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INTRODUCTION

In many patients with chronic pain disorders, pain becomes a persistent experience with 

little or no resolution despite treatment. Despite this chronicity, symptoms often continue to 

change across different time-scales (days, weeks, months) in an individual even in the 

chronic state [14; 42; 47]. If the biological factors that predict these symptom changes could 

be identified, especially those that predict symptom reduction, novel treatments directed 
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toward these factors may have enhanced potential to promote more sustained symptom 

abatement.

While changes in brain function and structure are believed to play a role in the initial 

development of persistent pain symptoms (pain chronification) [4], it is not known whether 

specific brain factors are associated with symptom change during the chronic state. Here, we 

address this question in the context of a prevalent but poorly understood condition termed 

urologic chronic pelvic pain syndrome (UCPPS). UCPPS, which is comprised of interstitial 

cystitis/bladder pain syndrome (IC/BPS) and chronic prostatitis/chronic pelvic pain 

syndrome (CP/CPPS), is estimated to affect the lives of millions of women and men in the 

US and around the world [2; 5]. UCPPS is associated with pain referred to the pelvic region 

and varied symptoms related to urinary function [7]. These symptoms initiate for unknown 

reasons and can be sustained across years and even decades. Despite commonalities of 

symptom presentation, no generally effective and standard-of-care treatments for UCPPS 

have been identified [7].

Recently, several changes in brain structure and function have been identified in patients 

with UCPPS compared to healthy individuals [3; 10; 17; 19; 22; 27; 46], but it is unknown 

whether there are brain features that predict longitudinal symptom change in symptoms of 

UCPPS. Here, we begin the process of identifying such brain features by examining the 

ability of functional connectivity measures derived from resting state functional MRI (rs-

fMRI). rs-fMRI captures the strength of functional interaction among brain regions during 

rest, and has been used to predict future disease symptoms in several clinical conditions 

including early stages of chronic low back pain [4] and autism [29]. Although rs-fMRI has 

not yet demonstrated the predictive accuracy necessary for clinical use [28], it has an 

important advantage over non-neuroimaging questionnaire-based predictors commonly used 

in chronic pain in that it can point to specific brain networks for further study in animal 

models or as potential treatment targets.

The goal of the present study was to examine a cohort of UCPPS patients with many years 

of symptom history (who are already in a “chronified” state), and to determine if rs-fMRI 

measures obtained at the beginning of the study can predict trends in symptom change over 

multiple months following the scan. The results described below support the novel finding 

that rs-fMRI measures predict reduction in UCPPS pain symptoms in the initial months 

following the scan. These results represent an important step forward in understanding 

predictive factors underlying UCPPS and may also inform the study of other chronic pain 

conditions.

METHODS

Participant population

Participants from the multi-site Multidisciplinary Approach to the Study of Chronic Pelvic 

Pain (MAPP) Research Network study were studied [7; 24]. At each site, the Institutional 

Review Board approved the study. All participants provided informed consent. We selected 

patients for analysis according to three criteria. First, we selected individuals for whom 

neuroimaging data met quality standards described previously [1]. We then selected only 
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UCPPS patients, and did not analyze data from other groups of participants studied in 

MAPP (healthy controls and patient-controls without UCPPS). Finally, we divided the 

UCPPS patients into two cohorts. The primary UCPPS cohort contained patients who had 

neuroimaging procedures within 4 weeks of study enrollment and that completed bi-weekly 

symptom assessments for 12 months following enrollment (the full duration of possible 

study participation), from which we derived measures of longitudinal symptom change (see 

below). These selection criteria yielded a primary cohort of 52 UCPPS patients. The 

secondary UCPPS cohort had neuroimaging procedures but did not meet the criteria of 

neuroimaging followed by 12 months of symptom data. These selection criteria yielded a 

secondary cohort of 60 UCPPS patients, who were used along with the primary cohort to 

control for potential site effects in this multi-site neuroimaging study as described below [1], 

but were not used for any further longitudinal prediction analysis. The UCPPS patients 

described here have been included in previously-published cross-sectional analyses [20; 22; 

27], but this is the first analysis of this neuroimaging data with respect to longitudinal 

symptom change.

