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Multiple spatial scale mapping of time-resolved brain network reconfiguration during evoked pain in patients with rheumatoid arthritis
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Functional brain networks and the perception of pain can fluctuate over time. However, how the time-dependent reconfiguration of functional brain networks contributes to chronic pain remains largely unexplained. Here, we explored time-varying changes in brain network integration and segregation during pain over a disease-affected area (joint) compared to a neutral site (thumbnail) in 28 patients with rheumatoid arthritis (RA) in comparison with 22 healthy controls (HC). During functional magnetic resonance imaging, all subjects received individually calibrated pain pressures corresponding to visual analog scale 50 mm at joint and thumbnail. We implemented a novel approach to track changes of task-based network connectivity over time. Within this framework, we quantified measures of integration (participation coefficient, PC) and segregation (within-module degree z-score). Using these network measures at multiple spatial scales, both at the level of single nodes (brain regions) and communities (clusters of nodes), we found that PC at the community level was generally higher in RA patients compared to HC during and after painful pressure over the inflamed joint and corresponding site in HC. This shows that all brain communities integrate more in RA patients than in HC for time points following painful stimulation to a disease-relevant body site. However, the elevated community-related integration seen in patients appeared to not pertain uniquely to painful stimulation at the inflamed joint, but also at the neutral thumbnail, as integration and segregation at the community level did not differ across body sites in patients. Moreover, there was no specific nodal contribution to brain network integration or segregation. Altogether, our findings indicate widespread and persistent changes in network interaction in RA patients compared to HC in response to painful stimulation.

KEYWORDS
fMRI, brain networks, time-varying functional connectivity, temporal network theory, chronic pain, rheumatoid arthritis


Introduction

Alterations in the functional connectivity between brain regions have been reported in patients with chronic pain (Napadow et al., 2010; Tagliazucchi et al., 2010; Hemington et al., 2016), bringing factual contribution to the consideration of chronic pain as a condition that can be studied and understood from a brain network modeling perspective (Apkarian et al., 2009; Mano et al., 2018).

Within this framework, recent advances have been made in the identification of an objective biomarker of chronic pain. Notably, a recent study provided evidence for a neuroimaging marker for tonic experimental pain predicting sustained clinical pain (Lee et al., 2021). An interesting feature of this biomarker signature is its largely distributed network-level representation of the sustained pain state (Lee et al., 2021). Yet recently, the organization of networks in the brain was proposed as potential biomarker and further investigated, specifically, as the assignment of nodes (brain regions) to different communities (clusters of nodes) in the whole-network (brain) (Larkin et al., 2021) and via the examination of brain hub topology (Kaplan et al., 2019). Interestingly, the hub topology was altered (Kaplan et al., 2019) and the allocation of nodes in communities more variable (Larkin et al., 2021) in chronic pain patients compared to healthy controls (HC), providing knowledge into both the local and global functional resting-state network architecture of chronic pain patients (Larkin et al., 2021).

Variables obtained from modeling functional magnetic resonance imaging (fMRI) data in the context of time-varying brain networks may act as more sensitive markers of acute and chronic pain, given the dynamic nature of pain and the brain itself. Specifically, there is evidence to suggest that the organization of brain networks fluctuates between states of integration and segregation (Shine et al., 2016) and, within a time-varying functional connectivity (TVC) framework, these measures have been proven to be critical in understanding cognition (Cohen and D’Esposito, 2016; Shine et al., 2016; Fransson et al., 2018).

