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Anterior insular co-activation patterns 
associated with stress markers in chronic 
primary pain

Salome Häuselmann,1,2,3 Anna Wyss,1,3 Samantha Weber,1,4,5 Nicolas Gninenko,1,6
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Chronic primary pain occurs without an identifiable causal disease and is marked by persistent pain, emotional distress and functional disability. The 
anterior insular cortex, involved in salience processing and integration of sensory, emotional and cognitive aspects of pain, has been implicated in 
neural processes linking pain and stress responses. This study investigates whether specific brain state dynamics, using the anterior insula as a seed 
region, are associated with chronic primary pain and examines their associations with pain- and stress-related measures. Resting-state functional MRI, 
stress biomarkers (cortisol and alpha-amylase), a pain sensitivity test, as well as subjective measures of stress and pain were collected from patients with 
chronic primary pain (N = 30) and healthy controls (N = 30). Co-activation pattern analysis was used to identify brain states with the anterior insula 
as the seed region and to assess group differences in the temporal characteristics of these brain states. Partial least squares analysis was applied to 
investigate multivariate associations between specific temporal brain state characteristics and pain- and stress-related measures. Three anterior in
sula–seeded co-activation patterns (brain states) were identified in healthy controls. In the first co-activation pattern, the anterior insula co-activated 
with the default mode network; in the second, with the salience-somatomotor network; and in the third, with the visual network. Chronic primary 
pain patients and healthy controls differed significantly in temporal brain state characteristics, namely in the relative number of entries into co-ac
tivation pattern one (pFDR = 0.002) and two (pFDR = 0.022), and the relative occurrence of co-activation patterns one (pFDR = 0.022) and two (pFDR  

= 0.022). Furthermore, in chronic primary pain patients, perceived stress scores and cortisol were significantly associated with these specific temporal 
brain state characteristics (P = 0.002), whereas no associations were found with pain-related measures. Together, these findings suggest that in chronic 
primary pain, reduced coupling of the anterior insula with the default mode network and increased coupling of the anterior insula with salience- 
related networks are associated with psychophysiological stress markers. These brain state dynamics may potentially represent a neural correlate 
of altered stress processing in chronic primary pain.
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Graphical Abstract

Introduction
Pain is defined as an unpleasant sensory and emotional experience 
associated with actual or potential tissue damage or with experi
ences resembling such damage.1 When this experience becomes 
chronic (i.e. persisting in the absence of ongoing or identifiable tis
sue damage), pain loses its adaptive role as a warning signal and pro
tective mechanism.2 According to ICD-11, chronic primary pain 
(CPP) conditions—such as chronic widespread pain or chronic pri
mary visceral pain—affect one or more anatomical regions and are 
associated with significant emotional distress and functional 

disability.1 CPP is a multifactorial condition resulting from an 
interplay of biological, psychological and social factors.1,3

However, the diagnosis of CPP is made regardless of the biological 
and psychological contributors identified.4,5 Despite increasing rec
ognition of its multifactorial aetiology, treatment of CPP remains 
challenging, with an uncertain prognosis.6,7

Notably, both states of acute and chronic stress are considered 
important contributors to the development and maintenance of 
chronic pain.8,9 Stress-related contributions to pain chronification 
can be understood within an allostatic load framework, in which 
early-life vulnerabilities and cumulative stress exposure jointly affect 
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interconnected neural, autonomic and endocrine circuits [e.g. 
hypothalamic–pituitary–adrenal (HPA) axis] involved in stress 
and pain regulation.10,11 At the level of the brain, these processes 
are reflected in overlapping networks, particularly within the limbic 
system, indicating a shared neurobiological basis of both stress and 
pain processes.10,12

Functional magnetic resonance imaging (fMRI) comparing 
chronic pain populations with healthy controls (HCs) has revealed 
altered activity and connectivity across multiple brain regions in
volved in pain processing, emotional regulation and salience detec
tion, such as the insula, thalamus and somatosensory cortex.9 A 
shift in insular activation from the sensory-focused posterior to 
the affective-focused anterior insular cortex (aIC) has also been ob
served during the transition from acute to chronic pain, highlight
ing the aIC’s role in salience detection and integration of sensory, 
emotional and cognitive aspects of pain.13-20 However, such find
ings are largely based on time-averaged connectivity metrics (i.e. sta
tic functional connectivity), which do not capture the inherently 
dynamic nature of brain network interactions.

Capturing these dynamic and transient changes on a neural le
vel requires approaches that go beyond time-averaged static con
nectivity or window-based functional connectivity (i.e. classical 
dynamic functional connectivity). One such method is 
co-activation pattern (CAP) analysis, a dynamic functional con
nectivity approach that identifies recurring, transient whole-brain 
activation patterns (i.e. brain states) in fMRI data at a single-frame 
level.21 CAP analysis thus directly captures the brain’s 
moment-to-moment reconfiguration of functional networks.22

These dynamic patterns are thought to reflect the brain’s func
tional flexibility and adaptability, and their temporal properties 
(i.e. temporal characteristics), such as occurrence, duration and 
transition, offer insight into how neural systems coordinate infor
mation over time.21 Altered flexibility or stability of brain states 
have been reported before across neurological and psychiatric 
disorders,23-25 and may also underlie the neural mechanisms asso
ciated with CPP. To date, two fMRI studies have applied CAP 
analyses to chronic pain (sub-)populations.25,26 Mawla et al.25 de
monstrated different occurrences of specific CAPs when compar
ing the resting condition to the sustained pain condition in 
individuals with fibromyalgia, a condition classified under CPP. 
Their identified patterns involved co-activation of the salience, 
dorsal attention and sensorimotor networks, and their temporal 
dynamics were associated with clinical pain interference and pres
sure pain sensitivity.25 Liu et al.26 found altered CAP temporal 
properties, such as time fraction, persistence and transitions, in 
women with primary dysmenorrhea (i.e. a form of chronic visceral 
pain), compared to HCs, even during a pain-free phase, suggesting 
sustained disruptions in brain dynamics. Together, these findings 
suggest sustained disruptions in the temporal organization of in
trinsic brain activity in these chronic pain conditions. While the 
previous two CAP studies used whole-brain clustering approaches 
to define CAPs in specific chronic pain subpopulations, the cur
rent study employs an aIC-seeded CAP analysis to specifically in
vestigate common transient large-scale network dynamics centred 
on this key region in CPP patients. Given aIC’s central involve
ment in salience and stress processing, and the integration of sen
sory, emotional and cognitive aspects of pain,13,27 examining 

aIC-centred network dynamics may provide deeper insights into 
stress- and pain-related alterations in intrinsic brain activity in 
CPP.