Outcomes for prediction: UCPPS longitudinal symptom trends

We first calculated summary scores of pain symptoms and urinary symptoms, the primary 

dimensions of UCPPS [13], at each time-point of the bi-weekly internet-based symptom 

assessments. UCPPS pain and urinary symptom scores were developed and published by the 

MAPP Research Network [13]. The pain symptom score combines the pain domain score 

from the Genitourinary Pain Index (GUPI) questionnaire (0–23), and the response to the 

Interstitial Cystitis Symptom Index (ICSI) question “Have you experienced pain or burning 

in your bladder?” (0–5), into a single index that ranges 0–28. The urinary symptom score 

combines the urinary domain score from the GUPI questionnaire (0–10), and the responses 

to the ICSI questions “How often have you felt the strong need to urinate with little or no 

warning?” (0–5), “Have you had to urinate less than two hours after you finished urinating?” 

(0–5), and “How often did you most typically get up at night to urinate?” (0–5), into a single 

index that ranges 0–25. Figure 1 shows pain symptoms in two example UCPPS patients to 

illustrate the analysis of longitudinal symptom data we used to derive outcome measures for 

our predictive modeling. We used a linear mixed effects model with random intercept and 

random slope to estimate the participant-specific slopes for pain score over three time 

periods post-enrollment: the first 3 months, first 6 months, and first 12 months. Previous 

work on MAPP symptom assessments has shown a strong early symptom regression effect 

(regression to the mean) in the first 4 weeks after enrollment [40]; in this study, we therefore 

started analysis of longitudinal symptoms after a 4-week run-in period. The participant-

specific slopes are estimated by their posterior means, also termed best linear unbiased 

predictors (BLUPs). We will refer to these participant-specific slopes as symptom change 

trends over the associated time period.

The goal of the present work is to determine if baseline rs-fMRI data contains information 

about future symptom trends in UCPPS patients. Previous neuroimaging-based longitudinal 

symptom prediction papers in other conditions (low back pain, autism) have been able to 

report classification accuracy as a primary outcome because pre-determined thresholds were 

available for dividing participants into a “better” and “worse” class based on a continuous 
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outcome [4; 29]. In practice, these thresholds were close to the median of the distribution of 

the continuous outcome variable. As these previous papers, we wanted to report 

classification accuracy as a measure of information in the baseline resting state scan about 

future change in symptoms. However, the UCPPS condition does not have a pre-determined 

threshold for symptom change. Therefore, we divided symptom improvement trends in each 

time period across the population median to classify UCPPS patients as either “improvers” 

or “non-improvers”. The distribution of symptom trends for improvers and non-improvers 

were tested for an average of 0 (no improvement) using a t-test. As a sensitivity analysis, we 

also present results based on dichotomizing the symptom trends according to the 25th and 

75th percentile. As an additional analysis, we also use a continuous regression approach to 

associate the rs-fMRI predictors directly with the continuous symptom change trends.

Predictors: strength of functional connections in the brain

We sought to determine if functional connectivity measures derived from rs-fMRI could 

predict UCPPS patient classification as improver or non-improver in the 3, 6, or 12 month 

time period. MRI acquisition parameters in the MAPP study have been described previously 

[1]. The MAPP cohort was imaged using 3 Tesla scanners according to the following 

procedures. A high resolution structural image was acquired from each subject with a 

magnetization-prepared rapid gradient-echo (MP-RAGE) sequence, with repetition time 

(TR) = 2200 ms, echo time (TE) = 3.26 ms, slice thickness = 1 mm, 176 slices, 256 × 256 

voxel matrices, and 13 mm voxel size. Resting state scans were acquired while subjects 

rested with eyes closed for 10 min in 40-slice whole brain volumes, with slice thickness = 4 

mm, TR = 2000 ms, TE = 28 ms, and flip angle = 77°. MAPP neuroimaging data were 

collected, quality controlled (independently of the authors) and archived according to multi-

site imaging procedures (PAINrepository.org).

