbens
(NAc). These regions have been broadly associated with the regulation
of affective and motivational processes in previous studies. The
majority of coactivated voxels were in default mode (47.34%) and
limbic (44.65%) networks. This contrasts with somatic pain, which
involves different regions and networks despite also being aversive,
helping to elucidate why pain and non-somatic negative affect have
been strongly dissociable in prior studies19,93.

Cognitive-selective zones showed greater coactivation with
bilateral dorsolateral PFC (dlPFC), including inferior frontal junction

(IFJ), and bilateral intraparietal sulcus (IPS) and superior parietal lobule
(SPL). Subcortical regions included thalamus (ventral anterior (VA),
ventral lateral (VL), lateral dorsal (LD), mediodorsal (MD), ven-
tromedial (VM) nuclei) and bilateral anterior striatum (putamen and
caudate head). These regions have broadly been associated with cog-
nitive control and goal-based action selection. A network including
dlPFC, IFJ, and anterior insula has been proposed to select actions to
execute via evidence accumulation95,96. The mid-caudate zone identi-
fied here has also been associated with executive control in a previous
meta-analysis97. Coactivating voxels were distributed predominantly
among frontoparietal (50.14%) and dorsal attention (35.14%) networks.

Fig. 4 | Meta-analytic functional decoding of domain-general and domain-
selective insular zones using Neurosynth. a Topic-level decoding. Heatmap
shows point-biserial correlations between domain-general and domain-selective
zones and psychological topics registered in Neurosynth, z-scored across topics
(Z(r)). Topics shown (x-axis) have Z(r) > 1 for at least one domain (see

Supplementary Fig. 9 for complete topic heatmap). b Term-level decoding. Each
subplot shows the top 10 highest and lowest correlating terms for each insular
zone, selected from 525 psychological terms. da Dopamine. Source data are pro-
vided as a Source data file.
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Cytoarchitectonic characterization
To explore the cytoarchitectonic associations of the insular zones, we
examined their overlap with the Julich-Brain Cytoarchitectonic
Atlas23,68, which parcellates the insula into 16 areas with varying
cytoarchitectonic characteristics: Ig (granular), Id (dysgranular), and Ia
(agranular) parcels (Fig. 6). Spatial overlap between each insular zone
and atlas parcels was quantified using Dice coefficients, reporting
parcels with coefficients > 0.1.

Insular zones mapped onto different cytoarchitectonic regions,
though the overlap was imperfect. Domain-general zones were con-
tained predominantly within dysgranular areas, particularly left Id6
and right Id8. Cognitive-selective zones also demonstrated high
overlapwith bilateral Id7, dorsal and anterior to domain-general zones.
In contrast, appetitive and aversive-selective zones were primarily in
agranular, dysgranular, or dysgranular-agranular transitional areas:
appetitive-selective zones overlapped most with left Id5 and right Ia3,
and aversive-selective zones with Id10 bilaterally. Pain-selective zones
showed the strongest associations with Id6, but also Id5 and Id3 (in a
granular-dysgranular transitional area; see Supplementary Table 3).

Neurochemical associations with functional insular zones
To characterize associations with neurotransmitter systems derived
from human molecular imaging, we estimated spatial associations

(point-biserial correlations) between insular zones and PET binding
maps for 36 receptors and transporters across 8 neurotransmitter
systems from Neuromaps73,74. Only associations replicated across at
least two independent PET studies were interpreted98.

Several neurotransmitter systems showed reliable associations
with particular insular zones (Fig. 7a). Mu-opioid (MOR) and cannabi-
noid (CB1) receptor maps were positively associated with domain-
general zones and all affective functional domains (appetitive, aver-
sive, and pain-selective zones). Affective domains also had particularly
strong associations with serotonin receptor 5-HT1a and transporter
5HTT maps, whereas domain-general and cognitive-selective zones
showed relatively stronger associations with serotonin receptor 5-
HT1b. Both domain-general and pain-selective zones showed strong
correlations with glutamatemGluR5 receptor distributions. Appetitive
and cognitive-selective zones shared particularly strong associations
with the dopamine D2 receptor distribution. Overall, these findings
suggest that different neurotransmitter systems may be differentially
related to different functional domains.

Next, we compared neurotransmitter systemprofiles between the
insular zones and their corresponding coactivated brain-wide systems
(Fig. 7b). These profiles were highly similar (mean Pearson’s r = 0.66;
range: 0.35–0.91). For example, positive associations between domain-
general insular zones and CB1, 5-HT1b, mGluR5, and MOR were also

Fig. 5 | Brain-wide coactivation patterns and resting-state network affiliations
of domain-general and domain-selective insular zones. a Meta-analytic coacti-
vationpatterns between insular zones and extra-insular regions. Coactivated voxels
outside of the insula are assigned to the maximally correlated insular zone,
requiring thatmaximum correlation to be at least 10% higher than the next highest
correlation. aMCC anterior midcingulate cortex, dlPFC dorsolateral prefrontal
cortex, IFJ inferior frontal junction, IPS intraparietal sulcus, SPL superior parietal
lobule, M1 primary motor cortex, NAc nucleus accumbens, OFC orbitofrontal
cortex, pACC pregenual anterior cingulate cortex, pMCC posterior midcingulate

cortex, rlPFC rostrolateral prefrontal cortex, S1 primary somatosensory cortex, S2
secondary somatosensory cortex, SMA supplementary motor area, TPJa anterior
temporoparietal junction, TPJp posterior temporoparietal junction, vlPFC ven-
trolateral prefrontal cortex, vmPFC ventromedial prefrontal cortex, VPL ventral
posterolateral nucleus, VPM ventral posteromedial nucleus. b Distribution of
coactivated regions across seven resting-state networks87–89. Bar graph shows the
percentage of coactivated voxels (FDR q <0.001) overlapping with each network
across cortical, subcortical, and brainstem regions. Source data are provided as a
Source data file.
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present in their coactivated brain-wide systems (e.g., anterior PFC,
TPJp, aMCC).

Off-target correlations across different functional domains (e.g.,
between the aversive-selective insular zones and appetitive-selective
brain-wide systems) were generally weaker than on-target correlations
and were often negative. This correspondence was strongest for
domain-general and aversive domains. Domain-general regions
showed on-target similarity r =0.88 (off-target range: r = −0.78–0.43),
and aversive processes showed on-target similarity r =0.91 (off-target
range: r = −0.37–0.27). Pain showed the least correspondence, sug-
gesting distinct neurotransmitter profiles for pain-selective insular
zones compared to their extra-insular coactivated regions. The
strongest cross-domain correspondence was that between pain-
selective insular zones and aversive-selective coactivated zones, sug-
gesting a possible substrate linking nociceptive representations in the
insula and representations of negative emotion in other cerebral areas.

Discussion
The insula contains subregions associated with diverse cognitive,
affective, and interoceptive processes, and its hypothesized role in
integrating these streams may be fundamental for unified subjective
experiences. However, spatially precise, empirical evidence char-
acterizing functional convergence zones in the insula has been limited.
Using large-scale fMRI data (n = 540) systematically sampled across
four functional domains combined with BFs, we evaluated both pre-
sence and absence of activation across domains. We identified a
domain-general convergence zone in bilateral dAIns surrounded by
domain-selective zones for pain, appetitive processes, aversive pro-
cesses, and cognitive control. Each showed distinct meta-analytic
functional profiles, brain-wide coactivation patterns, cytoarchitectonic
organization, and neurotransmitter receptor distributions. We also

validated these functional zones using four independent datasets
(n = 608), confirming both domain-general activation in convergence
zones and functional selectivity in domain-selective zones.

We found an orderly progression from domain-selective zones in
ventral (negative affect), posterior (pain and appetitive), and dorsal
(cognitive) insular regions to the fully domain-general zones in dAIns,
extending beyond previously proposed posterior-to-anterior
progressions38,39,99. These findings support theories proposing hier-
archical organization of convergence zones and spatial topography
based on functional similarity36,37, and align with theories of embodied
cognition, emphasizing how the progressive integration of bodily
signals enables goal-directed behavior and conscious awareness34,35.

Our findings identified insular areas of functional convergence
and selectivity with increased precision relative to previous work. The
domain-general anterior insula, heuristically defined by Craig39 and in
early meta-analyses19, contains both domain-general and functionally
selective zones for cognitive control, somatic pain, and/or non-
somatic aversive processes in our analysis. While overlapping BOLD
signals alone cannot establish functional convergence, multiple levels
of evidence support this interpretation: (a) hierarchical progression
from domain-selective to domain-general zones, (b) functional asso-
ciations based on previous literature, (c) coactivated brain-wide sys-
tems, (d) cytoarchitectonic organization, and (e) neurotransmitter
system profiles.

Our findings both confirm and extend Kurth et al.’s seminal meta-
analysis4. While Kurth et al. identified partial overlap across domains in
anterior-dorsal insula using coordinate-based methods, our image-
based mega-analysis provides greater spatial precision, localizing
convergence to specific regions in bilateral dorsal anterior insula.
Furthermore, our approach enables us to differentiate domain-general
from domain-selective zones and reveals a functional gradient from

Fig. 6 | Cytoarchitectonic profiles of insular zones. For each functional zone, only
the best matching cytoarchitectonic parcels are shown from the Julich-Brain
Cytoarchitectonic Atlas23,68 (32 parcels across left and right insula). Inset illustrates

the full cytoarchitectonicparcellation of the insula asdefinedbyQuabs et al.23 using
the most up-to-date atlas.
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specialized processing in posterior/ventral regions to multi-domain
integration in dorsal anterior insula—a nuanced organization not fully
captured in previous work.