By integrating aIC-seeded CAP analysis with clinical measures of 
pain and stress, we aim to elucidate how altered aIC-seeded brain 
state dynamics may reflect the interplay between stress and pain 
at the neural level. We hypothesize that CPP patients will show dis
tinct temporal dynamics of aIC-seeded brain activity compared to 
HCs, and that these dynamics will be associated with individual dif
ferences in pain and stress characteristics.

Materials and methods
Participants
The study was conducted at the University Hospital Inselspital 
Bern, Switzerland. Thirty patients with CPP (ICD-11: MG30.0) 
and 30 HCs, matched in age and sex, were included between 
2023 and 2024. Exclusion criteria were: (i) major neurological co
morbidities, (ii) current severe psychiatric condition (acute suicidal
ity, psychosis), (iii) inability to follow study procedures, (iv) history 
of substance or alcohol abuse, (v) previous brain surgery, (vi) im
planted devices, (vii) metal clips in the body and (viii) pregnancy 
or breastfeeding in women. The study was approved by the 
Ethics Committee of the Canton Bern (SNCTP000004529, 
2020-02283) and was conducted according to the principles of 
the Declaration of Helsinki. The study protocol was preregistered 
on ClinicalTrials.gov (NCT05086380). All participants provided 
written informed consent and were reimbursed for travel expenses.

Demographic and clinical 
characteristics
We assessed demographic and clinical variables, including age, sex, 
smoking status, menstrual cycle phase, menopausal status and medi
cation use. Medications were categorized into psychotropic medica
tions (e.g. benzodiazepines, neuroleptics, antiepileptics, 
antidepressants, opioids), non-opioid analgesics (e.g. paracetamol, 
non-steroidal anti-inflammatory drugs), corticosteroids and hormo
nal contraceptives, considering only those taken on a regular basis. 
The patient’s symptom duration was calculated from the onset of 
pain to the date of inclusion into the study. Subjective symptom 
load and acute stress load were assessed using a visual analogue scale 
(VAS; range: 0–100; 0 = no symptoms/stress; 100 = worst symp
toms/stress experienced) on the day of the MRI data acquisition.

Self-report questionnaires
Mood was assessed on the day of MRI data acquisition using the 
State-Trait Anxiety Inventory (STAI), including both the state 
(STAI-I) and trait (STAI-II) subscales,28 as well as the Beck 
Depression Inventory (BDI).29 Sleep quality during the night pre
ceding salivary cortisol collection was evaluated using the total 
Leeds Sleep Evaluation Questionnaire (LSEQ) score.30

Self-reported stress-related questionnaires were administered 1 
week (mean 6.4 ± 5.2 days) before MRI data acquisition. Early 
life stress was assessed with the 28-item Childhood Trauma 
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Questionnaire (CTQ),31 which captures five subtypes of childhood 
adversity: emotional abuse, physical abuse, sexual abuse, emotional 
neglect and physical neglect. Acute levels of perceived stress were 
measured with the 10-item Perceived Stress Scale (PSS),32 which 
measures how frequently participants experienced specific thoughts 
and feelings related to stress load over the past month.

Self-reported pain-related questionnaires were administered on 
the day of MRI data acquisition: The Widespread Pain Index 
(WPI) assessed the number of painful body regions over the last 
week.33 The Brief Pain Inventory (BPI)34 was used to collect the 
current pain intensity, pain severity (four items addressing the 
worst, least and average pain experienced over the past 24 h, as 
well as current pain) and pain interference (seven items, addressing 
how much the pain interferes with daily life).

Pain provocation test
Pain sensitivity was assessed using a standardized and validated pain 
provocation test with peg algometry (Algopeg)35,36 after the MRI 
data acquisition. The standardized polypropylene and nickel pegs 
(78 × 10 mm2) were calibrated to exert a clamping force of 10 N 
at a 5 mm extension. The test was applied to both middle fingers 
(i.e. on the nail bed without contacting the nail fold) and earlobes 
(i.e. on the central soft tissue without touching the ear cartilage) of 
each participant. After 10 s of applied clamping force, participants 
were asked to rate their pain intensity on a numeric rating scale ran
ging from 0 (=no pain) to 10 (=worst pain imaginable). If a partici
pant was unable to endure the full 10-s duration, the test was 
prematurely terminated with a rating of 10. Pressure applied to 
the middle fingers is typically perceived by patients as being beneath 
or slightly above the pain threshold, capturing the transition from 
non-painful to painful sensation. In contrast, pressure to the ear
lobe was generally rated as clearly above the pain threshold, serving 
as a measure of pain endurance and tolerance.35 For further analysis, 
we calculated the overall mean by combining data from both the 
fingers and earlobes.

Salivary cortisol and alpha-amylase
To assess objective stress biomarkers, saliva samples were collected 
for the analysis of cortisol and alpha-amylase. The salivary cortisol 
awakening response (CAR) is characterized by a rapid increase in 
cortisol secretion within 30–45 min after awakening and is consid
ered a sensitive marker of HPA axis activity, reflecting endocrine 
stress system function.37-39 Whereas salivary alpha-amylase, a digest
ive enzyme secreted by the salivary glands, serves as an indicator of 
stress reactivity and reflects rapid autonomic nervous system (ANS) 
activity, particularly the sympathetic-adrenal-medullary response.40