We processed the rs-fMRI images from each patient according to the following procedures: 

slice time correction, motion correction, spatial smoothing using a Gaussian kernel of full-

width half-maximum of 5 mm and nonlinear high-pass temporal filtering (150 s). We 

registered processed images to the Montreal Neurological Institute (MNI) standard template 

using the flirt function in the FSL software package. We then extracted an average signal 

from each region of 165 anatomically-defined regions of the Destrieux atlas [9]. We 

calculated the functional connectivity between each pair of regions using a general linear 

model that controlled for 9 confounds of no interest: the global signal, CSF signal, white 

matter signal, and the 6 parameters of rigid body head motion. For each participant, this 

analysis produced 13,530 unique connectivity values. Connectivity values were site-

corrected by subtracting the mean of all UCPPS patients (both primary and secondary 

UCPPS cohort) at that site and adding the global (across site) mean, as described previously 

[1]; once site correction was performed, no additional analysis was performed on the 

secondary UCPPS cohort.

We then attempted to classify improvers versus non-improvers based on connectivity 

vectors. We used a support vector machine (SVM) classification with leave-one-out cross-

validation (LOOCV). LOOCV is appropriate as a preliminary estimate classifier 

generalizability [3], and has been commonly used in longitudinally predictive neuroimaging 

Kutch et al. Page 4

Pain. Author manuscript; available in PMC 2018 June 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://PAINrepository.org


studies where sample sizes may not be adequate for a separate training and validation set 

[29]. We assessed the predictive ability of the SVM classifier in each time period using the 

classification accuracy, the sensitivity, and the precision. Accuracy is the percent of correctly 

classified individuals. Sensitivity can be understood as the ability of the SVM to correctly 

identify improvers. Precision, a complementary measure, can be understood as the ability of 

the SVM to not incorrectly classify a non-improver as a improver. Furthermore, we 

calculated a p-value as the probability that random chance would classify as accurately as 

the SVM (permutation test with 50,000 iterations).

Some previous longitudinal prediction studies perform correction of functional connectivity 

data for head motion only at the individual-participant level [4; 29], but several previous 

studies have established that head motion is an important group-level confound to consider 

in functional connectivity studies [30; 31; 37; 38; 43], especially when there may be group 

differences in head motion between the groups of interest [35]. To control for this confound, 

we performed the following group-level analyses beyond standard head motion correction at 

the individual-level. First, we performed simple t-tests in each translation and rotation 

variable to compare improvers and non-improvers. Second, we used head motion as 

predictor data (without neuroimaging data) for the symptom trends using the same SVM 

approach with LOOCV described above to determine if any significant prediction could be 

obtained from head motion alone. Third, we used linear regression to remove the effect of 

motion from the symptom trend before performing prediction analysis. In each case, head 

motion was described by reducing the x-rotation, y-rotation, z-rotation, x-translation, y-

translation, and z-translation time series to either a maximum change in a single time-step 

(repetition time, TR) or a maximum deviation from baseline.

We provided a visualization of SVM weights that were most important to the classification. 

After the LOOCV procedure, we trained a single SVM on all participants. The SVM weight 

indicates the importance of each functional connection to the classification; connections of 

high positive weight indicate connections that are important to the prediction of improvers 

and connections of high negative weight indicate connections that are important to the 

prediction of non-improvers. As a function of N, we examined brain locations (centroids of 

regions in the Destrieux structural atlas) of the N connections with most positive and most 

negative SVM weight. To determine if the identified connections preferentially aligned with 

known resting brain networks, we also determined the fraction of these N connections for 

which both regions of the connection were contained in the same published resting state 

network as determined by independent components analysis (ICA). We examined ICA 

templates from 10 common resting state networks available online as defined previously 

[39]. We used the following 10 networks: 3 visual networks, default mode network, 

cerebellar network, sensorimotor network, salience network, frontal network, right 

frontoparietal network, left frontoparietal network.