However, the application of integration and segregation measures to the investigation of pain-related patterns of network reconfiguration is still in its infancy. Recent work from our group assessed TVC changes in network integration/segregation in HC during thermal pain, showing increased brain network integration with increased pain (Kastrati et al., 2022). To add specificity to the investigation of pain processing in chronic pain patients, we used TVC to explore changes in brain network integration and segregation that are time-locked to pressure pain stimulations over a disease-affected body site (i.e., inflamed joint) and a neutral body part (i.e., thumbnail) in chronic pain patients with rheumatoid arthritis (RA) compared to HC. Notably, pain pressure stimuli were individually calibrated across both groups and sites. When comparing the same cohort of RA patients and HC, previous work from our group showed: (1) increased intrinsic, static FC between bilateral sensorimotor and frontal midline brain regions in patients compared to HC (Flodin et al., 2016), (2) reduced activation in brain regions associated to the processing of pain and somatosensory information in patients compared to HC when painful stimulation is delivered to the joint, and not to the thumb (Sandström et al., 2019). When comparing body sites within patients, Sandström et al. (2019) showed that abnormalities in cerebral pain processing in patients were confined uniquely to the joint (i.e., the disease-affected site) and not generalizable to the thumb (i.e., the neutral area), with patients exhibiting a reduced activation in somatosensory and pain processing regions as well as in coupled right and left dorsolateral prefrontal cortex.

Based on these premises, the objective of the present work was to determine whether and how the degree of change in integration and segregation between network communities and nodes varies over time and is putatively influenced by pressure pain stimuli across groups and stimulation sites in patients. This might add more specificity to the understanding of cerebral pain processing mechanisms in patients with RA.



Materials and methods


Participants and study description

The dataset used in the current study has previously been described in Flodin et al. (2016) and in Sandström et al. (2019). A detailed account of participants and information regarding exclusion and inclusion criteria can be found in Sandström et al. (2019). Participants underwent two testing sessions, on two consecutive days. Of relevance to the current study, on day 1, sensitivity to evoked pressure pain was individually calibrated and, on day 2, the individually calibrated painful pressure and a non-painful pressure were delivered during four runs of a functional magnetic resonance imaging (fMRI) pressure pain paradigm. fMRI data (covering the whole brain) from a total of 28 RA patients and 22 HC were included in the analysis (mean age RA patients = 53.64 years; mean age HC = 52.86 years; age range = 23–72 years). The minor difference in the total number of subjects included in this study compared to Sandström et al. (2019) is due to the need to adhere to a specific pipeline tailored to time-resolved fMRI data. All participants gave written informed consent in accordance with the Declaration of Helsinki. The local ethical review board approved the research.



Experimental procedure

The present study forms part of a larger project (referred to as the PARADE study; https://www.clinicaltrials.gov; [identifier NCT01197144, EudraCT 2009-017163-42]). Previously, we have reported differences in spontaneous brain activation patterns (Flodin et al., 2016) and brain activity recorded after painful stimuli delivered to a disease-affected finger joint as well as to the non-affected thumbnail area (Sandström et al., 2019). In this work, we use time-varying functional connectivity (TVC), which allows for a time point-by-time point assessment of changes in brain network activity related to pain. Therefore, the methodological section in this paper is focused on the procedure used for assessing TVC.


Day 1: Individual calibration of pressure pain

One day prior to fMRI scanning, the degree of pain pressures to be used during scanning was subjectively calibrated. Pain sensitivity was assessed by applying pressure to the patient’s clinically most affected proximal interphalangeal (PIP) joint (PIP2 n = 21; PIP3 n = 7) of the left hand and to the non-affected, left thumbnail via an automated, pneumatic, computer-controlled stimulator with a 1 cm2-hard rubber probe (Jensen et al., 2009). Corresponding anatomical sites were used in HC (PIP2 n = 21; PIP3 n = 1). Each participant first received a series of stimuli with a step-wise increase in pressure, then followed by a series of stimuli that had a randomized order of different pressure. The pressure stimuli, in both series, were delivered for a duration of 2.5 s and with 30 s inter-stimulus intervals. After each stimulus, participants were prompted to rate pain intensity on a 0–100 mm visual analog scale (VAS), ranging from “no pain” to “worst imaginable pain.” Stimuli in the ascending series were presented in increasing pressure steps of 50 kPa, which led to the identification of each participant’s pressure pain threshold (PPT, first VAS rating > 0 mm) and stimulation maximum (SM, first VAS rating > 60 mm). It is within this subjectively calibrated range of PPT and SM that five pressure pain intensities were obtained and delivered, each three times, in a randomized series. A polynomial regression was applied to the 15 VAS ratings from the randomized series and, consequently, used to determine each subjective representation of VAS 50 mm (referred to as P50). Please refer to Jensen et al. (2009) for further details regarding the calibration procedure.