The samples were obtained using cotton swabs (Salivette Collection 
Devices, Sarstedt), with participants holding the swab in their 
mouth for ∼1 min per sample. Samples for the cortisol analysis 
were collected 1 day (mean 1.3 ± 1.5 days) before the MRI data ac
quisition, following the guidelines of Stalder et al.,39 including re
fraining from strenuous physical activities, heavy meals, fruits or 
fruit juices, coffee, carbonated soft drinks, chewing gum and smok
ing. Participants were instructed to collect five saliva samples over 
the course of a single day; samples were taken immediately upon 
awakening, and subsequently at 15, 30, 45 and 60 min post- 
awakening. Salivary samples for alpha-amylase analysis were 

collected immediately before and after the MRI session. All saliva 
samples were centrifuged at room temperature for 10 min at 
3500 rpm and subsequently stored at −20 °C until analysis. 
Salivary cortisol and alpha-amylase concentrations were determined 
using commercially available saliva-specific enzyme immunoassays 
(Salimetrics, High Sensitivity Salivary Cortisol Enzyme 
Immunoassay kit, 1-3002; Salimetrics, Salivary Alpha-Amylase 
Kinetic Enzyme Assay Kit, 1-1902), following the manufacturer’s 
protocols. As a measure for the CAR, we calculated the area under 
the curve with respect to the increase (AUCI) based on the five cor
tisol samples for each participant.39,41 Alpha-amylase concentra
tions were measured in pre- and post-MRI samples for each 
participant, and the mean of these two values was computed per 
individual.

MRI data acquisition and preprocessing
Structural and resting-state MRI data were acquired using a 3 tesla 
scanner (Magnetom Prisma, Siemens, Germany). The structural 
scan consisted of a sagittal-oriented T1-weighted 
3D-magnetization-prepared rapid acquisition gradient echo 
(MPRAGE) sequence with 1 mm isotropic voxel size [repetition 
time (TR) = 2330 ms, echo time (TE) = 3.03 ms, inversion time 
(TI) = 1100 ms, flip angle (FA) = 8°, matrix = 256 × 256 × 176]. 
The resting-state functional scan consisted of a whole-brain, inter
leaved, multislice echo-planar imaging sequence with an isotropic 
voxel size of 2.2 mm (TR = 1300 ms, TE = 37 ms, FA = 52°, matrix 
size = 104 × 104 × 60), yielding a total of 300 functional volumes. 
During the fMRI acquisition, participants were instructed to fixate 
on a white cross displayed on a black background and to avoid en
gaging in specific thoughts or falling asleep. MRI data were prepro
cessed using SPM12 (Wellcome Centre for Human Neuroimaging, 
UCL, London) in MATLAB (R2023a, MathWorks Inc., Natick, 
USA). Functional volumes were initially realigned and unwarped 
(unwarping step omitted for two subjects due to corrupted files), 
and subsequently co-registered to the corresponding structural 
T1-weighted image. Single-voxel time series were detrended and 
corrected for nuisance contributions by regressing out the average 
white matter and cerebrospinal fluid signals, the six motion para
meters (three translations and three rotations), the global signal 
and low-frequency trends (constant, linear and quadratic). A high- 
pass filter with a cutoff frequency of 0.01 Hz was then applied to 
remove low-frequency drifts. Finally, functional volumes were 
warped into MNI standard space and spatially smoothed using a 
Gaussian kernel with a full width at half maximum (FWHM) of 
5 mm. Functional images were assessed for excessive head motion 
using the framewise displacement (FD) criterion,42 with a threshold 
of FD > 0.5 mm. No subject exceeded the exclusion threshold of 
having more than 40% of volumes with FD > 0.5 mm.

Resting-state functional dynamics
Co-activation patterns
CAP analysis allows the identification of transient co-(de)activation 
patterns (i.e. brain states) that recur throughout a resting-state time 
series. This method captures both the spatial and temporal informa
tion of dynamic brain activity.21,22,43 We applied a seed-based CAP 
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approach rather than a whole-brain CAP approach to obtain an in
terpretable state space focused on the region of interest. To generate 
the CAPs, we used the TbCAPs toolbox (https://github.com/ 
MIPLabCH/TbCAPs), as detailed in Bolton et al.21

Visualizations of the CAPs were generated using the AtlasReader 
package (https://github.com/miykael/atlasreader) in Python (ver
sion 3.12.7). The aIC was selected as the seed region of interest, gi
ven its role in integrating sensory, emotional and cognitive aspects 
of pain.13 A bilateral aIC mask was created in SPM12 based on the 
procedure by Zhang et al.,44 using the Human Brainnetome Atlas 
(https://atlas.brainnetome.org). From the preprocessed fMRI data, 
the seed time series was extracted, normalized using z-scoring and 
thresholded at 0.84 SD to identify time points corresponding to 
high-amplitude events (i.e. activations) in the aIC 
blood-oxygen-level-dependent (BOLD) signal.21 Frames exceeding 
an FD threshold of 0.5 mm, along with the adjacent −1 and +1 
frames, were scrubbed from the data. An additional principal com
ponent analysis (PCA) step was applied to the retained frames to 
reduce the high dimensionality of the data and the resulting compu
tational load (this step is described in more detail in Weber et al.24). 
To determine the optimal number of clusters K, we performed con
sensus clustering on the retained frames from HCs (reference popu
lation), as recommended when differences in activity patterns are 
expected in the clinical population.21,45 The PCA-projected data 
served as input for the consensus clustering procedure. The optimal 
cluster size was identified based on consensus clustering metrics, in
cluding the inspection of the proportion of ambiguously clustered 
pairs (PAC) and the visual inspection of consensus matrices46 (see 
the Supplementary Figs 1 and 2). The dimensionality-reduced 
fMRI volumes were then clustered into three distinct states 
(CAPs) using the k-means algorithm (50 repetitions), as this cluster 
number was identified as the most stable. The individual CAPs 
were reconstructed by reversing the dimensionality reduction. 
The resulting CAPs were then spatially z-scored, reflecting distinct 

aIC CAPs with both positive and negative contributions. 
Significant voxels within each CAP were quantified by computing 
their spatial overlap with networks from the Yeo atlas.47 Each re
tained fMRI frame from CPP patients was matched to the most 
similar CAP based on spatial correlation. The highest spatial correl
ation between a given CPP frame and the CAPs was identified and 
then compared to the distribution of spatial correlations from HC 
frames associated with that CAP.21 If the CPP frame’s correlation 
exceeded the 5th percentile of this HC distribution, it was assigned 
to the corresponding CAP.21 The whole CAP analysis workflow is 
illustrated in Fig. 1. The analyses were repeated with the second 
most stable cluster number (Supplementary Fig. 3). Additionally, 
for comparison, a static functional connectivity analysis with the 
aIC as seed region was performed in the Supplementary Material 
E (Supplementary Table 5, Supplementary Fig. 11).