To examine the robustness of our classification algorithm, we used LOOCV to examine 

classification accuracy as we defined improver versus non-improver according to different 

percentile splits. In addition to the median (50th percentile) described above, we also 

examined splitting the data at the 25th and 75th percentiles. After LOOCV, we trained a 

single SVM for each of these splits. We rank-ordered the weights according to the SVM 
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trained for the median split, ordered the weights for the SVMs trained for the other two 

percentile splits according to the rank determined for the median, and finally calculated the 

Spearman rank correlation coefficient for the SVM weights of the 25th and 75th percentile 

splits with the SVM weights for the median split. This procedure allowed us to quantify the 

disturbance to the SVM weights associated with choosing a different split (other than the 

median) to define improvers versus non-improvers.

Finally, as an additional test of the association between rs-fMRI and symptom change 

trends, we used the symptom change trends as continuous variables and performed a 

regression analysis to identify significant predictors in the baseline rs-fMRI data. A number 

of different high-dimensional continuous regression approaches for neuroimaging data have 

been previously described, including LASSO regression (least absolute shrinkage and 

selection operator) on voxel-based data [44] and ridge regression on atlas-based functional 

connectivity data [29]. We implemented a ridge regression algorithm since the structure of 

our data was atlas-based rather than voxel-based functional connectivity data. We only 

implemented the continuous analysis to verify the prediction of symptom change trends that 

showed promise in the classification approach described above. We implemented the 

continuous analysis as a high-dimensional linear regression model (fitrlinear in MATLAB). 

The regression model was used to associate the neuroimaging data in a 52 × 13530 matrix X 
(identical to the SVM input) with the 52 × 1 vector Y containing the symptom change 

trends. LOOCV was used with the actual Y to determine the mean squared error (MSE) and 

the distribution of regression coefficients. To assess the overall significance of the 

prediction, a bootstrapping procedure was used to estimate the distribution of the MSE 

obtained by randomly permuting Y in 1000 iterations as in previous studies [29; 44], and we 

calculated the number of bootstrap iterations in which the MSE was better than the MSE in 

the unpermuted data.

In the classification and regression techniques described above, it is important to note that 

predictions are made based on the full set of weights across all connections [44], which 

provides that some connections may be individually variable across participants while their 

combination can form a valid prediction. Hence, our first visualization of important 

connections simply rank-ordered the connections according to weight in the prediction 

without thresholding. None-the-less, previous publications have used a bootstrapping 

procedure (with 1000 bootstrap samples) to estimate the significance of individual predictors 

(voxels or connections) against the null distribution generated by randomly permuting the 

outcome to be predicted [29; 44]. We implemented the same procedure here both for the 

classification and continuous regression approaches. We repeated the LOOCV procedure for 

each bootstrap sample, and calculated the fraction of samples for which the particular 

connections had SVM weight or continuous regression coefficient (calculated on the un-

permuted data) outside of the distribution of the bootstrap samples. This fraction provided a 

p-value for each functional connection, which we then corrected for multiple comparisons 

using a false discovery rate of 0.05.
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Analysis of phenotypic and treatment effects on prediction modeling

To further characterize our patient population and to examine phenotypic and treatment 

factors that could potentially confound the prediction results, we examined additional 

baseline questionnaire data. We examined sex, age, the body mass index (BMI), the UCPPS 

symptom duration, the number of painful body regions from a 45-region body map of pain 

on the Brief Pain Inventory (BPI) [6], and the Hospital Anxiety and Depression Scale 

(HADS). These variables were compared between improvers and non-improvers to examine 

any clear association between non-neuroimaging data and symptom change trend.