Day 2: Functional magnetic resonance imaging pressure pain paradigm

The subjectively calibrated painful pressure (P50) obtained from day 1 and a standard non-painful pressure (50 kPA) were presented during four pseudo-randomized fMRI runs. Two of the four fMRI runs contained stimuli that were delivered to the most affected joint in patients (equivalent anatomical site in HC), while the remaining two fMRI runs included stimuli applied to the thumbnail. Each run consisted of a total of 30 pressure stimuli events (15 painful and 15 non-painful) presented in a pseudo-randomized fashion. The duration of each stimulus was 2.5 s and all stimuli onsets were jittered over time with a mean interval of 15 s (range 10–20 s) to ensure a fine-grained sampling of the events. The total duration for all runs was 8 min and 15 s. All participants were instructed, prior to scanning, to concentrate on the pressures delivered to joint and thumbnail and to refrain from invoking coping strategies. No pain ratings were collected during the course of the fMRI runs.




Functional magnetic resonance imaging data acquisition and pre-processing

MRI data were acquired on a 3T General Electric 750 MR scanner installed at the MR Research Center at Karolinska Institutet (Stockholm) using a 32-channel head coil. Four task-based fMRI scans, each consisting of 160 volumes, were acquired for each subject using a T2*-weighted single-shot gradient echo planar sequence (TR/TE = 3000/30 ms; 90° flip angle; 96 × 96 matrix size; FOV = 288 × 288 mm; 56 slices; in-plane resolution = 2.5 × 2.5 mm; slice thickness = 3 mm, interleaved slice acquisition). Anatomical MRI data were obtained using a high-resolution T1-weighted image sequence (3D BRAVO; TR/TE = 7908/3.06 ms; 1 × 1 × 1 mm voxel size; 176 slices). Additionally, T2-weighted images were acquired and assessed for clinical abnormalities by a neuroradiologist.

The pre-processing of anatomical and functional data was performed using fMRIPrep (pre-processing pipeline, version 20.1.1, Esteban et al., 2019). A detailed description of all the pre-processing steps can be found in the Supplementary material.



Analysis pipeline for time-varying functional connectivity

All TVC analyses reported below (parcellation, denoising, deriving TVC estimates, quantifying network measures of participation coefficient and within-module degree z-score) were carried out using teneto (version 0.5.3), a Python package for temporal network analysis (Thompson et al., 2017a)1. Please refer to Figure 1 for a schematic representation of the TVC analysis steps undertaken in this work. The code used to set up the teneto pipeline and to produce figures is available at https://github.com/silviafan/TVC-RA.
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FIGURE 1
A schematic representation of the time-varying functional connectivity (TVC) analysis steps undertaken in this work. (A) BOLD signal time-series were extracted from brain regions defined using the 7-network, 400-node Schaefer parcellation scheme (Yeo et al., 2011; Schaefer et al., 2018) and TVC was computed at the level of single time points using the jackknife correlation method (Richter et al., 2015). (B) Measures of integration (participation coefficient, PC) and segregation (within-module degree z-score, z) were quantified and used at the level of single nodes (brain areas, nodal level) and communities (clusters of nodes, community level). (C) Analyses were carried out at the community and nodal level, separately. Within each level, we examined how the degree of integration (PC) and segregation (z) varies over time and whether this is influenced by painful stimulation to the joint across groups (Contrasts 1, 3, 5, 7) and based on the stimulation site in patients (Contrasts 2, 4, 6, 8).




Parcellation and functional magnetic resonance imaging data denoising

The BOLD signal time-series from the pre-processed fMRI data were extracted from brain areas defined using the 7-network (community), 400-node Schaefer parcellation scheme (Yeo et al., 2011; Schaefer et al., 2018). Subsequent to the parcellation step, functional fMRI data underwent denoising, with the following confounds being regressed out: six head motion parameters and their respective derivatives, the first six noise anatomical parameters derived from CompCor (Behzadi et al., 2007), framewise displacement (FD, Power et al., 2014), white matter, and cerebrospinal fluid. Additionally, we employed the criteria that fMRI runs that had a mean FD > 0.5 were to be discarded from the analyses. No fMRI run met this exclusion criteria.