Temporal characteristics of CAPs
To characterize the temporal properties of the identified CAPs, we 
computed three metrics. (i) Average duration, reflecting how long a 
brain state remains stable once it is entered, calculated as the mean 
number of consecutive volumes assigned to a CAP, multiplied by 
the TR. (ii) Relative number of entries indicating how often a sub
ject transitions into a specific CAP, calculated as the number of 
transitions into that CAP normalized by the number of retained 
frames. (iii) Relative occurrence, representing the overall propor
tion of volumes assigned to a given CAP, calculated as the number 
of volumes assigned to that CAP normalized by the number of re
tained frames.

Reduced temporal characteristics of CAPs may indicate less fre
quent co-activation with the seed, reflecting decreased coupling, 
whereas increased temporal characteristics may suggest enhanced 
coupling.22,48,49 In contrast, reduced temporal characteristics of co- 
deactivation patterns may indicate weaker anti-correlation, reflecting 
transiently increased coupling, whereas increased temporal 

Figure 1 Workflow of CAP analysis. (i) The average BOLD signal time series from the seed region is extracted. (ii) High-amplitude 
frames (i.e. activations) of the seed signal are selected based on a predefined threshold. (iii) The optimal number of clusters (K ) is 
determined using consensus clustering on the selected frames from the reference group (e.g. HCs). (iv) The selected frames are 
clustered into K distinct states (CAPs) using the k-means algorithm, based on the optimal K determined through consensus clustering 
(step 3). (v) A frame from a second population (e.g. CPP patients) is assigned to a CAP if its spatial correlation with that CAP exceeds the 
5th percentile of the corresponding distribution from the reference group. (vi) Temporal characteristics of the identified CAPs (e.g. 
occurrence rate, entries, duration) are calculated and compared between groups. Abbreviations: BOLD signal = blood-oxygen-level- 
dependent signal, CAP = co-activation pattern, CPP = chronic primary pain, HC = healthy control. Created in BioRender. Häuselmann, 
S. (2026) https://BioRender.com/5zp80bo.
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characteristics may suggest stronger transient anti-correlations, reflect
ing reduced coupling.22,48,49

Statistical analysis
Statistical analyses were performed in MATLAB (R2023a, 
MathWorks Inc., Natick, MA, USA) and RStudio (2024.12.1, 
Posit PBC, Boston, MA, USA).

To analyse the demographic and clinical data, as well as the num
ber of retained frames, we used Pearson’s χ2 test, Fisher’s exact test, 
Welch’s two-sample t-test, or the Wilcoxon rank-sum test, depend
ing on the type of data, distributional assumptions (assessed with 
the Shapiro–Wilk test) and homogeneity of variances (assessed 
with the F-test).

To examine group differences in the temporal characteristics of 
the CAPs, linear mixed-effects models were fitted with a 
group-by-state interaction term as the main fixed effect and subject 
ID included as a random intercept. Age, sex, psychotropic medica
tion (binary), combined BDI/STAI-II sum score and the number 
of selected frames were included as covariates for the model. 
These covariates were included to mitigate potential confounding 
by comorbid affective symptoms and medication use in group com
parisons of CAP temporal characteristics. As a robustness check, we 
fit a minimally adjusted model (age, sex, selected frames) and an ex
tended sensitivity model, additionally adjusting for non-opioid an
algesic use (see Supplementary Table 3). Post hoc pairwise 
comparisons between groups were performed for each CAP state 
using linear contrasts. P-values from the three linear models were 
adjusted for multiple comparisons across models using the false dis
covery rate (FDR) method, and results were considered significant 
at qFDR < 0.05. Cohen’s d was calculated as a measure of effect size.

To identify multivariate correlation patterns between CAPs’ 
temporal characteristics and stress- and pain-related measures, we 
conducted a Partial Least Squares Correlation (PLSC) analysis 
using the publicly available MATLAB-based PLS toolbox 
(https://github.com/FND-ResearchGroup/myPLS_SL).50 Three 
CPP patients were excluded from the analysis involving stress- 
related measures due to deviations from the saliva sampling proto
col, including missing samples and/or delays (Δt > 5 min). This 
method identifies latent variables that optimally capture the covari
ance between two multivariate datasets by computing weighted lin
ear combinations of CAPs’ temporal characteristics (relative entries 
and occurrences for each CAP showing group differences) and 
stress- or pain-related measures (e.g. perceived stress score, BPI se
verity score).51,52 The weights (saliences) reflect the contribution 
of each variable to these multivariate associations. The statistical sig
nificance of the associations was assessed via permutation testing 
(2000 permutations), and the robustness of the saliences was eval
uated through bootstrapping (500 resamples with replacement). 
We interpret the saliences (i.e. PLS correlation weights) as reflecting 
the contribution of each variable to the multivariate association be
tween CAPs’ temporal characteristics and stress- or pain-related 
measures. Since the data were standardized, the saliences can be in
terpreted similarly to correlation coefficients. Additionally, to 
examine direct associations between CAPs’ temporal characteristics 
and individual pain-related measures, univariate correlation ana
lyses were performed. For both the PLSC and the univariate 

correlation analysis, residuals were used for those variables where 
covariates of no interest had been regressed out. Specifically, 
CAPs’ temporal characteristics were adjusted for age, sex, psycho
tropic medication (binary), combined BDI/STAI-II sum score 
and the number of selected frames as described previously. 
Alpha-amylase and AUCI CAR were adjusted for age, sex, contra
ceptive use, menstrual cycle phase and smoking. Peg algometry 
scores were adjusted for age, sex, psychotropic medication and non- 
opioid analgesics use.

Results
Demographics and clinical 
characteristics
Table 1 summarizes the demographic and clinical characteristics of 
the 30 patients with CPP (ICD-11: MG30.0) and the 30 HCs.