The patchy organization we observe aligns with high-resolution
tract-tracing studies in non-human primates. Tract-tracing studies
show that connections between prefrontal/cingulate cortex and
macaque insula consistently form “sharply delimited patches” that

precisely coincide with cytoarchitectonic boundaries100. This patchy
organization, visible across neuroanatomical studies spanning
decades1,101,102 but previously overlooked, suggests that modular, pat-
chy organization is a fundamental featureof insular architecture rather
than statistical noise.

Functional associations using Neurosynth meta-analytic topic
maps revealed that domain-general zones in dAIns were among the

Fig. 7 | Neurotransmitter system profiles of insular zones. a Spatial similarity
between the insular zones and 36 neurotransmittermaps fromNeuromaps73,74 with
mean spatial similarity (center) and standard errors (error bars) estimated from 100
bootstrap samples. Black rings in the center of each graph indicate the zero-

correlation line; values outside the ring are positive, and inside the ring are nega-
tive. Inset shows neurotransmitter systems and their corresponding receptors and
transporters in the atlas. b Correlation between the insular zones and their extra-
insular coactivated systems. Source data are provided as a Source data file.
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most functionally diverse (top 5%) across the brain, alongside aMCC,
IFJ, and medial thalamus. Meta-analytic coactivation analysis further
revealed high coactivation with other cortical convergence zones such
as rlPFC, TPJp, and aMCC, which are situated at the transmodal end of
unimodal-to-transmodal cortical gradients78.

Coactivation patterns across the insular zones showed systematic
topographical organization, with organized transitions between func-
tional domains across cortical and subcortical regions. For example, in
lateral frontal cortex, we observed an anterior-to-posterior hierarchy
from domain-general rlPFC to cognitive control-related dlPFC to pain-
related somatomotor regions. This is consistent with findings on pre-
frontal hierarchy, where anterior regions support more abstract,
temporally extended processes and posterior regions support
immediate task goals and actions103–106. In lateral temporal-parietal
cortex, domain-general regions in TPJp were situated between cogni-
tive control-related SPL and pain-related TPJa and S2. Similarly,
domain-general regions in IFG were positioned between cognitive
control-related premotor regions and anterior temporal regions
(connected to medial temporal and hippocampal circuits), processing
non-somatic aversive experiences. In the subcortex, a progression
emerged from anterior striatal and thalamic zones specialized for
cognitive control to posterior zones for pain, with appetitive proces-
sing localized to extremeposterior striatum, consistentwith stable and
long-term value encoding in non-human primates107.

With respect to canonical resting-state networks, domain-general
and domain-selective insular zones and their coactivated systems
showed distinctive distribution patterns. While each domain showed
stronger affiliation with some networks (e.g., aversive processes were
most affiliated with default and limbic networks), the functional zones
we identified spannedmultiple networks anddidnot alignwith them in
a 1:1 fashion. This observation is consistent with findings that decoding
models predicting affective experiences span multiple networks108–111.
Although resting-state networks may relate to task-based patterns at a
coarse level112,113, tasks evoke reorganization of functional connections
in ways not captured by static resting-state patterns114–116, including
alterations of brain-wide neuronal activity patterns by stimuli and
activation of neuromodulatory nuclei117–121. This may explain why the
insular zones and their coactivated systems identified here are not
reducible to resting-state networks, but instead constitute a distinct
way of understanding large-scale brain organization.

As with resting-state networks, our functional insular zones
mapped onto cytoarchitecture to some degree, but cytoarchitectonic
boundaries did not fully describe them. Domain-general convergence
zones were located largely within cytoarchitectonic region Id623 in
dAIns, but our results also indicate functional heterogeneity within
Id6, including pain and cognitive-selective zones in non-overlapping
portions of Id6.

The observed cytoarchitectonic mappings were corroborated
by evidence from intracranial studies, which provide more
direct neural measurements (electrophysiology) and establish cau-
sal links to behavior (stimulation). Domain-general and cognitive-
selective zones were predominantly located in dysgranular areas Id6
and Id7, respectively, aligningwith findings that dysgranular dAIns is
key for transmodal processes such as arousal and cognitive
control20,100,122–129. For example, Sabat et al.128 identified a domain-
general arousal hub in similar cytoarchitectonic regions to our
cross-domain convergence zone, centered in Id7 but extending into
Id6 and Id8. Intracranial electrophysiology and stimulation studies
showed that Id6 stimulation produced primarily visceral sensations
with anxiety/hypervigilance in a small subset of cases, whereas
Id7 showed increased activity during task-related salience detection
and no responses when stimulated28. Aversive-selective zones in
Id10 align with known “limbic” projections127 and correspond to
regions showing specific responses to negative emotional stimuli in
electrophysiological recordings130.

Pain-selective zones spanned multiple cytoarchitectonic areas in
ways that both align with and diverge from previous findings. Beyond
Id6’s role in vigilance discussed above, Duong et al.28 found that
Id6 stimulation evoked visceroception, posterior insular areas Id2 and
Ig2 evoked pain, and Id3 evoked somatosensation—consistent with
other stimulation findings on somatic and visceral sensations6,31,57,131,132.
This broad distribution may reflect both the importance of the insula
for interoception and the multidimensional nature of pain, which
involves a relatively unique combination of regions across the
brain82,133. However, our findings diverge from established work
showing that the posterior granular insula is a key region for soma-
tosensory and nociceptive information127. Specifically, we did not
observe pain-selective activity in Ig1 (bilateral), Ig2 (left), and Id2 (left)
of dorsal posterior insula—regions where previous studies found pain-
selective activity54,55,80,134 and direct stimulation reliably evokes
pain29,56,126–128,135,136. While right Ig2 and Id2 showed pain-selective
activity, they were not the most strongly associated parcels with our
pain-selective zones. This discrepancy likely reflects data harmoniza-
tion constraints required for analyzing heterogeneous multi-study
data: after evaluating several methods (see Methods: Data harmoni-
zation), we chose image-wise z-scoring, which eliminates whole-insula
activation differences across individuals and domains. This affects the
detection of pain-selective responses in the posterior insula, as this
region showed pain-selective activity under alternative normalization
methods that preserve global insular activation patterns (see Supple-
mentary Fig. 3). Additionally, somatotopic organization and later-
alization may have contributed, as our dataset included varied
stimulation sites that could obscure somatotopically mapped activity
in the posterior insula.

Neurotransmitter receptor and transporter binding patterns from
Neuromaps73,74 revealed distinct neurochemical profiles across
insular zones. Similar patterns were also observed in their coactivated
brain-wide systems. This supports the hypothesis that functional
organization is guided by co-expression of neurotransmitter
systems in functionally related areas, even without direct structural
connections73,137–140. For instance, language-related areas show similar
receptor distributions despite being anatomically dispersed141, sug-
gesting a common molecular basis for functionally related
regions. Optogenetic and chemogenetic fMRI studies142–148 provide
corroborating evidence that manipulating neurotransmitter release
from subcortical centers modulates functional connectivity among
regions with shared receptor profiles.

One exception to the rule of neurotransmitter similarity between
functional insular zones and corresponding extra-insular systems was
pain. Pain-selective insular zones showed higher neurochemical simi-
larity to the extra-insular aversive processes system than to their own
extra-insular pain system. This implies that pain-related neuromodu-
latory systems may be more region-specific within the insula, or that
pain processing in the insula may not be exclusively nociceptive, but
also involve pain-specific affective components, i.e., “pain” repre-
sentations across nociceptive and vicarious pain, as recently observed
in mid-insula111. This may also reflect the multifaceted nature of pain,
which elicits diverse emotional reactions (e.g., fear, anger) and moti-
vates action policies (e.g., avoidance, escape).

These findings highlight the value of systematic multi-domain
sampling in revealing both convergent and divergent patterns of
insular functional organization and present an important direction for
future research. Activity patterns related to broad constructs like
“pain” or “cognitive control” can only be effectively identified by
testing across distinct subdomains with varied stimuli and task
designs149–151. While large-sample studies152–156 enable investigation of
how multiple psychological constructs are represented in the brain
across large populations, reliance on single tasks to represent broad
psychological constructs (e.g., an emotional face-matching task to
study emotion) limits identification of generalizable representations.
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Characterizing generalizable neural representations requires sys-
tematic sampling across multiple implementations of each construct,
as demonstrated here and in previous work157.

Finally, the present study has several limitations that should be
addressed in future research.

First, we selected a Bayes Factor threshold of 4.32:1 (corre-
sponding to q <0.01 FDR correction; moderate evidence by Bayesian
standards), balancing sufficient evidencewith practical considerations
in detecting effects in neuroimaging data. Future studies with larger
samples could employ higher thresholds to identify effects with even
stronger evidence.

Second, a more comprehensive sampling of each domain would
be ideal, and testing the generality and functional specificity in dif-
ferent sets of studies would be valuable as person-level data become
available. We have partially addressed this through validation with
independent datasets (n = 608), which confirmed the robustness of
our findings. With sufficient person-level data, future studies could
even test studies within subdomains as random effects. Such com-
prehensive datasets with systematically coded methodological varia-
tions would also shed light on how specific methodological variables
impact activation patterns. Both advances, however, require sys-
tematic sharing of person-level activation maps across the field,
extending current practices of reporting study-level coordinates and
publishing study-level maps. Our approach here balances compre-
hensive samplingwith practical constraints.With 9 studies per domain
across 3 subdomains (540 participants total), our sampling exceeds
comparable work157 and the key strength lies in systematic sampling
across different operationalizations of each domain, enabling identi-
fication of patterns that generalize across experimental paradigms.
Furthermore, while our study systematically sampled four functional
domains, several domains important to insular function remain to be
examined—e.g., chemosensation such as smell and taste58,59, heartbeat
perception51–53,158, non-pain somatic aversive experiences like
breathlessness159 and itch160, autonomic arousal158, inflammation and
sickness25,48–50, nausea161, tussis162, and others. Addressing this will
require collaboration and sharing of multiple studies of sufficient size
(n ≥ 15). We view this work as an important step toward understanding
generalizable insular representations, while recognizing that future
work can extend these findings with additional studies and paradigms.