Although prediction of symptom change trends from baseline neuroimaging data was the 

sole goal of this study, we also explored possible psychological correlates of the identified 

predictive neuroimaging patterns. We explored the univariate correlation between the cross-

validated output of the neuroimaging-based SVM classifier or continuous regression and the 

following phenotypic/psychological variables: sex, age in years, symptom duration in years 

(dursym-yrs), educational level (edu, range 1 - Less than high schoolto 5 - Graduate or 

professional school), income (income, range 1 - $10,000 or less to 5 – more than $100,000), 

anxiety (HADS-anx) and depression (HADS-dep), Positive and Negative Affect Schedule 

(PANAS-positive and PANAS-negative), Multiple Abilities Self-Report Questionnaire for 

language (MASQ-language) verbal memory(MASQ-VM) visual spatial memory (MASQ-

VSM) and attention (MASQ-Attention), Self-Esteem And Relationship for sexual relations 

(SEAR-SexRel) confidence (SEAR-Confi) self-esteem (SEAR-SlfEsteem) overall 

relationship (SEAR-OvalRel) and total (SEAR-tot), International Personality Item Pool for 

neuroticism (IPIP-N) extraversion (IPIP-E) openness (IPIP-O) agreeableness (IPIP-A) 

conscientiousness (IPIP-C), Beliefs in Pain Control for internal locus of pain control 

(BPCQ-I) powerful others/doctors (BPCQ-D) and chance happenings (BPCQ-C), perceived 

stress scale (PSS), genitourinary pain index at baseline for pain symptoms (GUPI-pain) 

urinary symptoms (GUPI-urin) and quality-of-life (GUPI-qol), Coping Strategies 

Questionnaire for ability to control pain with coping (CSQ-C) and ability to decrease pain 

with coping (CSQ-D), Childhood Trust Events Survey for events before age of 17 

(CTES-17) and events in the last 3 years (CTES-3yrs), Complex Multi-Symptom Inventory 

for co-morbid symptoms during the lifetime (CMSI-life) and during the past year (CMSI-

year), and the SF-12 scale for physical function (SF12-PCS) and mental function (SF12-

MCS). A p-value for the linear regression of the neuroimaging output as the dependent 

variable and the phenotypic/psychological factor as the independent variable was calculated 

to screen for associations between the variables, and an uncorrected threshold of p<0.05 was 

used to define variables of potential interest.

Treatment data were obtained from bimonthly open-ended text responses on the BPI to the 

question “What treatments or medications are you receiving for your pain?”. Reported 

interventions were classified according to the following categories: alpha-blockers, 

benzodiazepines, anticholinergic agents, oral elmiron, gabapentinoids, antihistamines, 

bladder instillations, anti-inflammatories, opioids, physical therapy, selective serotonin 

reuptake inhibitors (SSRI), serotonin–norepinephrine reuptake inhibitors (SNRI), tricyclic 

agents, antibiotics/antifungals, or none-of-the-above. The proportion of patients using 
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interventions in each category at specific time points was compared for between improvers 

and non-improvers using Fisher’s Exact test.

RESULTS

Our sample of UCPPS patients with longitudinal symptom data and baseline neuroimaging 

in the primary cohort included 52 adults (34 Female, 18 Male). The participants in the 

primary UCPPS cohort had an average age of 38.8 years (± 11.9, standard deviation), and an 

average age of UCPPS symptom onset of 32.2 years (± 12.9). Participants in the secondary 

UCPPS cohort (45 female, 15 male) had an average age of 40.4 (± 13.5) and average age of 

UCPPS symptom onset of 27.8 (± 12.2). See Table 1 for clinical characteristics of the 

sample. No significant differences in age, sex, or age of UCPPS symptom onset were 

observed between the primary and secondary UCPPS cohort.

We observed considerable interindividual differences in the trends (slopes) of pain and 

urinary symptoms (Figure 2). Interindividual differences in symptom trends were especially 

pronounced for pain and urinary symptoms for the 3-month time period. To demonstrate that 

the ordering of patients according to symptom trends could be very different for the different 

time intervals, we show that patients dichotomized according to the median symptom slope 

for the 3-month time period did not maintain that dichotomization at the 6-month or 12-

month time period (Figure 2). Thus, the neuroimaging data would have the potential to 

predict symptom trends for certain time periods but not others, as we did not observe a 

strong association in how patients would be labeled improvers versus non-improvers for the 

different time periods, especially for 3-month pain trends compared to longer-term pain 

trends. Spearman rank correlation (ρ) of symptom trends within the same individuals for 

different time periods were as follows. For pain symptoms: ρ3,6 = 0.38, ρ3,12 = 0.31, and 

ρ6,12 = 0.64; for urinary symptoms: ρ3,6 = 0.50, ρ3,12 = 0.26, and ρ6,12 = 0.60. Thus, 

individuals showing the greatest short term improvement may not be the same individuals 

showing the greatest longer term improvement, and thus neuroimaging data may be able to 

predict trends in certain time periods but not others.