CPP patients had a mean symptom duration of 13.6 years (SD =  
12.0). Compared to HCs, CPP patients showed significantly higher 
scores on stress-related measures, including the CTQ (W = 677, P  
< 0.001), acute stress load ratings (W = 733.5, P < 0.001), PSS 
scores (W = 797.5, P < 0.001) and cortisol AUCI of the CAR 
(W = 540, P = 0.032). In contrast, mean alpha-amylase concentra
tions did not differ significantly between groups (W = 490, P =  
0.559). Regarding pain-related measures, CPP patients exhibited 
significantly higher pain sensitivity, as assessed by mean peg algome
try (t(49.10) = 3.93, P < 0.001), compared to HCs.

Identified aIC-based CAPs in HC
The number of retained fMRI volumes, exceeding the aIC thresh
old (Z > 0.84), did not differ significantly between groups 
(meanCPP = 56.7, SDCPP = 9.35, meanHC = 58.0, SDHC = 5.06, 
W = 477, P = 0.694; Fig. 2C, Supplementary Table 1) and was 
therefore used for the normalization of the temporal characteristics.

Three aIC-seeded CAPs were identified and defined using HCs 
(n = 30) as the reference population (Fig. 2A). In CAP1, the aIC 
was co-activated with the default mode network (DMN) and execu
tive control network (ECN) and co-deactivated with the visual and 
dorsal attention network (Fig. 2B, Supplementary Table 2). In 
CAP2, the aIC was co-activated with the salience/ventral attention 
and somatomotor network and co-deactivated with the DMN 
(Fig. 2B, Supplementary Table 2). In CAP3, the aIC was 
co-activated with the visual network and co-deactivated with the 
DMN (Fig. 2B, Supplementary Table 2).

As a control condition, we conducted a CAP analysis using the 
whole insula. This analysis did not yield a clear optimal cluster num
ber, as indicated by a high number of ambiguous cluster pairs (see 
Supplementary Figs 4 and 5), likely reflecting the heterogeneous 
functional roles of the insula.

CPP is characterized by altered CAPs’ 
temporal dynamics
To compare the temporal characteristics of each CAP between 30 
CPP patients and 30 HCs, we analysed average duration, relative 
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number of entries and relative occurrence. CPP patients entered 
CAP1 relatively less often than HCs (estimate = 0.07, SE = 0.02, 
pFDR = 0.002, Cohen’s d = 1.13), whereas they entered CAP2 rela
tively more often than HCs (estimate = −0.05, SE = 0.02, pFDR =  
0.022, Cohen’s d = −0.82) (Fig. 3B). Additionally, the relative oc
currence of CAP1 was lower in CPP patients compared to HCs (es
timate = 0.09, SE = 0.04, pFDR = 0.022, Cohen’s d = 0.82), whereas 
CAP2 occurred more frequently in CPP patients than HCs (esti
mate = −0.09, SE = 0.04, pFDR = 0.022, Cohen’s d = −0.80) 
(Fig. 3C). No significant group differences were observed in the 
average duration of any CAP (Fig. 3A, and Supplementary 
Table 3). Sensitivity analyses confirmed that the findings on CAP 
temporal characteristics were robust to covariate adjustments 
(Supplementary Table 3).

CAPs’ temporal characteristics reflect 
stress dimension of CPP patients
To examine the relationship between the temporal characteristics of 
CAPs and stress-related domains in 27 CPP patients and 30 HCs, a 
PLSC analysis was conducted. The analysis revealed a significant 
multivariate association between CAP temporal dynamics and 
stress-related measures (P = 0.002; Fig. 4, Supplementary Figs 6
and 7, Supplementary Table 4). As shown in Fig. 4, higher PSS 
scores and greater CAR AUCI in CPP patients, but not in HCs, 
were related to lower relative entries and occurrences of CAP1 
and higher relative entries and occurrences of CAP2. In contrast, 
a separate PLSC analysis and univariate correlation analysis asses
sing the relationship between CAP temporal characteristics and 

Table 1 Demographic and clinical data of patients with CPP and HCs

CPP (N = 30) HC (N = 30) Statisticsa

Age (mean, SD) 41.3 (11.6) 40.9 (13.8) ns
Sex, females/males 24/6 24/6 ns
Smoker, yes/no 9/21 1/29 χ2(1) = 7.68, P < 0.01
Menopause, yes/no 4/20 3/21 ns
Menstrual cycle Anovulation 6 Anovulation 5 ns

Follicular 4 Follicular 1
Luteal 12 Luteal 11

Menstruation 2 Menstruation 3
Ovulation 0 Ovulation 4

Medication (yes/no)
Psychotropic medication 16/14 1/29 χ2(1) = 18.47, P < 0.001
Non-opioid analgesics 6/24 0/30 χ2(1) = 6.67, P < 0.01
Corticosteroidsb 2/28 0/30 ns
Hormonal contraception 6/18 8/16 ns

Psychological scales (mean, SD)
BDI, score 18.5 (9.8) 4.5 (3.6) W = 861, P < 0.001
STAI-I, score 51.1 (11.8) 31.8 (7.0) t(46.91) = 7.71, P < 0.001
STAI-II, score 53.3 (11.2) 33.9 (7.8) t(51.70) = 7.78, P < 0.001
LSEQ total, score 45.2 (13.9) 52.5 (9.5) t(51.16) = −2.35, P < 0.05

Stress-related measures (mean, SD)
CTQ total, score 50.6 (21.0) 35.2 (10.9) W = 677, P < 0.001
Acute stress load, score 49.3 (27.4) 19.1 (19.0) W = 733.5, P < 0.001
PSS, score 24.5 (8.1) 12.7 (4.5) W = 797.5, P < 0.001
alpha-amylase [U/ml] 168.0 (90.4) 197.0 (179.0) W = 490, ns; 

cβ = 38.18, SE = 41.31, t(50) = 0.92, P = 0.360
CAR AUCI 105.0 (104.0) 47.7 (93.2) W = 540, P < 0.05; 

cβ = −50.83, SE = 31.03, t(47) = −1.64, P = 0.108
Pain-related measures (mean, SD)