Third, our psychological domain structure represents just one
possible ontology for classifying studies163–166. The development and
validation of ontologies is a complex and important research topic,
and there is no single “correct” solution. Future research with exten-
ded samples could empirically compare different candidate ontolo-
gies, working toward developing psychological categories better
aligned with the functional architecture of the brain165,167. Our valida-
tion findings underscore this need: while confirming domain selectiv-
ity, they also revealed that tasks can activate multiple functional zones
based on their component processes. The appetitive task83 in our
validation dataset elicited activation in both appetitive- and cognitive-
selective zones, consistent with the task’s cognitive demands—main-
taining stimulus-reward mappings and sustaining inhibitory control
during anticipatory delays—in addition to reward anticipation. This
also highlights the iterative nature of brain-behavior mapping: task
categorization influences identificationof neural patterns,while neural
results inform understanding of task components.

Fourth, we acknowledge that the insula exhibits considerable inter-
individual variability in sulcal and gyral morphology. Our analyses
identify group-level organization using template-based normalization to
MNI space,mapping functionontoanatomical features (gyri and sulci) at
the group level. Future studies using precision neuroimaging approa-
ches with within-person tasks could examine how anatomical variability
influences functional localization and how closely domain-general and
domain-selective regions map onto individual anatomical features.

Fifth, our cytoarchitectonic mapping relied on maximum prob-
abilitymaps from the Julich-Brain atlas, where each voxel is assigned to
the area with the highest probability. This approach simplifies the
inherent uncertainty in these assignments, particularly at borders
between areas. Future studies could address this by using probabilistic
approaches that preserve uncertainty information or by examining
structure-function relationships at the individual subject level. We
hope our study inspires future work to expand this approach and
address these outstanding long-term goals.

Lastly, our analysis focuses primarily on activation patterns and
does not extensively consider information carried by deactivation.
While aggregating individual-level contrast images allows for obser-
vation of deactivation patterns that can provide valuable insights,
interpreting these patterns presents significant challenges, as their
underlying mechanisms are less well understood than those of acti-
vations. The relationship between BOLD signal decreases and neural
activity may vary across brain regions, involving interactions between
neural activity, neurovascular coupling, and hemodynamics168–170.
Beyond this regional variability, BOLD decreases can reflect various
neural processes, from inhibition of task-irrelevant activity to resource
reallocation or shifts between functional modes171,172. Additionally, the
choice of baseline condition significantly affects observeddeactivation
patterns, complicating cross-study comparisons. Given these com-
plexities and the activation-based nature of our subsequentmulti-level
characterization analyses, we focused our primary Bayes Factor ana-
lysis on activation patterns. However, recognizing the potential
importance of deactivation, we have included deactivation-based
results in Supplementary Fig. 10 for reference. We encourage future
studies to further investigate deactivation patterns for various brain
functions in and beyond the insula.

Overall, this study provides strong empirical evidence for a fun-
damental organizing principle in the insula: the coexistence of func-
tionally convergent and selective zones within a brain region long
hypothesized to be crucial in integrating diverse information streams.
Through systematic sampling across four functional domains and
rigorous Bayes Factor analysis of both presence and absence of acti-
vation, we reveal a gradient of convergence from domain-selective
zones to a multi-domain convergence zone in bilateral dAIns, com-
bining spatial coverage, precision, and functional diversity beyond
previous approaches. Our multi-level characterization demonstrates
that these functional zones are distinguished by specific patterns of
cytoarchitecture, coactivation with other brain regions, and neuro-
transmitter distribution, providing evidence beyond mere overlap of
BOLD signals that these represent distinct functional units. These
results reconcile previous work by demonstrating how functional
specialization and information convergence coexist within the insula’s
hierarchical organization, suggesting a potential role for this archi-
tecture in integrating diverse information streams to support unified
subjective experiences and the construction of the sense of self.

Methods
Study design
This study uses a construct-validation approach, building upon pre-
vious research byKragel et al.157 and VanOudenhove et al.173, to explore
domain-general and domain-selective representations of four func-
tional domains in the insula: somatic pain, non-somatic appetitive
processes, non-somatic aversive processes, and cognitive control. This
approach aims to identify brain regions that consistently respond to a
particular psychological construct (e.g., pain) across multiple experi-
mental manipulations and studies, ensuring that the voxels identified
as domain-general and domain-selective are not driven by specific
experimental conditions or study-specific factors, but rather represent
the underlying latent construct (for further details on the rationale of
this approach, see refs. 157,173).
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Specifically, we systematically sampled participant-level fMRI
activation maps from the Affective Neuroimaging Consortium (www.
anic.science) database across the four domains above. Each domain
includes three subdomains representing different experimental
manipulations that engage processes within that domain. Pain domain
includes responses to thermal, mechanical, and visceral stimulation;
appetitive processes domain includes responses to food, drug, and
sexual images; aversive processes domain includes responses to
negative images, aversive sounds, and negative social interactions; and
cognitive control domain includes responses during workingmemory,
response inhibition, and attention switching tasks. For each sub-
domain, we included three independent studies using similar experi-
mental manipulations, with 15 randomly sampled participants per
study (total k = 36 study contrasts, n = 540). This hierarchical and
balanced design allows us to dissociate insula sub-areas that are
selective for a specific domain and those that generalize across all four
domains. See Supplementary Table 4 for a full list of studies included
in the current dataset.

The current study was a meta-analysis of multiple independent
studies. Participants were recruited independently for each study
and informed consent was provided by all subjects in accordance
with local ethics and institutional review boards. Descriptions of
ethics approvals, image acquisition, and demographics are descri-
bed briefly for all studies in Supplementary Table 4 and in full detail
in the corresponding references (see also the Life Sciences Report-
ing Summary).

Data harmonization
To address potential differences in data scaling across studies, we
employed a two-part analytic strategy capturing both global and local
functional properties: (1) we analyze global insular activation to iden-
tify domain differences in overall engagement using mean activation
values, and (2) we analyze relative local patterns after normalization to
identify regions preferentially engaged by specific domains. This dual
approach is necessary because some domains may produce wide-
spread activation that could mask more subtle selective patterns in
other domains.

To implement this strategy, we first resampled all data into a
reference space (Study 1174) and analyzed the mean activation values
normalized by each study’s average voxelwise between-subject SD to
assess differences in whole-insula activation between domains, pre-
serving information about global activation patterns before z-
score normalization.

Next, we applied within-subject z-score normalization across
voxels within the insula to examine relative local patterns. By analyzing
patterns of values across voxels instead of absolute intensities, this
approach accounts for idiosyncrasies in the scale of activity across
studies, influenced by factors including differences in acquisition,
preprocessing, voxel size, contrast weights, and other nuisance fac-
tors. This implies that local activity estimates are lower in images with
more overall activations across the insula, leading to more con-
servative results, as domain convergence and selectivity analyses are
performed on the relative activation maps.

We chose z-scoring after considering several alternative harmo-
nizationmethods including ComBat175, L2 normalization, and standard
deviation normalization. These alternatives were either not applicable
due to thenested relationshipbetween scanningparameters and tasks,
or did not significantly improve harmonization (see Supplementary
Methods for detailed discussion of harmonization approaches and
their limitations). Similar normalization procedures are common in
multivariate pattern analysis in fMRI and in machine learning and
multivariate statistics more broadly (e.g., in profile analysis)176–178.
Here, it allows us to focus on relative differences in brain patterns
across the four mental constructs while minimizing the impact of
study-specific factors.

Multiclass support vector machine classifier
We trained multi-class linear SVM classifiers with 5-fold cross-vali-
dation for hyperparameter optimization (box constraint). The clas-
sifiers were trained to discriminate each domain from the others
(one vs. all scheme) using two studies per subdomain for training
and a third study as an independent test set for domain and
subdomain-level evaluations (e.g., pain from all other domains,
thermal pain from all other subdomains). To estimate out-of-study
generalization error, we systematically sampled different studies for
training and test sets by leaving a different study out in each sub-
domain for each model, training 100 models in total with splits
stratified by subdomain, and reported the average performance on
the test sets (see Supplementary Fig. 11 for a schematic description
of study selection).

Bayes factors
We calculated Bayes Factors (BFs) at the voxel level using Bayes Factor
one-sample t-test with the Jeffrey-Zellner-Siow prior (JZS, Cauchy dis-
tribution on effect size; ref. 65) to identify voxels in the insula exhi-
biting domain-general or domain-selective activation patterns. For
eachdomain,we aggregateddata across all three subdomains, yielding
n = 135 samples per domain (3 subdomains × 3 studies × 15 partici-
pants). BF directly compares the probability of the data under two
competing hypotheses: the alternative hypothesis (an effect exists)
versus the null hypothesis (no effect).

First, the Bayes Factor for a one-sample t-test (with n = 135 per
domain, aggregating across 3 subdomains × 3 studies × 15 participants)
is calculated as follows (Eq. 1):

B01 =
1 + t2

ν
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where t is the t-statistic, N is the sample size, ν is the degrees of free-
dom (N � 1), g is a prior parameter on effect size that is integrated out
under the JZS prior, and r is the scale factor (set to 0.707, indicating a
moderate expected effect size; refs. 65,98).