Most importantly, we found that rs-fMRI data were able to predict 3-month pain trends with 

significant accuracy (Table 2). Using LOOCV, we observed that rs-fMRI data correctly 

identified 73.1% of patients correctly as improvers or non-improvers (p=0.0012), with 

69.2% sensitivity and 75.0% precision. We also observed that rs-fMRI data showed a trend 

toward significant prediction of 12-month pain symptom trends (p=0.07), but was much less 

significant than the prediction of 3-month pain symptom trends. We examined both pain and 

urinary symptom trends for the 3, 6, and 12-month time periods, and observed that rs-fMRI 

data was predictive of 3-month pain symptom trends.

We found that head motion did not differ between the improvers and non-improvers either in 

the maximum change in a single time-step (p-values for t-test for x-rotation, y-rotation, z-

rotation, x-translation, y-translation, and z-translation were 0.67, 0.93, 0.37, 0.24, 0.73, 0.97, 

respectively) or in the maximum deviation from baseline (p-values for t-test were 0.67, 0.48, 

0.84, 0.98, 0.71, and 0.74, respectively). Using head motion as predictor data for symptom 

trend class, we observed that head motion data alone could not make significant predictions: 
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neither maximum change in a single time-step (51.9% accuracy) nor maximum deviation 

from baseline (46.2% accuracy) were significant. Regressing head motion estimates from 

longitudinal symptom trends before dichotomization and prediction from neuroimaging 

data, we found that the neuroimaging prediction remained significant even after adjusting for 

either maximum change in a single time-step (71.2% accuracy, p=0.001) or after adjusting 

for maximum deviation from baseline (67.3% accuracy, p=0.006).

We then studied the internal structure of the predictive SVM to identify the brain features 

contributing most to the prediction of 3-month pain trends. We initially ranked connections 

according to SVM weight (Figure 3A-1, 3B-1). This analysis revealed that the 100 

connections with most positive weight and the 100 connections with most negative weight, 

together representing only 1.48% of the 13,530 pair-wise connections, accounted for 44% of 

the range of the SVM weight values. We observed that the 100 connections with most 

positive weight, associated with connectivity being larger in improvers compared to non-

improvers, were strongly concentrated in the left hemisphere and that a disproportionate 

percentage of these connections involved the left frontal and left parietal lobes (Figure 

3A-2). Upon examining how the connections with the most positive SVM weights would 

align with common resting state networks, we observed a preferential alignment with the left 

frontoparietal network (Figure 3A-3). A connectogram of the 100 connections with most 

positive SVM weight can be used to visualize the brain regions associated with each of these 

connections (Figure 3A-4). We performed identical analyses for the 100 connections with 

most negative weight, but we did not observe any obvious spatial pattern or alignment with 

known networks for these connections (Figure 3B).

To ensure that our prediction results were not overly sensitive to the choice of 

dichotomization (median) to determine improvers and non-improvers, we also performed a 

sensitivity analysis of this dichotomization. For comparison, we dichotomized the 3-month 

symptom trend according to the 25th percentile (creating more non-improvers) and the 75th 

percentile (creating more improvers). We found that the accuracy increased for the 25th 

percentile split (75% accuracy, p=0.01), whereas the accuracy decreased for the 75th 

percentile and became non-significant (63.5% accuracy, p=0.41) (Figure 4A). The rank 

order of the SVM weights for the median split and 25th percentile split exhibited similar 

structure (ρ=0.67) (Figure 4B). These sensitivity analysis results suggest that rs-fMRI 

features predictive of patients with the greatest downward trends in 3-month pain symptoms 

are very likely to be distinct from patients with more modest trends, but that differences 

among patients with the smallest downward trends are least likely to be predicted by rs-

fMRI data.