Symptom duration, years 13.6 (12.0) NA NA
Subjective symptom load, score 50.1 (22.4) NA NA
WPI total, score 8.7 (3.9) NA NA
Pain intensity (current), score 4.5 (2.0) NA NA
BPI severity, score 4.6 (1.7) NA NA
BPI interference, score 5.6 (2.0) NA NA
Peg algometry—mean, score 4.79 (2.04) 3.06 (1.29) t(49.10) = 3.93, P < 0.001 

dβ = −1.13, SE = 0.54, 
t(54) = −2.09, P = 0.041

aPearson’s χ2 test, Fisher’s exact test, Welch two-sample t-test, Wilcoxon rank-sum test. bCorticosteroid treatment was limited to topical administration (nasal spray) and 
was not administered on the day of saliva sampling. cGroup differences in alpha-amylase and CAR AUCI were analysed using a linear model, adjusted for age, sex, 
hormonal contraception, menstrual cycle and smoking. Three patients were excluded from this CAR AUCi analysis due to deviation from the saliva protocol. dGroup 
differences in peg algometry were analysed using a linear model, adjusted for age, sex, psychotropic medication and non-opioid analgesics. AUCi = area under the curve 
with respect to increase, BDI = Beck’s Depression Inventory, BPI = Brief Pain Inventory, CAR = cortisol awakening response, CPP = chronic primary pain, CTQ =  
Childhood Trauma Questionnaire, HC = healthy controls, LSEQ = Leeds Sleep Evaluation Questionnaire, ns = not significant, NA = not applicable, SE = standard error, SD  
= standard deviation, STAI-I = State-Trait Anxiety Inventory, State version, STAI-II = State-Trait Anxiety Inventory, Trait version, WPI = Widespread Pain Index.
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Figure 2 CAP maps based on aIC seed activation. (A) Three CAPs were detected using HCs as the reference population (N = 30). CAPs 
were z-scored, and only the top 5% most positive and the top 5% most negative contributions are shown (z > ±1.65), with red indicating 
co-activation and blue indicating co-deactivation. The locations are shown using the standard coordinates in the MNI space. (B) Pie 
charts show the percentage of 15% top positive and 15% top negative contributions within the 17 resting-state networks as defined by 
the Yeo atlas (z > ±1.04). The seed voxels have been excluded. (C) Violin plots show the distribution of the fraction of retained fMRI 
volumes with anterior insula activation thresholded at 0.84 SD in patients with CPP (N = 30) and HC (N = 30). A Wilcoxon rank-sum test 
indicated no significant difference in the fraction of retained frames between groups (W = 477, P = 0.694). (D) Mask for the anterior 
insular cortex seed region in MNI space. Abbreviations: aIC = anterior insular cortex, Cont = executive control, CPP = chronic primary 
pain, Default = default mode, DorsAttn = dorsal attention, HC = healthy control, MNI = Montreal Neurological Institute, SomMot =  
somatomotor, TempPar = temporoparietal, VisCen = central visual, VisPer = peripheral visual, Sal/VenAttn = salience/ventral 
attention, SD = standard deviation.
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pain-related domains in CPP patients did not reveal any significant 
associations (Supplementary Figs 8–10).

Discussion
A multimodal framework was used to investigate dynamic brain 
states involved in the stress response and pain processing in CPP, 
focusing on the aIC. Consistent with our hypothesis, altered tem
poral characteristics of brain network function were identified in 
CPP patients compared to HCs. These alterations were particularly 
evident in the co-activation of the aIC with the DMN, ECN, sali
ence/ventral attention and somatomotor networks. Notably, these 
altered temporal dynamics were significantly associated with stress- 
related, but not pain-related measures in CPP patients, whereas no 
such associations were observed in HCs.

Network coordination and coupling in 
CPP
By capturing transient fluctuations in brain activity, CAP analysis 
may provide insight into how brief, localized bursts of neural activ
ity may propagate across networks in a cascade-like manner.53

Disruptions in CAP dynamics may reflect impaired coordination 
within or between brain networks. The observed altered temporal 
dynamics of aIC-seeded brain states in CPP may reflect impaired 
network coordination, leading to altered flexibility in switching be
tween large-scale networks. This altered flexibility could be 
mediated by the aIC, as a central hub for coordinating dynamic in
teractions among the salience network, DMN and ECN,14,54,55 all 
of which are frequently reported to be altered in chronic pain 
conditions.56

Considering the observed altered temporal dynamics of 
aIC-seeded CAPs in the context of network coupling mechanisms 
may enhance the interpretability. We observed reduced relative en
tries and relative occurrence in CAP1 in CPP patients (Fig. 3), in
dicating reduced coupling of the aIC with both the DMN and the 
ECN, alongside increased coupling between the aIC and the visual 
network and dorsal attention network in CPP patients. These find
ings suggest an altered aIC connectivity profile in CPP character
ized by decreased integration with networks involved in internal 
regulation (i.e. interoception and self-referential thinking) and ex
ecutive control, alongside enhanced engagement with networks 
supporting externally oriented attention and visual processing.57

This pattern may reflect disrupted salience attribution58 and im
paired top-down modulation,59 suggesting that the brain of CPP 
patients may struggle to appropriately prioritize pain-related signals 
and exert cognitive control over pain perception. In CAP2, we ob
served higher levels of relative occurrences and relative entries in 
CPP (Fig. 3), indicating increased coupling of the aIC with the sa
lience/ventral attention network and somatomotor network, and 
reduced coupling with the DMN. These findings indicate heigh
tened engagement of the aIC with networks involved in detecting 
salient stimuli, processing somatosensory information and motor 
control, alongside reduced integration with the internal regulation 
in patients with CPP.57 This pattern may reflect heightened pain 
vigilance and reduced capacity for internally directed regulation, 
such as mind-wandering or cognitive reappraisal,60-64 all of which 
may be disrupted in chronic pain.9

Together, these findings suggest that altered aIC-centred net
work dynamics in CPP reflect a shift away from internally regu
lated, self-referential brain states toward externally oriented, 
pain-focused processing, potentially contributing to the persistence 
of chronic pain.