We set thresholds at BF> 4.32 for an effect and BF <0.23 (an
inverse of 4.32) for no effect, corresponding to 4.32:1 odds. This
decision was supported by previous literature suggesting that Bayes
Factors with JZS between 3 and 10 are considered moderate-level
evidence179–181. These thresholds were chosen to ensure the identifica-
tion of effects and null effects, minimizing the potential for false
positives while maintaining sensitivity to true effects.

Voxels were considered activated only when showing both BF >
4.32 and positive t-statistics. The spatial extent and configuration of
functional zones remained stable across a range of thresholds (Sup-
plementary Fig. 12). Evidence for no activation included cases of either
evidence for no effect (BF <0.23 with either positive or negative t-
statistics) or evidence for a deactivation effect (BF > 4.32 with negative
t-statistics). By conjunction of BFs across all domains, domain-general
voxels required activation across all domains, while domain-selective
voxels required activation in their designated domain and evidence for
no activation in other domains. Specifically, domain-general voxels
were defined as those with BF > 4.32 and t >0 across all domains.
Domain-selective voxels were defined as those with (1) BF > 4.32 and
t >0 for the designated domain, and (2) BF < 0.23 or BF > 4.32 and t < 0
for the other domains.

Anatomical definition of insula
For our primary analyses, we defined the insula based on established
anatomical landmarks, including the three short gyri of the anterior
insula (anterior, middle, and posterior short gyri), the two long gyri of
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the posterior insula (anterior and posterior long gyri), and the anterior
inferior cortex, bounded by the peri-insula sulcus that separates the
insula from surrounding opercula. Given ongoing debates about
insularboundaries and functional connectivitywith adjacent opercular
regions, we conducted supplementary analyses using an expanded
anatomical definition. This expandedmask included the insula proper
plus adjacent opercular regions (OP3, OP5, OP7, and OP9) from 2 dif-
ferent atlases: HCP-MMP1.0182 from the Human Connectome Project
(HCP)153 and Julich-Brain Cytoarchitectonic Atlas23,68. This tested whe-
ther our main findings depend on specific anatomical definitions
(see Supplementary Methods and Supplementary Fig. 7).

Validation with independent datasets
To validate the identified functional zones, we tested activations in
each zone using independent validation datasets selected from the
ANiC database (after our primary dataset was finalized) and from
open data repositories (e.g., Human Connectome Project (HCP)153)
when domain-specific data were unavailable in the database. We
selected one study per domain known to robustly and selectively
engage that domain: thermal pain stimulation for pain (n = 51; high
pain)82, Monetary Incentive Delay task for appetitive processes
(n = 32; monetary reward anticipation)83, viewing of negative images
for aversive processes (n = 160; viewing of negative images
selected from the International Affective Picture System (IAPS))84,
and n-back workingmemory task from the HCP dataset for cognitive
control (n = 365, restricted to genetically unrelated participants;
2-back (place))85. See Supplementary Table 5 for detailed study
information.

Validation data underwent identical quality control procedures
and preprocessing pipelines as the primary datasets. We analyzed
global activation patterns by comparing the mean/SD values across
domains to test whether domain differences in overall insular activa-
tion replicated.We then extractedmeanactivation values from the five
functional zones identified in our primary analysis (one domain-
general zone and four domain-selective zones). For domain-selective
zones, we assessed selectivity by comparing activation in the target
domain against pooled off-target domains. For domain-general zones,
we tested whether each domain showed significant activation
above zero.

Neurosynth functional decoding
We examined spatial correlations between the identified insular
zones and two types of meta-analytic maps: 525-term and 50-topic
association test maps that show voxels preferentially associated
with studies related to particular psychological terms or topics.
Topic maps were streamlined from a set of 100 topics (“vs-topics
−100”) that were extracted using Latent Dirichlet Allocation (LDA)
from abstracts of all articles in the Neurosynth database as of July,
2015 (11,406 articles), after excluding non-psychologically relevant
topics. We used standardized point-biserial correlations to calculate
spatial correlations between our identified insular zones and these
two types of meta-analytic maps for topics and terms. Correlation
coefficients were z-scored within each zone to examine the relative
strength of correlations across topics for each zone. We report
topics showing standardized correlation > 1 and the top 10 highest
and lowest correlating terms for each insular zone. See Supple-
mentary Table 2 for a full list of Neurosynth topic maps used in the
current analysis.

Neurosynth functional diversity analysis
To assess functional diversity across brain regions, we used the
uniformity test maps from the same set of 50 topics, which show
voxels consistently activated across studies associated with each
topic. For each brain voxel, we calculated the proportion of topics
showing significant activation. Voxels were then ranked brain-wide

based on this proportion to quantify their functional diversity across
psychological topics.

Coactivation between the insula and other brain areas
We performed a meta-analytic coactivation analysis using activation
coordinates from 27,072 studies registered in the Neurosynth reposi-
tory as of April, 2022.We createdmeta-analytic binary activationmaps
using Multi-level kernel density Analysis (MKDA; ref. 183) with a 4-mm
smoothing kernel. In these maps, a voxel was coded as active for a
study if the reported peak coordinate was within 4-mm of the given
voxel. Using these meta-analytic activation maps, we calculated point-
biserial correlations between each domain-general and domain-
selective insular zone and each voxel in the cortical and subcortical
regions of the whole brain, excluding the insula. The resulting corre-
lations were thresholded at FDR-corrected q <0.001 and cluster
size > 100 voxels. Voxels above the threshold were assigned to one of
the insular zones based on which zone showed the maximum corre-
lation, provided that the maximum correlation with one of the insular
zones was at least 10% higher than the next highest correlation.

To examine the relationship between the coactivated regions and
seven resting-state networks (combined from refs. 87–89), we calcu-
lated the percentage of voxels in the thresholded coactivated regions
that overlapped with each of the seven resting-state networks in the
cortical, subcortical, and cerebellar regions. A supplementary analysis
using unthresholded coactivation maps is provided in Supplemen-
tary Fig. 13.

Cytoarchitectonic profiling
To determine the best matching cytoarchitectonic parcel for each
insular zone, we calculated spatial overlap between each insular zone
and each atlas parcel from the Julich-Brain Cytoarchitectonic Atlas23,68

(see Fig. 6) using the Dice Coefficient (DC), a measure ranging from 0
(no intersection) to 1 (complete intersection). This atlas includes 16
distinct parcels in the insula based on their common cytoarchitectonic
characteristics (granular, dysgranular, and agranular). We selected
parcels with a DC higher than 0.1 to report and note which group each
insular zone is predominantly associated with.

Neurotransmitter system profiling
We used a comprehensive receptor and transporter bindingmap atlas
(Neuromaps73,74) that contains 40 PET-derived binding maps covering
19 neurotransmitter receptors and transporters and 9 systems in over
1200 healthy individuals. The atlas includes maps for the following
receptors and transporters (transporters indicated with*): α4β2, M1,
VAChT* (acetylcholine); CB1 (cannabinoid); D1, D2, D3, DAT* (dopa-
mine); GABAA/BZ (GABA); mGluR5, NMDA (glutamate); H3 (hista-
mine); NET (norepinephrine);MOR (opioid); 5-HT1a, 5-HT1b, 5-HT2a, 5-
HT4, 5-HT6, 5-HTT* (serotonin). Here, we used 36 images after
removing 4 images due to issues found during implementation.

We calculated point-biserial correlations between each insular
zone and each receptor and transporter map in the atlas. Higher cor-
relations indicate the relatively greater density of a given neuro-
transmitter receptor/transporter. To evaluate the significance and
error variability of associations,we bootstrapped eachdomain-general
and selective insular map for 100 iterations. For each iteration, we
resampled individual contrastmaps and regenerated four insularmaps
for each domain based on these bootstrap samples. Spatial correla-
tions were then calculated between each bootstrapped insular map
and each PETbindingmap, reporting themean and standard deviation
of these spatial correlations across the 100 bootstrap samples as an
estimate of the standard error. For the representativeness of the
results, we only interpret the results where (1) there is more than one
study on the same neurotransmitter receptor or transporter, and (2)
the results from all studies on the same neurotransmitter receptor or
transporter are in agreement. We made exceptions for cases showing
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meaningful associations based on previous literature. We applied the
same approach to the coactivated extra-insular regions of each insular
zone. For each insular zone, we computed Pearson’s correlations
between its neurotransmitter receptor profile (pattern of receptor
densities across different systems) and the receptor profile of its cor-
responding coactivated regions to test for sharedpatterns of receptor/
transporter distributions.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The fMRI data from the main-analysis studies 1, 2, 4, 5, 7, 8, 19, 20, 22,
23, 25, 26, 28, 29, 31, and 32 are available at https://doi.org/10.6084/
m9.figshare.24033402.v2. Data from studies 3 and 6 are available at
https://neurovault.org/collections/8707/. Data from the validation
dataset for cognitive control (n-back working memory task) are avail-
able from the Human Connectome Project database. The remaining
datasets are available upon request from the corresponding authors of
the individual studies. The Neurosynth dataset is available at https://
github.com/canlab/Neuroimaging_Pattern_Masks/tree/master/
neurosynth, the cytoarchitecture maps at https://github.com/canlab/
Neuroimaging_Pattern_Masks/tree/master/Atlases_and_parcellations/
2020_JulichBrain_v3.0.3, and the neurotransmitter receptor/transpor-
ter maps at https://github.com/canlab/Neuroimaging_Pattern_Masks/
tree/master/Atlases_and_parcellations/2022_Hansen_PET_tracer_
maps. Source data are provided with this paper.