Deriving parameter estimates for time-varying functional connectivity

The time-varying changes in functional connectivity were estimated via the application of the jackknife correlation (JC) method (Richter et al., 2015). When applied to TVC, the JC method calculates the Pearson’s correlations between two BOLD time-series x and y over all the individual time points, excluding data at time point t, and then multiplies the resulting correlation value by –1 (Thompson et al., 2018).
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This application of the JC method to compute time-varying functional connectivity was first introduced by Thompson et al. (2017b). Importantly, it has been previously shown that the JC method is more sensitive to quicker temporal changes in covariance compared to other methods (Thompson et al., 2018; Xie et al., 2019). Here, JC values were standardized to have mean of 0 and standard deviation of 1 creating flow TVC estimates (Fransson and Thompson, 2020). Note that the JC method provides time point-by-time point estimates of pairwise functional brain connectivity.



Quantifying time-varying parameters of community integration and segregation

To answer the question of how the degree of integration and segregation of the seven pre-defined communities and six chosen nodes changes over time and is putatively influenced by painful stimulation to the joint across groups and based on the stimulation site, we chose to include network measures that have been previously shown to be informative and relevant for other qualia (Cohen and D’Esposito, 2016; Shine et al., 2016), although never before used in the context of chronic pain.

First, we calculated the participation coefficient (PC), a network metrics that quantifies the degree to which specific nodes communicate across communities (Guimerà and Nunes Amaral, 2005). As described in Guimerà and Nunes Amaral (2005), PC is:

[image: image]

Where i = node, s = index of community (NM), kis = degree of links within each community, ki = total degree of i. In the computation of PC values, only positive edges were included in the analysis. Next, we computed the within-module degree z-score (z), a network metrics that measures the extent to which specific nodes communicate within their own communities (Guimerà and Nunes Amaral, 2005). As described in Guimerà and Nunes Amaral (2005), z is:
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Where i = node, ki = degree of links of i to other nodes in its community si, [image: image] = average of k across nodes in community si, σksi = standard deviation of k in community si.

For all analyses, we used the same static parcellation for all time points (Thompson et al., 2020). Taken together, these two measures provide insights into the integration (PC) and segregation (z) of nodes in the whole network.

After computing PC and z for all nodes, integration and segregation were assessed both at community level (i.e., measures per community) and nodal level (i.e., measures per node). The idea was to probe brain network organization at multiple spatial scales (Sporns, 2015), by capturing the temporal dynamics of pain processing in the whole-brain (community level) and at the level of single pain-related brain regions (nodal level).

On the community level, the median PC or z of all nodes within each community was calculated. Note, while the mean of z is always 0 for each community, the median denotes if the majority of edges are skewed below or above the mean, making the different community distributions comparable regarding how the community as a whole is tightly connected. Thus, the median PC or z can be interpreted as the degree of integration or segregation a community as a whole has with respect to the other communities in the whole network. For example, as illustrated in Figure 1B, a community with high median PC has more between-community edges for nodes in the community (integration on the community level), whereas a community with high median z has more within-community edges for nodes in the community (segregation on the community level).