A B C

Figure 3 Temporal characteristics of CAP1, CAP2 and CAP3 in CPP patients and HCs. (A) Average duration, (B) relative entries, 
(C) relative occurrence. Violin plots show the distribution of raw data from 30 CPP patients and 30 HCs, with mean and SD indicated. 
Linear mixed-effects models were fitted, controlling for covariates of no interest. Post hoc pairwise comparisons between groups were 
conducted, and P-values were corrected for multiple comparisons using FDR. The relative number of entries and the relative 
occurrence of CAP1 were lower in CPP patients than in HCs (estimate = 0.07, SE = 0.02, pFDR = 0.002; estimate = 0.09, SE = 0.04, pFDR  

= 0.022), whereas CAP2 showed higher relative entries and relative occurrence in CPP patients compared with HCs (estimate = −0.05, 
SE = 0.02, pFDR = 0.022; estimate = −0.09, SE = 0.04, pFDR = 0.022). *P < 0.05, **P < 0.01. Abbreviations: CAP = co-activation pattern, 
CPP = chronic primary pain, FDR = false discovery rate, HC = healthy control, SD = standard deviation, SE = standard error.
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CAPs in chronic pain
Direct comparisons with previous CAP studies in chronic pain are 
limited by methodological and sample differences.25,26 On the one 
hand, Mawla et al.25 investigated patients with fibromyalgia, a con
dition classified under CPP, and showed that lower occurrence of 
CAPs involving salience/dorsal attention networks during sus
tained pain conditions was associated with higher clinical pain 
interference (i.e. broader impact on functioning) in patients with 
fibromyalgia. Additionally, the greater occurrence of CAPs involv
ing sensorimotor network co-activation during sustained pain con
ditions was associated with higher clinical pain interference and 
greater pressure pain sensitivity (measured via cuff pressure) in pa
tients with fibromyalgia. On the other hand, Liu et al.26 investi
gated women with primary dysmenorrhea (i.e. a form of chronic 
visceral pain, classified under chronic secondary pain) and identified 
changed temporal dynamics of CAPs (e.g. relative occurrence and 

duration), compared to HCs, involving regions of the sensori
motor, visual and salience networks. These identified alterations 
were associated with pain catastrophizing and menstrual pain inten
sity of the tested women.26 In contrast to these two studies, we did 
not observe any significant associations between CAP temporal 
characteristics and pain-related measures in patients with CPP.

We hypothesize that the differences in patient population may 
partly explain the absence of associations between brain states in
volving salience, frontoparietal and somatomotor networks and 
pain intensity in our CPP study. Additionally, Mawla et al. exam
ined CAP occurrence in fibromyalgia during an induced pain con
dition relative to the rest condition, capturing momentary pain 
responses in fibromyalgia rather than pure resting-state dynamics 
under baseline conditions. This methodological distinction may 
further contribute to discrepancies in brain–pain coupling across 
studies. Therefore, in CPP, perceived pain may no longer be direct
ly linked to ongoing nociceptive input but may instead be 

Figure 4 PLSC analysis on stress-related measures (A) and temporal characteristics (B) in CPP patients (N = 27) and HCs (N = 30). 
Salience weights of significant PLSC component (P = 0.002) are presented for stress measures and temporal characteristics. The height 
of each bar represents the magnitude of the variable’s contribution to the multivariate correlation pattern (salience weight). The error 
bars reflect the 5th to 95th percentile range of the bootstrap distribution. Yellow shadings indicate salience weights that were both 
statistically significant and robust, i.e. stable across bootstrap resamples (dots). As the data were standardized, these weights can be 
interpreted in a similar way to correlation coefficients: bars pointing in the same direction indicate a positive association, while those 
pointing in opposite directions reflect an inverse association. Childhood trauma was measured using the childhood trauma 
questionnaire; perceived stress with the perceived stress scale; Amylase refers to salivary alpha-amylase concentration [U/ml]; 
Cortisol refers to CAR AUCI. CAP1/2 Entries represent the relative number of entries into CAP1 or CAP2; CAP1/2 RO indicates the 
relative occurrence of CAP1 or CAP2. Abbreviations: CAP = co-activation pattern, CAR AUCI = cortisol awakening response calculated 
with the area under the curve with respect to the increase, CPP = chronic primary pain, HC = healthy control, PLSC = Partial Least 
Squares Correlation.
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increasingly influenced by stress-related mechanisms, potentially 
leading to a decoupling between subjective pain reports and transi
ent brain state dynamics. Interestingly, despite this difference in 
brain-pain coupling, both CPP and chronic secondary pain appear 
to share alterations in the temporal dynamics of certain brain states, 
particularly involving salience and somatomotor networks. This 
suggests that certain CAP features may reflect general characteristics 
of the chronic pain state, regardless of the underlying pain type, 
while their clinical expression (e.g. associations with pain intensity) 
may diverge depending on the mechanisms driving the pain.

Taken together, our and others’ findings suggest that while al
tered transient brain state dynamics are a consistent feature of pa
tients with chronic pain, the presence or absence of associations 
with pain-related measures may depend on differences in patient 
populations, type and timing of pain assessment, or methodological 
aspects of CAP analysis (seed-based versus whole brain).

Pain and stress regulation in chronic 
pain
In previous research on chronic pain, an increased connectivity be
tween the DMN, the salience network and the sensorimotor net
work has frequently been observed and has often been associated 
with increased pain sensitivity.9,65 However, in our study, the 
CPP-specific connectivity patterns were not associated with pain- 
related measures but instead showed significant correlations with 
stress-related variables, including both the CAR and self-reported 
perceived stress (Fig. 4). In contrast, acute stress reactivity, mea
sured as salivary alpha-amylase and self-reported acute stress load, 
and self-reported exposure to childhood trauma, which have previ
ously been linked to chronic pain,66-68 was not associated with 
CPP-specific CAP dynamics in our study. Group differences (un
adjusted for covariates) were observed in CAR, whereas 
alpha-amylase levels remained unchanged, consistent with our find
ing that CPP-specific CAP dynamics were associated with CAR 
but not with alpha-amylase. This dissociation may suggest that 
chronic pain affects stress regulation more strongly through the 
HPA axis than through acute ANS reactivity. This possibly reflects 
a blunted autonomic reactivity due to long-term adaptation in 
chronic pain, or the high variability of alpha-amylase concentra
tions. Taken together, our results suggest that altered brain dynam
ics in CPP, particularly involving the aIC, may be more closely 
associated with chronic stress response system activity than with 
acute stress responses, past trauma, and clinical pain characteristics 
such as pain sensitivity and intensity.