Code availability
Matlab code for implementing all analyses is available at https://github.
com/canlab/ and https://github.com/mijinjkwon/proj_insula_anic.
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Supplementary Methods 

Data harmonization and normalization 

When analyzing data aggregated from multiple studies across various functional domains, it is 
crucial to account for two types of variability or biases to accurately identify functionally 
convergent and selective areas in the insula. Here we refer to these two as 1) study-wide 
variability and 2) functional domain-wide variability. Study-wide variability is primarily a technical 
issue, while domain-wide variability reflects both biological and technical/methodological 
differences between domains. 
Study-wide variability: Data from different studies and sites are inevitably measured on different 
scales due to variable factors during data acquisition and analysis. These factors include 
scanner, acquisition, and analysis variables, such as field strength, TR, TE, acquired voxel size, 
flip angle, choice of baseline state, stimulus timing, physiological noise removal and filtering 
choices, scaling of the hemodynamic response function(s) used, model regressors and contrast 
weights, choice to analyze percent signal change, method for converting to percent signal 
change, choice to resample voxels, and contrast scaling across multiple runs. 
Domain-wide variability: The magnitude of brain activity associated with each functional domain 
differs. For example, in our dataset, painful stimuli generate more pronounced (higher 
activation) and widespread activity across the brain, including the insula, compared to the other 
domains we examined. These differences reflect both biological factors (e.g., pain's 
engagement of arousal and salience systems) and technical/methodological factors (e.g., 
differences in task design, stimulus parameters, and implementation across domains). While the 
biological differences are meaningful signals reflecting how domains genuinely differ in their 
neural engagement, they create analytical challenges when identifying domain-selective 
regions. Without proper data harmonization to account for these differences in signal levels, it 
would be challenging to identify functionally selective areas for other domains. 

Consideration of other data harmonization and normalization methods 

To address these issues, we explored a range of data harmonization and normalization 
methods, including ComBat1, L2 normalization, normalization with standard deviation as a norm, 
and z-scoring. ComBat has been successfully applied in various neuroimaging modalities, such 
as DTI2, cortical thickness3, volumetric T14, functional connectivity5,6, and task-based fMRI6. 
However, ComBat was not applicable in our case due to the nested relationship between 
sites/scanning parameters and task/study. L2 normalization and normalization with standard 
deviation as a norm did not significantly improve data harmonization compared to raw data. 
Therefore, we decided to analyze relative patterns after applying z-scoring normalization at the 
image level across voxels to account for site, scanner, and inter-study variability while still 
finding meaningful differences in activation patterns within the insula between the included 
functional domains. Although this approach may result in the loss of some informative signals, 
such as pain-related activity in the posterior insula, it enables the identification of local coding 
patterns for each domain. 
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Supplementary analysis with expanded insula boundaries 
Given the close functional connectivity between insular cortex and adjacent opercular regions, 
we tested whether our findings depend on specific anatomical boundary definitions. We 
repeated our main Bayes Factor analysis to identify domain-general and domain-selective 
zones with an expanded mask that included both insula proper and adjacent opercular regions. 
The expanded mask was constructed using parcels from two complementary atlases: HCP-
MMP1.07 and Julich-Brain Cytoarchitectonic Atlas8. For the Julich-Brain Atlas, we selected 
cytoarchitectonically-defined opercular areas OP3, OP5, OP7, and OP9. For HCP-MMP1.0, 
since this atlas does not contain the same opercular parcels, we identified anatomically 
corresponding regions based on spatial proximity. The following parcels were selected from 
each atlas: 

1. Julich-Brain Cytoarchitectonic Atlas: 
○ Insular parcels: Ig1, Ig2, Ig3, Id1, Id2, Id3, Id4, Id6, Id7, Id8, Id9, Id10, Ia1, Ia2 

(bilateral) 
○ Opercular parcels: OP3, OP5, OP7, OP9 (bilateral) 

2. HCP-MMP1.0 Atlas: 
○ Insular parcels: 52, PI, Ig, PoI1, PoI2, MI, AVI, AAIC, Pir (bilateral) 
○ Opercular parcels: FOP2, FOP3, FOP4, FOP5 (bilateral) 

Results from this expanded analysis are presented in Supplementary Fig. 7. We reported 
results only from the analysis using the parcels from the Julich-Brain Cytoarchitectonic Atlas in 
the main results, but Supplementary Fig. 7 includes results from both atlases for comparison, 
demonstrating consistent findings across different parcellation schemes.  
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Supplementary Figures 

 

Supplementary Fig. 1 
 
Multi-study data structure. Dataset used in the current study consists of 15 participants from 
each of 36 fMRI studies systematically sampled across four functional domains closely linked to 
insular function: somatic pain, non-somatic appetitive processes, non-somatic aversive 
processes, and cognitive control. Each functional domain comprises three subdomains 
representing different experimental paradigms within that domain, with three studies per 
subdomain to ensure representativeness and generalizability. Pain domain includes thermal 
(thermal stimulation), mechanical (mechanical stimulation), and visceral (visceral stimulation) 
subdomains. Appetitive processes domain includes food (food images), drug (drug images), and 
sexual (sexual images) subdomains. Aversive processes domain includes images (negative 
images), sound (aversive sounds), and social (negative social interactions) subdomains. 
Cognitive control domain includes WM (working memory), inhibition (response inhibition), and 
switching (attention switching) subdomains.  
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Supplementary Fig. 2 
Domain-level t-statistic maps (unthresholded) for global insular activation across 
domains. Statistical parametric maps showing t-values from one-sample t-tests (n=135 per 
domain) for mean activation values normalized by each study's average voxel-wise between-
subject SD to account for differences in signal scale across studies. Pain shows stronger and 
more widespread activation throughout the insula compared to other domains. Color scale 
represents t-statistic values. 
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Supplementary Fig. 3 
 
L2 normalization reveals pain-selective regions in posterior insula. Domain-selective 
zones identified using L2 normalization, which scales activation patterns to unit length without 
mean centering. In contrast to z-scoring normalization (used in the main analysis), which 
standardizes both mean and variance across voxels, L2 normalization maintains the sign and 
spatial distribution of activation patterns. This reveals pain-selective zones in the posterior 
insula that were obscured in the main analysis, confirming that pain-related signals are present 
in posterior regions but are masked in our primary analysis due to pain's significantly higher 
whole-insula activation compared to other domains.  
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Supplementary Fig. 4 
 
Pairwise classification between appetitive and aversive processes. To further investigate 
the multiclass classification patterns observed in Fig. 2b, we trained binary SVM classifiers 
specifically between appetitive and aversive processes. When classifying appetitive processes, 
accuracy was above chance (73%), but when classifying aversive processes, accuracy was at 
chance level (50%). This pattern suggests that while appetitive processes have distinct neural 
representations, aversive processes share substantial neural patterns with a subset of 
appetitive processes or potentially greater heterogeneity in their neural representations, which 
may result in more conservative results in identifying aversive-selective zones. 
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Supplementary Fig. 5 
Subdomain classification using insular activation patterns. Confusion matrix shows 
prediction accuracies for multiclass SVM classifiers trained to discriminate between 12 
subdomains (3 per domain) using the same leave-one-study-out scheme as domain 
classification (see Methods for details). Classifiers performed above chance (8.3%) for all 
subdomains (mean=32.11%, range: 15.6% for aversive social interaction to 57.8% for working 
memory), with mechanical pain, aversive sound, and working memory showing higher 
discriminability compared to other subdomains. 
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Supplementary Fig. 6 
Activation profiles of insular zones. Mean z-scored contrast coefficients for domain-general 
and domain-selective zones across all 36 individual studies, grouped by domains and 
subdomains. Zones were identified using Bayes Factor analysis at the domain level 
(aggregating across all studies within each domain); this figure displays the activation values 
from these domain-defined zones separated by individual study to show consistency of 
activation profiles across studies and subdomains. Domain-general zones show high activation 
across all domains, while domain-selective zones show high activation for their designated 
domain and low/no activation for other domains. These patterns are consistent across studies 
and subdomains within each domain with few exceptions. The centerline shows the median; box 
edges represent first (25th percentile) and third (75th percentile) quartiles, with the box length 
showing the interquartile range (IQR, middle 50% of data). Whiskers extend to the most 
extreme values within 1.5 × IQR from the box edges, and points beyond the whiskers indicate 
outliers. Source data are provided as a Source Data file.  
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Supplementary Fig. 7 

Domain-general and domain-selective zones using expanded anatomical definition 
including opercular regions. Analysis using masks that include both insula proper and 
adjacent opercular regions from Julich-Brain Cytoarchitectonic Atlas (top) and HCP-MMP1.0 
Atlas (bottom). This analysis revealed similar domain-general and domain-selective patterns in 
opercular areas with known structural connections to the insula9. For example, pain-selective 
activation appeared primarily in OP5 and domain-general activation was found in OP7 and OP9, 
consistent with their connectivity to mid-posterior and dorsal anterior insula. 
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Supplementary Fig. 8 
Validation of insular zones using independent datasets. Activation profiles from 
independent validation datasets (n=608) for the five identified functional zones. First five panels 
show mean activation within domain-general, pain-selective, appetitive-selective, aversive-
selective, and cognitive-selective zones. The bottom last panel shows global insula activation 
(mean/SD) across domains in the validation datasets. Source data are provided as a Source 
Data file.
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Supplementary Fig. 9 
Complete topic-level decoding of insular zones using Neurosynth. Heatmap shows standardized point-biserial correlations 
between domain-general and domain-selective insular zones and all 50 psychological topic maps.
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Supplementary Fig. 10 