On the nodal level, node selection was informed by overlapping (performed in MRIcron2) the brain activation map produced by entering the text query “chronic pain” into NeuroQuery, a recently developed tool for comprehensive meta-analysis of the neuroimaging literature (Dockès et al., 2020), onto the 7-network, 400-node Schaefer parcellation (Yeo et al., 2011; Schaefer et al., 2018). This procedure resulted in the selection of six brain areas (nodes): left anterior insula (L AIns), right anterior insula (R AIns), left posterior insula (L PIns), right posterior insula (R PIns), L anterior cingulate gyrus (L ACgG), and right anterior cingulate gyrus (R ACgG). Please refer to Figure 2 for a representation of the selected nodes and to Supplementary Table 1 for their identification by templateflow index (Ciric et al., 2021). Obviously, this approach necessitated some degree of subjectivity in terms of the selection of nodes to include but was, nevertheless, undertaken for the purpose of all results (community and nodal level-related results) to be aligned within the same whole-brain parcellation. The PC or z score for each single node can be defined as the degree of integration or segregation a node has with respect to the other nodes in the whole network. For example, as illustrated in Figure 1B, a node with high PC has more between-community edges (integration on the nodal level), whereas a node with high z has more within-community edges for the community (segregation on the nodal level).
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FIGURE 2
The six brain nodes selected to represent key chronic pain brain regions shown in a lateral, superior, and anterior brain view. L AIns, left anterior insula; R AIns, right anterior insula; L PIns, left posterior insula; R PIns, right posterior insula; L ACgG, left anterior cingulate gyrus; R ACgG, right anterior cingulate gyrus.


In order to account for the temporal profile of brain connectivity across the two spatial scales (community and nodal), the 160 time point data series were broken down into 6 event-related bins, with bins representing the onset TR when the stimulation was being delivered and until –2 TR pre- and + 3 TR after-stimulus onset, each averaged across participants. This binning partition served as an indicator for the time-varying changes in functional connectivity occurring before, during, and after participants received the painful stimulation.




Statistical analyses

All analyses were carried out using Python version 3.7.2 and were performed: (1) separately for each community and nodal level, (2) only for painful stimuli, (3) by averaging together the two joint or the two thumb runs, respectively, and (4) by focusing only on onset and after-onset time points, each treated separately. Pre-onset time points were not included in the analyses, as the pain pressure task used in the study had not been designed to capture the cerebral processing involved in anticipating pain. However, these pre-onset time points were nonetheless plotted in the graphs, for completeness. Statistical significance was set, conventionally, at p < 0.05, false discovery rate (FDR) corrected for multiple comparisons.


Group differences in integration and segregation at nodal and community level for painful stimulation of the joint

A one-way analysis of covariance (ANCOVA) test was performed using the ols function in the Python statsmodels library (Seabold and Perktold, 2010) to test for differences across groups in the degree of change in integration and segregation over time at the community and nodal level in response to painful stimulation of the affected joint in patients compared to the corresponding site in HC (Contrasts 1, 3, 5, and 7 in Figure 1C). In the model, the network metric under investigation (PC, z) was used as dependent variable, the group variable was treated as independent variable with two levels (RA, HC), and age was used as a covariate. Despite the unbalanced design, Type II Sum of Squares was used, as proposed by Langsrud (2003).



Differences in integration and segregation at nodal and community level for painful stimulation of the joint compared to thumb in patients

Differences in the degree of change in integration and segregation over time at the community and nodal level in response to painful stimulation of the affected joint compared to the neutral thumb in patients (Contrasts 2, 4, 6, and 8 in Figure 1C) were tested by performing a linear mixed-effects model with the statsmodels implementation (MixedLM). The variable “site” (joint, thumb) was entered into the model as fixed effect while controlling for age. A random intercept for each subject and, by default, for each site (joint, thumb) were also introduced to account for the variability of subjects and sites (joint, thumb) at baseline. The model was adjusted, also by default, by the Restricted Maximum Likelihood Estimation and the Powell optimization method was used for model fitting.

Brain plots were generated using netplotbrain (Thompson and Fanton, 20213).





Results


Painful stimulation of the joint induces higher community-wide integration, but no difference in segregation, in patients compared to controls

First, we investigated the degree of change over time in integration (participation coefficient, PC) and segregation (within-module degree z-score, z) at the community level across groups when pain was delivered to the diseased joint and corresponding site in HC (Contrasts 1 and 3 in Figure 1C). Here, PC was found to be generally higher in patients, compared to HC, in all brain communities and for some time points (Table 1 and Figure 3A). However, groups (patients and HC) did not differ in the degree of community-related segregation (z) change over time (Figure 3B and Supplementary Table 2).