Further, the observed group differences in cortisol concentration 
may indicate HPA axis dysregulation, which can disrupt immune 
signalling and lead to stress- and inflammation-mediated central 
nervous system alterations that sensitize pain pathways and amplify 
pain perception both at the central and peripheral levels.69

Cortisol levels related to stress physiology have been linked to al
terations in brain network connectivity, suggesting that stress re
sponse system activity may shape functional interactions within 
pain-related brain regions. For example, Vachon-Presseau et al.70

showed that individuals with a higher stress response, measured 
by salivary cortisol, exhibited reduced functional connectivity be
tween pain-related activity in the anterior midcingulate cortex 

and brainstem regions, specifically the midbrain and the rostral 
ventromedial medulla. This effect was observed in both chronic 
pain patients and HCs, indicating a general modulatory effect of 
stress on pain-related circuits rather than a chronic pain-specific 
phenomenon. In contrast, our results show that associations be
tween the temporal dynamics of CAPs and stress-related variables 
were only found in patients with CPP. This suggests that the ob
served alterations are not simply a consequence of elevated stress re
sponse levels in CPP but reflect CPP-specific pain mechanisms that 
interact with stress response system activity and potentially adaptive 
functional neuroplasticity in patients with CPP.

Taking a wider perspective, these findings align with the concept 
of allostatic load, which refers to the cumulative burden of chronic 
stress on the body’s regulatory system.71 Rather than maintaining a 
fixed set point, the brain dynamically adjusts internal states (psycho
logical and physiological) through allostasis, a predictive process 
aimed at maintaining stability in response to changing internal 
and external demands.72 In chronic pain, the persistent activation 
of stress and pain-related systems may disrupt the regulatory bal
ance between adaptation and recovery, potentially leading to allo
static overload, a state in which the brain’s predictive regulation 
becomes less efficient at adapting to chronic stress.73 Within these 
frameworks, our findings suggest that altered regulation of the 
CAR and elevated perceived stress load are associated with changes 
in aIC-seeded brain network dynamics specific to CPP. This sup
ports the idea that adaptive stress-system activity may contribute 
to disrupted temporal brain patterns, reflecting a potential neuro
physiological correlate of allostatic dysregulation in CPP.

Overall, our findings suggest that interactions between chronic 
stress physiology and aIC-centred brain dynamics may represent a 
key mechanism linking stress-system dysregulation to altered net
work function in CPP.

Limitations
This study has several limitations that should be considered when 
interpreting the findings. The sample size was relatively small and 
included a heterogeneous group of patients with CPP in terms of 
pain duration and the number of pain sites. In addition, some par
ticipants were taking psychotropic medication and/or presented 
with psychiatric comorbidities. Although we accounted for both 
medication use and psychiatric comorbidities in the analyses, re
sidual effects on brain function cannot be completely excluded. 
Moreover, affective symptoms and intake of psychotropic medica
tion may partly reflect downstream consequences of CPP and could 
therefore be part of a causal pathway between CPP and brain dy
namics. Accordingly, covariate adjustment clarifies group differ
ences beyond these factors but may yield conservative estimates 
of the total condition-related differences if part of the effect oper
ates through them. Furthermore, as this is a cross-sectional study, 
no causal conclusions can be drawn. Finally, the comparison group 
is, as in prior studies, HC, hence not providing information about 
CPP compared to chronic secondary pain.

Methodologically, seed-based CAP analysis comes with certain 
challenges. Co-activations with the seed region may occur without 
direct functional relevance and can be sensitive to noise, and their 
relationship to clinical characteristics would benefit from further 
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experimental testing. We cannot exclude that observed CAP dy
namic group differences reflect broader network-level changes ra
ther than aIC-specific coupling changes. Seed-based CAP analysis 
also omits ∼70–80% of frames, which is typical for this approach,21

but should be considered when interpreting the results. The num
ber of CAP clusters was selected based on consensus clustering, a 
common approach in the field. Nevertheless, CAP stability would 
likely improve with a larger sample size. Additionally, the applica
tion of PCA as a dimensionality reduction step may have reduced 
the visibility of weaker co-activation networks while emphasizing 
more dominant ones. However, previous work has shown that 
the PCA step offers a useful trade-off between reducing computa
tional demands and the potential loss of weaker networks.24

Furthermore, our CAP results may depend on specific choices re
garding preprocessing and analysis, including the use of global sig
nal regression (GSR) and selected CAP settings (e.g. thresholding, 
clustering settings, CAP assignment criteria). As these choices can 
influence CAP spatial and temporal properties, future work should 
assess reproducibility across alternative preprocessing pipelines (in
cluding analyses with and without GSR) and CAP settings. Finally, 
translating resting-state CAP results into specific brain functions or 
behavioural processes remains a challenge, since it is not a direct 
measure of brain function.22

Conceptually, although the aIC is a key region in chronic pain, it 
represents only one node in a broader network. Our focus on the 
aIC was guided by its role in salience detection, and integration 
of sensory, emotional and cognitive aspects of pain, yet future 
work should also consider posterior insula and other relevant re
gions. Additionally, given the small sample size, the non-significant 
brain–pain associations in the PLSC analysis should be interpreted 
cautiously and may reflect limited power to detect 
small-to-moderate effects, rather than evidence for the absence of 
a brain–pain relationship. Finally, the body mass index was not col
lected and/or included as a covariate and should be assessed in fu
ture studies, as it may be associated with individual cortisol levels. 
Moreover, salivary cortisol, while widely used, reflects HPA-axis ac
tivity only indirectly and remains debated in its interpretability.74

Conclusion
By integrating CAP analysis with clinical and endocrine markers, 
we identified a potential neural signature of altered stress processing 
in patients with CPP. Patients with CPP exhibited altered temporal 
dynamics of large-scale brain networks compared to sex- and age- 
matched HCs, with significant associations emerging with stress- 
related measures. This suggests that anterior insula–seeded brain 
dynamics—within a region implicated in salience detection, and 
emotional regulation—may be more closely linked to the stress- 
response system activity than to pain-related measures in CPP.

Together, these findings highlight the relevance of considering 
stress-related processes when interpreting neurobiological alterations 
in CPP. However, longitudinal and interventional studies will be es
sential to determine the directionality of these associations and to ex
plore whether targeted modulation of the stress response system—at 
the neuronal, endocrinological and psychophysiological levels—could 
provide novel treatment avenues for individuals with CPP.

Supplementary material
Supplementary material is available at Brain Communications
online.
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