Deactivation-based functional zones in the insula. Domain-general zones identified from 
deactivation patterns were predominantly located in the posterior-most portion of the insula. 
Domain-selective deactivation zones showed distinct distributions: pain-selective in dorsal and 
ventral anterior insula, appetitive-selective in left dorsal anterior insula, aversive-selective in 
dorsal mid insula, and cognitive control-selective in ventral mid insula.  
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Supplementary Fig. 11 

Schematic description of study selection and training and testing of multi-class Support 
Vector Machine (SVM) model. Part 1 shows study selection and stratification for one example 
domain. Each domain comprises three subdomains with three studies each (9 studies total per 
domain). For each iteration, one study per subdomain is held out as the test set (red border), 
while the remaining two serve as training data (blue border), ensuring the classifier is tested on 
entirely independent studies. Different held-out combinations are systematically sampled across 
100 iterations. Part 2 shows the training and testing procedure. Training data from all four 
domains are used to fit a multi-class linear SVM with a one-vs-all scheme and 5-fold cross-
validation for hyperparameter optimization (box constraint). The trained classifier is then applied 
to the held-out studies to predict domain labels. Classification accuracy is averaged across all 
100 test sets to estimate out-of-study generalization performance. 
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Supplementary Fig. 12 

Domain-general and domain-selective zones at different Bayes Factor thresholds (BF = 2, 
3, 4, and 4.32). Each row of the figure and color legend shows a different zone type: domain-
general (purple), pain-selective (red), appetitive-selective (yellow), aversive-selective (blue), and 
cognitive control-selective (green). Left and right columns show left and right hemispheres, 
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respectively. Color intensity indicates the BF threshold at which each voxel survives, with lighter 
shades corresponding to lower thresholds and darker shades to higher thresholds from BF = 2 
(lowest) to 4.32 (highest, the threshold used in the main analysis). Voxels surviving higher 
thresholds are spatial subsets of those at lower thresholds. The spatial extent and overall 
configuration of functional zones remain stable across thresholds, indicating that the identified 
zones are robust to the choice of BF threshold.  
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Supplementary Fig. 13 

Resting-state network affiliations using unthresholded coactivation maps. This analysis 
shows network affiliations including subthreshold coactivated voxels, complementing the 
thresholded analysis in Fig. 5b. Source data are provided as a Source Data file.
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Supplementary Tables 

Supplementary Table 1 
Domain-selective and domain-general insular clusters. Cluster information including center coordinates in standard MNI (Montreal Neurological Institute) 
space and parcellation labels using three existing atlases7,8,10 
 

Insular cluster L/R Number 
of voxels 

MNI Coordinates 

Mean Bayes factors 
Parcellations 

X Y Z 7 10 8 

Pain-selective 
L 98 -40 2 2 

22.80 [3.08, 97.98] 
Ctx_PoI2_L Posterior short gyrus (left) L_Area_Id6 

R 222 38 -6 2 Ctx_PoI2_R Anterior long gyrus (right) R_Area_Op5 

Appetitive-selective 
L 9 -38 -8 2 

6.88 [3.04,14.10] 
Ctx_PoI2_L Anterior long gyrus (left) L_Area_Id5 

R 5 34 -12 -8 Ctx_PoI1_R Posterior long gyrus (right) R_Area_Ia3 

Aversive-selective 
L 33 -38 12 -16 

10.12 [2.99, 25.73] 
Ctx_AAIC_L Anterior inferior gyrus (left) L_Area_Id10 

R 42 36 14 -14 Ctx_AAIC_R Anterior inferior gyrus (right) R_Area_TI 

Cognitive-selective 
L 58 -28 20 8 

15.46 [2.96, 51.72] 
Ctx_FOP4_L Anterior short gyrus (left) L_Area_Id7 

R 84 30 20 4 Ctx_AVI_R Anterior short gyrus (right) R_Area_Id6 

Domain-general 

L 55 -42 16 -2 
24.60 [3.13, 68.94] (Pain) 

26.40 [2.98, 61.20] 
(Appetitive) 

11.25 [3.00, 26.22] 
(Aversive) 

20.70 [3.29, 56.28] 
(Cognitive) 

Ctx_MI_L Anterior short gyrus (left) L_Area_Id6 

R 65 44 18 -4 Ctx_44_R Anterior inferior gyrus (right) R_Area_Id8' 
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Supplementary Table 2 
Neurosynth topic maps selected for the current study and their correlations with each 
domain-general and domain-selective insular zone 

 

Topic label 
Domain-selective and domain-general insular zones 

Neurosynth 
Topic ID Pain- 

selective 
Appetitive- 
selective 

Aversive- 
selective 

Cognitive- 
selective 

Domain- 
general 

Somatosensory 
Stimulation 1.0425 1.0072 -0.3993 -0.5538 -0.2708 0 

Substance Addiction -0.1215 -0.1551 -0.0977 -0.1420 -0.1541 2 

Stress and Trauma -0.1194 -0.1531 -0.0945 -0.1377 -0.1529 4 

Cognitive Decline -0.2390 -0.2606 -0.2701 -0.3774 -0.2204 5 

Object Perception -0.3890 -0.3947 -0.5712 -0.6783 -0.3045 6 

Physiological Cycles -0.0137 -0.2308 -0.2214 -0.3109 -0.2017 7 

Attention Control -0.3467 -0.3574 -0.4281 -0.4966 -0.2244 9 

Executive Function -0.1460 -0.1770 -0.1335 -0.1910 -0.1679 13 

Mental Imagery -0.3938 -0.3861 -0.4971 -0.2657 -0.3077 14 

Language Processing -0.4150 -0.4049 -0.5280 -0.3580 -0.2688 15 

Social Cognition -0.3836 -0.3900 1.3726 -0.6613 -0.3015 17 

Semantic Processing -0.2892 -0.3057 -0.3373 -0.2522 -0.1610 20 

Contextual Processing -0.1155 -0.1497 -0.0889 -0.1300 -0.1508 21 

Mood Disorders -0.1161 -0.1502 -0.0897 -0.1311 -0.1511 22 

Alternative Medicine -0.1163 -0.2323 -0.2238 -0.3142 -0.2026 23 

Memory Processes -0.4258 -0.4058 -0.5440 0.3508 -0.3257 24 

Response Inhibition -0.2176 -0.2414 5.5929 1.5550 6.5496 25 

Multiple Sclerosis -0.1042 -0.1395 -0.0723 -0.1073 -0.1444 30 

Language Processing (2) -0.2166 -0.2427 -0.2408 -0.3374 -0.2027 32 

Decision-making -0.2214 -0.2448 0.1886 0.9870 -0.0404 34 

Action Observation -0.3908 -0.3970 -0.4927 -0.6813 -0.3059 40 

Sensory Impairments -0.1578 -0.1876 -0.1509 -0.2147 -0.1746 46 

Executive Function (2) -0.1857 -0.2149 -0.1954 1.0597 -0.1109 49 

Motor Coordination -0.3480 -0.3589 -0.4304 -0.5963 -0.2820 51 

Numerical Cognition -0.2428 -0.2640 -0.2755 -0.3779 -0.2225 52 



 

19 

Autobiographical 
Memory -0.4722 -0.4702 -0.3787 -0.8443 -0.3683 56 

Cognitive Flexibility -0.2249 -0.2479 -0.2493 2.6202 0.0488 58 

Emotion Processing 0.2267 2.7119 2.1519 -0.5264 -0.1547 60 

Pain Processing 6.5060 3.5111 -0.2935 1.7713 1.6717 61 

Developmental Disorders -0.1082 -0.1430 -0.0781 -0.1153 -0.1466 62 

Face Processing -0.3056 -0.3192 -0.3676 -0.5723 -0.2579 65 

Gender Differences -0.1306 -0.1599 -0.1110 -0.1602 -0.1593 66 

Personality Traits -0.1103 -0.1450 -0.0812 -0.1195 -0.1478 67 

Working Memory -0.4072 -0.4117 -0.5167 2.4255 -0.0402 68 

Body Perception -0.1919 -0.2182 -0.2009 -0.2829 -0.1938 70 

Sensorimotor Processing 1.0622 -0.1656 -0.5678 -0.7829 -0.3348 72 

Spatial Cognition -0.3599 -0.3692 -0.4474 -0.6150 -0.2885 75 

Reasoning & Evaluation -0.1808 -0.2083 -0.1846 -0.2607 -0.1876 77 

Alcohol Dependence -0.1240 -0.1573 -0.1013 -0.1470 -0.1555 81 

Task Performance -0.2436 -0.2647 -0.2767 3.3536 0.8578 82 

Feedback-based 
Learning -0.2169 -0.2407 0.7106 2.6108 0.2978 85 

Auditory Processing -0.0534 -0.3679 -0.0616 -0.4330 -0.2877 86 

Sentence 
Comprehension -0.3753 -0.3831 -0.4516 -0.4684 -0.2941 87 

Motion Perception -0.2930 -0.3092 -0.3493 -0.4855 -0.2508 88 

Familiarity & Recognition -0.1762 -0.2041 1.9528 -0.2515 -0.1849 90 

Eye Movements -0.3571 -0.3667 -0.4432 -0.6138 -0.2869 93 

Motor Execution 0.1785 -0.5495 -1.0050 -1.7706 -0.4728 95 

Fear Conditioning 0.1967 0.3050 -0.2151 -0.4761 0.2336 97 

Food Processing 1.1238 4.9280 1.1365 -0.3482 -0.2116 98 

Reward Processing -0.2900 -0.3177 -0.3428 -0.1450 -0.1861 99 
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Supplementary Table 3 
List of highly matching cytoarchitectonic parcels for each insular zone 
 