TABLE 1    Results from the analysis of covariance (ANCOVA) computed at the community level on participation coefficient (PC) values per time point across groups (patients and controls) when pain was delivered to the diseased joint in patients and corresponding site in controls.
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FIGURE 3
Degree of change in community-related integration (A) and segregation (B) per time point for rheumatoid arthritis (RA) patients and healthy controls (HC), when pain was delivered to the diseased joint and corresponding site in HC. Displayed are the average parameter values (PC, z) over trials per time point. Time points are indicated as –2, –1, 0, +1, +2, +3 on the x-axis, with 0 representing the onset TR (TR = 3 s) of painful stimulation, –2 and –1 being the two TR pre-stimulation, whereas + 1, +2, and +3 the three TR after-stimulation. The brain plots on the left side of the figure represent each of the seven Yeo communities (Yeo et al., 2011). The shaded areas contouring the lines represent the standard error of the mean. The stars represent time points that differed significantly (p < 0.05, FDR corrected) between groups. PC, participation coefficient; z, within-module degree z-score; RA, rheumatoid arthritis; HC, healthy controls.




No significant group difference in node-related integration or segregation for painful stimulation of the joint

Next, we analyzed the degree of change over time in integration (participation coefficient, PC) and segregation (within-module degree z-score, z) at the nodal level across groups when pain was delivered to the diseased joint and corresponding site in HC (Contrasts 5 and 7 in Figure 1C). Contrarily to integration at the community level, groups did not differ in node-related integration (Supplementary Figure 1A and Supplementary Table 3) nor segregation (Supplementary Figure 1B and Supplementary Table 4) over time.



No significant difference in integration and segregation at nodal and community level due to the different stimulation site (joint vs. thumb) in patients

Lastly, we examined the degree of change over time in integration (participation coefficient, PC) and segregation (within-module degree z-score, z) at the community and nodal level in patients when pain was delivered to the diseased joint compared to the neutral thumb (Contrasts 2, 4, 6, and 8). None of the analyses showed any significant degree of change (Supplementary Figures 2, 3 and Supplementary Tables 5–8).




Discussion

The present study capitalized on previously analyzed fMRI data in order to detail the temporal profile of cerebral pain processing in patients with RA, with the final objective to track pain-related patterns of network reconfiguration at the resolution of single data time points.

A major finding of this work is that the participation coefficient was generally higher in RA patients compared to HC during and following pressure pain over the inflamed joint compared to the corresponding site in HC. This result shows that all brain communities integrate to a relatively higher degree in patients than in HC during some, but not all, time points when painful stimulation is delivered to the disease-relevant body site (Figure 3A). Interestingly, our finding of increased community-level integration is in accordance with previous research on pain and cognition, with the latter being a critical component contributing to the multi-dimensionality of pain experience. Regarding pain research, recent work has shown that: (1) in HC, there is elevated integration of brain networks in the presence of more intense pain (Kastrati et al., 2022), (2) a tonic pain model, capable of predicting experimental and clinical sustained low back pain, provides evidence for the involvement of a number of highly distributed brain networks during a sustained pain state (Lee et al., 2021), and (3) the experience of pain is supported by comprehensive multi-network interactions (Geuter et al., 2020). Regarding the cognitive aspect, several studies have shown an increase in or shift to a state of higher integration between brain networks during the execution of demanding cognitive tasks (Cohen and D’Esposito, 2016; Fransson et al., 2018). That being said, in our work, the observation of an up-ramped degree of integration among the canonical resting-state networks as defined in the Schaefer atlas during and after painful stimulation of the clinically affected area might be responsible for an overly energetically demanding experience for the brain. Indeed, although the brain has long been regarded as a complex system where integration plays a key and decisive role (Tononi, 1998), interactions between communities are costly to maintain, thus occur in alternation with more highly modular periods (Liégeois et al., 2016). Importantly, Shine et al. (2016) have shown that states of integration allow for a more effective and faster processing of information during task execution. However, with reference to our finding and on a speculative note, in the presence of painful information, a sustained state of whole-brain integration, without intermitting segregation, might accelerate the propagation of recursive noxious information. Consequently, this might lead to the exacerbation of pain experience and, in turn, contribute to pain chronicity in patients. Further, though this state of higher integration in patients compared to HC concerns all brain communities, it distributes differently over time (see Table 1 and Figure 3A). Indeed, the higher integration seen in patients features onset and all after-onset time points in, specifically, DorsAttn and SalVentAttn communities. As for the other tested resting-state networks, group differences were less “durable.” A plausible, although speculative, explanation might be that the salience network seems to be relevant in regulating the functional changes of other networks dynamically (Bonnelle et al., 2012), as also pointed out in Borsook et al. (2013), and has been shown to be associated with attention networks, given the dependency between saliency and attention (Menon and Uddin, 2010; Uddin, 2015). Thus, on a speculative level, it might be that the constant high integration of the SalVentAttn and DorsAttn communities is coordinating the functional role of the other communities, thus reducing their integration at times to favor the required high-level attention to salient, painful stimuli. This finding might indicate that the brain of patients enters a state of persistent high integration, not allowing the brain to be in a more modular state at any time. Possibly, this might be a contributing factor to the cognitive fatigue affecting chronic pain patients and, relevant to this work, patients with RA (Nikolaus et al., 2013).