Insular cluster L/R Parcel Dice 
coefficient Cytoarchitectonic feature 

Pain-selective 

L 

Id6 (L) 0.260 Dysgranular, Dorsal anterior 

Id3 (L) 0.160 Dysgranular, Dorsal anterior 

Id5 (L) 0.120 Agranular-dysgranular, Inferior posterior 

R 

Id6 (R) 0.190 Dysgranular, Dorsal anterior 

Id3 (R) 0.160 Granular-dysgranular, Posterior 

Id2 (R) 0.150 Granular-dysgranular, Posterior 

Ig2 (R) 0.120 Granular-dysgranular, Posterior 

Appetitive-selective 
L Id5 (L) 0.200 Agranular-dysgranular, Inferior 

R Ia3 (R) 0.110 Agranular, Ventral anterior cluster 

Aversive-selective 

L Id10 (L) 0.170 Agranular, Ventral anterior 

R 
Id10 (R) 0.170 Agranular, Ventral anterior 

Id9 (R) 0.140 Agranular, Ventral anterior 

Cognitive-selective 

L 
Id7 (L) 0.260 Dysgranular, Dorsal anterior 

Id6 (L) 0.120 Dysgranular, Dorsal anterior 

R 

Id6 (R) 0.210 Agranular, Ventral anterior 

Id8 (R) 0.160 Dysgranular, Dorsal anterior 

Id7 (R) 0.150 Dysgranular, Dorsal anterior 

Id10 (R) 0.100 Agranular, Ventral anterior 

Domain-general 
L Id6 (L) 0.260 Dysgranular, Dorsal anterior 

R Id8 (R) 0.160 Agranular, Ventral anterior 
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Supplementary Table 4 
Study info for main analysis 
 

Study # Domain Subdomain Publication N Contrasts Stimulus/ 
Paradigm 

Experimental 
design 

Stimulus 
dynamics 

N 
(female) 

Mean 
Age 

IRB/Ethics 
Approval 

Committee 

MRI 
System 

1 Pain Thermal 
Atlas et al. 
(2010)11  15 High vs low 

pain 
Thermal 

stimulation Event-related 

10s duration (1.5s 
ramp up, 7s 
plateau, 1.5s ramp 
down); individually 
calibrated 

19 (9) 25.5 Columbia 
University 

1.5T GE 
Signa 

TwinSpeed 
Excite HD 

2 Pain Thermal 
 

Wager et al. 
(2013)12 

15 49.3° C vs 
baseline 

Thermal 
stimulation Event-related 

10s duration; 44.3-
49.3°C in 1°C 
increments 

33 (22) 27.9 Columbia 
University 

1.5T GE 
Signa 

TwinSpeed 
Excite HD 

3 Pain Thermal 
Krishnan et 
al. (2016)13 

15 
High pain (48 

degree) vs 
baseline 

Thermal 
stimulation Event-related 

11s duration (2s 
ramp-up, 7s 
plateau, 2s ramp-
down); 46, 47, 48°C 
fixed temperatures 

28 (10) 25.2 
University of 

Colorado 
Boulder 

3T 
Siemens 
Tim Trio 

4 Pain Visceral 
Kano et al. 
(2017)14 15 Distension vs 

baseline 
Rectal 

distention Event-related 

18s distension 
(approximately 5s 
inflation, 
approximately 10s 
at threshold); 
individually 
calibrated 

29 (15) 22.5 

Tohoku 
University 
School of 
Medicine 

3T 
Siemens 
TrioTIM 

5 Pain Visceral 
Rubio et al. 

(2015)15 
 

15 Distension vs 
baseline 

Rectal 
distention Block 

18s distension 
(approximately 5s 
inflation, 13s at 
threshold); 
individually 
calibrated 

15 (9) 24* 

Comité de 
Protection des 

Personnes 
Sud Est V, 

France 

3T Philips 
Achieva TX 
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6 Pain Visceral 
Coen et al. 

(2011)16 
15 Distension vs 

rest 
Esophageal 

pain Event-related 

1s phasic 
distension at pain 
tolerance threshold; 
individually 
calibrated 

31 (16) 30 King’s College 
London, UK 

3T GE 
Signa 

Excite II 

7 Pain Mechanical 
 

Kragel et al. 
(2018)17 

15 7 kg/cm2 vs 
baseline 

Pressure 
Stimulation Event-related 10s duration; 7 

kg/cm² to thumbnail 15 (4) 26.9 
University of 

Colorado 
Boulder 

3T 
Siemens 
TrioTIM 

8 Pain Mechanical 
Čeko et al. 
(2022)18 

15 
4, 5, 6 and 7 
kg/cm2 vs 
baseline 

Pressure 
Stimulation Event-related 

10s duration; 4, 5, 
6, 7 kg/cm² to 
thumbnail 

15 (8) 24.2 
University of 

Colorado 
Boulder 

3T 
Siemens 
Prisma 

9 Pain Mechanical Ashar et al. 
(Unpublished) 15 High vs low 

pressure 
Pressure 

Stimulation Event-related 6s duration; 4, 7 
kg/cm² to thumbnail 141 (75) 41.7 

University of 
Colorado 
Boulder 

3T 
Siemens 
Prisma 

10 Appetitive 
Processes Food 

Koban et al. 
(2023)19 

15 
Food cue vs. 

baseline 
(HC*) 

Craving 
regulation 
with food 

cues 

Event-related 6s image 
presentation 22 (9) 26.4 Columbia 

University 

1.5T GE 
Signa 

TwinSpeed 
Excite HD 

11 Appetitive 
Processes Food 

Koban et al. 
(2023)19 15 

Food cue vs. 
baseline 

(HC*) 

Craving 
regulation 
with food 

cues 

Event-related 6s image 
presentation 18 (6) 42.1 Yale University 

3T 
Siemens 

Magnetom 
Trio 

12 Appetitive 
Processes Food 

Koban et al. 
(2023)19 

15 
Food cue vs. 

baseline 
(Smoker) 

Craving 
regulation 
with food 

cues 

Event-related 6s image 
presentation 21 (8) 26.8 Columbia 

University 

1.5T GE 
Signa 

TwinSpeed 
Excite HD 

13 Appetitive 
Processes Drug 

Koban et al. 
(2023)19 15 

Drug cue vs. 
baseline 
(Drinker) 

Craving 
regulation 
with drug 

cues 

Event-related 6s image 
presentation 17 (7) 33.4 Yale University 

3T 
Siemens 
Tim Trio 

14 Appetitive 
Processes Drug 

 
Koban et al. 

(2023)19 
15 

Drug cue vs. 
baseline 
(Cocaine 

user) 

Craving 
regulation 
with drug 

cues 
(cocaine) 

Event-related 6s image 
presentation 21 (3) 43.5 Yale University 

3T 
Siemens 

Magnetom 
Trio 
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15 Appetitive 
Processes Drug 

 
Koban et al. 

(2023)19 
15 

Drug cue vs. 
baseline 
(Smoker) 

Craving 
regulation 
with drug 

cues 
(cigarette) 

Event-related 6s image 
presentation 21 (8) 26.8 Columbia 

University 

1.5T GE 
Signa 

TwinSpeed 
Excite HD 

16 Appetitive 
Processes Sexual 

Wehrum et al. 
(2013)20 15 

Sexual vs. 
neutral 
pictures 

Sexually 
arousing 
images 

Block design 3s per picture; 5 
pictures per block 100 (50) 25.4 

German 
Psychological 

Society 

1.5T 
Siemens 

Symphony 
with 

quantum 
gradient 
system 

17 Appetitive 
Processes Sexual 

Stark et al. 
(2019)21 

15 Sexual video 
vs. baseline 

Sexually 
arousing 
videos 

Event-related 8s video 
presentation 70 (33) 25.7 

German 
Psychological 

Society 

3T 
Siemens 
Prisma 

18 Appetitive 
Processes Sexual 

Kragel et al. 
(2019)22 

15 
Sexual 

images vs. 
baseline 

Sexually 
arousing 

images from 
IAPS and 
GAPED 

Event-related 4s image 
presentation 18 (10) 25 

University of 
Colorado 
Boulder 

3T 
Siemens 

Healthcare 

19 Aversive 
Processes Visual 

Gianaros et 
al. (2014)23 

15 
Negative 

pictures vs 
baseline 

Images from 
IAPS Event-related 7s image 

presentation 183 (88) 42.7 University of 
Pittsburgh 

1.5 and 3T 
GE Signa 

LX Horizon 
Echospeed

, 

20 Aversive 
Processes Visual 

Yarkoni et al. 
(2011)24 

15 
Negative vs 

neutral 
pictures 

Images from 
IAPS Event-related 

~10s image 
presentation 
(pooled from 5 
studies) 

108 (NR) NR 

Stanford 
University, 
Columbia 
University 

1.5T GE 
Signa Twin 

Speed 
Excite HD 
scanner 

21 Aversive 
Processes Visual 

Kober et al. 
(2019)25 15 

Negative 
pictures vs 
baseline 

Images from 
IAPS Event-related 8s stimulus 

presentation 16 (5) 31.75 Columbia 
University 

1.5T GE 
Signa Twin 

Speed 
Excite HD 
scanner 

22 Aversive 
Processes Auditory 

Kragel et al. 
(2018)17 

15 
Unpleasant 
Sounds vs 
baseline 

Sounds from 
IADS Event-related 

8s duration; sounds 
from IADS 
database 

15 (7) 31.1 
University of 

Colorado 
Boulder 

3T 
Siemens 
Tim Trio 



 

24 

23 Aversive 
Processes Auditory 

Geuter et al. 
(2020)26; 

Kragel et al. 
(2018)17 

15 
Unpleasant 
Sounds vs 
baseline 

Sounds from 
IADS Event-related 

8s duration; sounds 
from IADS 
database 

15 (9) 24.4 
University of 

Colorado 
Boulder 

3T 
Siemens 
Tim Trio 

24 Aversive 
Processes Auditory Ashar et al. 

(Unpublished) 15 

Sound high 
vs. low in 

unpleasantne
ss 

Aversive 
sound (knife 
scraping on 

glass) 

Event-related 
6s duration; knife 
scraping sound at 2 
intensity levels 

141 (75) 41.7 
University of 

Colorado 
Boulder 

3T 
Siemens 
Prisma 

25 Aversive 
Processes Social 

Kross et al. 
(2011)27 

15 
Images of ex-

partner vs 
friend 

Images of 
ex-partners Event-related 15s image 

presentation 40 (21) 20.8 Columbia 
University 

1.5T GE 
Signa 

TwinSpeed 

26 Aversive 
Processes Social 

Krishnan et 
al. (2016)13 

15 
High pain 
images vs 
baseline 

Images of 
others in 

pain 
Event-related 11s image 

presentation 30 (12) 25.2 
University of 

Colorado 
Boulder 

3T 
Siemens 
Tim Trio 

27 Aversive 
Processes Social 

Yu et al. 
(2020)28 

15 Self-incorrect 
vs. baseline 

Guilt from 
causing pain 
due to one's 

error 

Event-related 3s feedback of 
performance 24 (11) 22 Peking 

University 

3T 
Siemens 
Tesla Trio 

28 Cognitive 
Control WM 

DeYoung et 
al. (2009)29 

15 3-back blocks 
vs baseline 

N-back 
(faces and 
words) task 

Block 2s per stimulus 104 (59) 22.7 

Washington 
University 
Medical 
Center 

3T 
Siemens 
Allegra 

29 Cognitive 
Control WM 

van Ast et al. 
(2016)30 

15 N-back blocks 
vs baseline 

N-back 
(words) task Event-related 2s per stimulus 21 (10) 22.2 Columbia 

University 
3T Philips 
Achieva 

30 Cognitive 
Control WM Unpublished 15 Word event 

vs. fixation 

Updating 
working 
memory 

task 

Event-related 2s per stimulus 30 (16) 28.1 
University of 

Colorado 
Boulder 

3T 
Magnetom 

Trio 

31 Cognitive 
Control Inhibition 

Aron et al. 
(2007)31 

15 All trials vs 
baseline 

Stop signal 
task Event-related ~1s per stimulus 15 (5) 28.1 UCLA 

3T 
Siemens 
Allegra 

32 Cognitive 
Control Inhibition 

 Xue et al. 
(2008)32 15 All trials vs 

baseline 
Stop signal 

task Event-related ~1s per stimulus 15 (9) 23.6 UCLA 
3T 

Siemens 
Allegra 

33 Cognitive 
Control Inhibition Unpublished 15 Antisaccade 

vs. fixation 

Response 
inhibition 

task 
Event-related 

3.82s per stimulus 
(cue 2.32s, target 
1.5s) 

30 (16) 28.1 
University of 

Colorado 
Boulder 

3T 
MAGNETO

M Trio 
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34 Cognitive 
Control Switching Unpublished 15 Switching vs. 

fixation 
Set shifting 

task Event-related ~3s 30 (16) 28.1 
University of 

Colorado 
Boulder 

3T 
MAGNETO

M Trio 

35 Cognitive 
Control Switching 

Wager et al. 
(2005)33 

15 Switch vs. 
non-switch 

Attention 
switching 

task 
(external) 

Event-related self-paced 39 (NR) NR University of 
Michigan 

3T GE 
Signa 

36 Cognitive 
Control Switching 

Wager et al. 
(2005)33 

15 Switch vs. 
non-switch 

Attention 
switching 

task 
(internal) 

Event-related self-paced 39 (NR) NR University of 
Michigan 

3T GE 
Signa 

 

* HC: healthy controls 

  



 

26 

Supplementary Table 5 
Study info for validation datasets 
 

Domain Publication N* Contrasts Stimulus/ 
Paradigm 

Experimental 
design Stimulus dynamics Mean Age 

IRB/Ethics 
Approval 

Committee 
MRI System 

Pain Woo et al. (2014)34 51 Heat pain vs 
warmth 

Thermal 
stimulation Event-related 

15s duration (1.5s ramp 
up, 12s plateau, 1.5s 
ramp down); individually 
calibrated 

20.8 Columbia 
University 

1.5T GE Signa 
TwinSpeed 
Excite HD 

Appetitive 
Process 

MacNiven et al. 
(2018)35 

32 
Gain vs. no-

gain 
anticipation 

Monetary 
Incentive 

Delay (MID) 
task36 

Event-related cue, anticipation, target 
response, and outcome 32 Stanford 

University 
3 Tesla GE 

Discover MR750 

Aversive 
Process 

Gianaros et al. 
(2020)37 

160 
Negative vs 

neutral 
images 

Images from 
IAPS Event-related 7s image presentation 39.7 University of 

Pittsburgh 
3T Siemens Tim 

Trio 

Cognitive 
control 

Barch et al. 
(2013)38 

365 2-back vs 0-
back (place) 

N-back (place) 
task Block 2s per stimulus 28.7 N/A 

Siemens 3T 
Connectome 

Skyra 

 

* Represents the final number of participants included after preprocessing and quality control procedures.
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Sex, determined by self-report across all studies for 36 study contrasts in the main analysis and 4 in the validation analysis, is
documented in Supplementary Table 4 and Supplementary Table 5, respectively. While the study included both male and
female participants, it was not designed or powered to systematically examine sex differences in insular function, and
therefore no sex-based analyses were performed. Gender information beyond binary sex was not uniformly collected across
individual studies, precluding gender-based analyses.

Race, ethnicity, and other socially relevant grouping information was collected differently across the studies included in the
main and validation analyses. The current study was not designed or powered to investigate differences among racial, ethnic,
or other social groups in insular function, and therefore no analyses were performed examining these factors.

Population characteristics are summarized in Supplementary Table 4 (main analysis) and Supplementary Table 5 (validation).
Specific inclusion/exclusion criteria are detailed in the original publications.

Recruitment methods varied across studies and are detailed in the original publications. Our systematic sampling across
multiple studies and sites helps mitigate potential study-specific recruitment biases.

Each study in the main analysis and validation analysis was approved by its respective institutional review board, as listed in
Supplementary Table 4 and Supplementary Table 5, respectively.

The current analysis included 540 participants (15 participants sampled from 36 studies). Sample size determinations for individual studies are
detailed in their original publications.

No data were excluded from the analysis.

Direct replication was attempted by validating primary findings against independent datasets for each domain.

As a mega-analysis of existing studies, this was not a randomized study. Contrasts were constructed within subjects to compare effects across
studies. Participants were recruited independently for each study. Domain assignment was determined by the experimental manipulation
used in each study (e.g., studies using thermal stimulation were assigned to the pain domain).

Investigators were not blinded during data analysis but were unaware of group comparisons during original data collection.
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n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods

n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Novel plant genotypes

Seed stocks

Authentication

Plants

Magnetic resonance imaging

Experimental design

Design type

Design specifications

Behavioral performance measures

Acquisition
Imaging type(s)

Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI Used Not used

Preprocessing

Preprocessing software

Normalization

Normalization template

Noise and artifact removal

Volume censoring

Statistical modeling & inference

Model type and settings

Not applicable to the current study

Not applicable to the current study

Not applicable to the current study

Multiple experimental designs were used across 36 studies. Our approach aims to generalize across these
methodological factors.

Trial number, stimulus duration, and scan length varied across studies. Details are provided in the original publications
referenced in Supplementary Table 4.

Behavioral data were not included.

BOLD fMRI

1.5 and 3 Tesla

EPI (standard and multi-band) and spiral in-out sequences were used for data acquisition. Details are provided in the
original publications listed in Supplementary Table 4.

Whole brain scans were used.

Each study used different preprocessing pipeline and software. Details are provided in the original publications listed in
Supplementary Table 4.

Images were normalized to Montreal Neurological Institute (MNI) space using study-specific MNI templates.

The templates used depend on the study but all studies used MNI templates

Regression of motion parameters was performed in all studies.

Outlier timepoints identified via Mahalanobis distance using a chi-square test were excluded in some studies.

Data used were all 2nd level contrast maps sampled from 36 studies and they were then evaluated by Bayes factor for the
purpose of conjunction analysis to identify domain-general and domain-selective voxels.
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Effect(s) tested

Specify type ofof analysis: Whole brain ROI-based Both

Anatomical location(s)

Statistic type for inference

(See Eklund etet al. 2016)

Correction

Models & analysis

n/a Involved inin the study

Functional and/or effective connectivity

Graph analysis

Multivariate modeling oror predictive analysis

Bayes Factors were calculated for each functional domain toto compare evidence for alternative and null hypotheses using JZS
prior (Rouder etet al., 2009). Thresholds were set atat 4.32 for alternative and 0.23 (1/4.32) for null hypothesis, corresponding toto
FDR-corrected q < 0.01. Voxels were classified asas activated when showing both BFBF > 4.32 and positive t-statistics. Evidence for
nono activation included cases ofof either BFBF < 0.23 oror BFBF > 4.32 with negative t-statistics. With conjucntion analysis, voxels
activated inin all four domains were classified asas domain-general, while voxels activated inin one domain with evidence for nono
activation inin other domains were classified asas domain-selective.

Insula

Voxel-wise statics were used.

FDR correction
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