When exploring whether this maladaptive brain network configuration in patients was specific to when pain was delivered to the inflamed joint or also to the non-clinically relevant thumb, our results pointed to the latter. Indeed, there was no difference in community-related integration over time across body sites (Supplementary Figure 2A), which might be interpreted as elevated integration not uniquely pertaining to the inflamed area, but also to an area that appears “neutral” when the peripheral nervous system is the focus. Thus, this might be indicative of patients having a more generalized and unspecific cerebral response to pain, unbound to the clinical relevance of the stimulation site. This finding seems to be in conflict, at first, with previous work published from our group, in which it was shown that patients had lower pain-related cerebral activation in response to painful stimulation at the joint compared to the thumb (Sandström et al., 2019). However, it is not surprising that a finding reporting task-evoked BOLD response lacks direct translation into a task-based TVC context. Indeed, although specific to the default mode network and its regions, it has been previously demonstrated that, for example, task-related negative BOLD signal does not affect the temporal profile of task-related FC networks (Razlighi, 2018), thus in accordance with the disagreement in our previous (Sandström et al., 2019) and current results.

Shifting focus from the organization of communities to the role of single nodes in the whole network, all our results indicate that there is no contribution from the six selected network nodes to brain network integration or segregation, neither during pain to joint across groups, nor during pain to joint compared to thumb within patients only (Supplementary Figures 1, 3). This might indicate that the community level may be more informative than the nodal level in terms of revealing potential differences in cerebral pain processing between patients and HC. However, the lack of significant results at the nodal level might be due to the fact that the robustness of the measures applied at the nodal level might have been more easily affected by the high number of multiple comparisons. While for PC and z at the community level, we computed the median of all nodes within each community, for PC and z at the nodal level, we considered single nodes among the 400 nodes generated by the Schaefer 400 node x 7 network parcellation. Further, we note that, as also discussed by Kastrati et al. (2022), brain communities were regarded as static clusters of nodes and their integration and segregation profile was investigated over time. Thus, allowing nodes to be dynamically assigned to different communities via community detection might further inform about local reconfigurations and their contribution to the functional architecture of the network in a pain context, as mentioned in Kastrati et al. (2022).

The balance between integration and segregation is crucial for the brain (Shine, 2019). Whereas higher thermal pain has been shown to already disrupt this balance in HC inducing a shift from segregation to integration (Kastrati et al., 2022), in patients with RA, we might speculatively argue that, based on our results, this balance appears to be undergoing a constant perturbation in favor of a permanent high integration state.

With the present study, we were able to track the temporal profile of pain-related network changes in RA patients and HC. From a clinical perspective, this is of great importance for the understanding of the mechanisms involved in the perception of pain and could possibly contribute to the identification of a brain-based biomarker for chronic pain.
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