Continuous regression analysis revealed that the rs-fMRI data could make a significant 

prediction of 3-month pain symptom change trends (p=0.045). Displaying the 100 

connections with most important SVM weights from the classification findings along with 

the 100 connections with most important continuous regression coefficients showed a 

general similarity in the findings of these two techniques (Figure 5), particularly with 

frontoparietal connections in the left hemisphere important in both classification and 

regression analyses.
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Using both SVM classification and continuous regression, we observed evidence of 

individual significant connections that repeatedly contributed more to the prediction of 

symptom trends than would be expected by chance (Figure 6). The SVM classifier showed 

two significant connections that were stronger in improvers compared to non-improvers – 

one left frontoparietal connection and a connection between precentral gyrus (motor cortex) 

and the parahippocampal gyrus. The SVM classifier showed two additional significant 

connections that were stronger in non-improvers compared to improvers. The continuous 

regression showed 11 connections which were positively correlated with improvement – 

including 5 connections that involved the left intraparietal sulcus, as well as 3 connections 

involving bilateral precentral gyri and parahippocampal gyri. The continuous regression had 

2 significant connections that were negatively correlated with improvement. All significant 

connections are detailed in Table 3.

Additional questionnaire data were used to assess any obvious differences between 3-month 

improvers and non-improvers (based on the original median split) in pain symptoms (Table 

4). Patients in the improver group were no different on average from the non-improver group 

in sex, age, BMI, symptom duration, anxiety, depression, number of painful body locations, 

or initial pain or urinary symptom severity. Identical distribution of sexes and nearly 

identical distribution of ages in the improver and non-improver groups emerged by chance 

and were not part of the study design. Univariate associations with the predictive 

classification-based neuroimaging patterns revealed belief in pain control (BPCQ-P), 

education and duration of symptoms as potentially important factors (Figure 7). Univariate 

associations with predictive regression-based neuroimaging results revealed only BPCQ-P as 

a potentially important factor (Figure 7). The regression coefficient for BPCQ-P had the 

same sign in both classification and regression analyses, and suggested that increases in the 

neuroimaging pattern predictive of improvement were associated with decreases in the belief 

that powerful others control pain. No significant univariate associations were found with age 

or sex. Finally, none of the treatment categories were preferentially endorsed by improvers 

compared to non-improvers at either the baseline assessment or at an 8 week assessment (all 

p-values greater than 0.25). Table 5 shows the distribution of treatment use in the improver 

and non-improver group at the baseline and 8 week time point. Very few patients in the 

study reported using many of the treatments of interest (no more than 10/52 patients 

reported actively the same treatment for their pelvic pain).

DISCUSSION

This is the first study to examine the ability of rs-fMRI to predict short-term longitudinal 

change in pain symptoms for patients in a state of chronic pain. The results not only 

demonstrate that such prediction is possible, but also point to functional connectivity in 

specific brain networks as a potential biological factor associated with this predictive ability. 

The results of the study have broad implications for understanding biological mechanisms 

that may contribute to symptom change on multi-month timescales in UCPPS and other 

chronic pain conditions, and ultimately designing and testing treatment approaches that aim 

to enhance symptom reduction and long-term symptom abatement by targeting these 

mechanisms. Here we discuss preliminary interpretations of the brain functional 

connectivity patterns that we identified, how such functional connectivity patterns might be 
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influenced to test causality, and critical future studies to refine and test the predictions of the 

new hypotheses that emerge from this work.

Several intriguing observations and questions arise from our findings. First, why does the rs-

fMRI baseline data most readily predict 3 month symptoms but not perform as well on 6 or 

12 month symptom change trends? Based on previous literature, UCPPS is understood as a 

relatively sustained chronic condition, with a gradual change in symptoms over several years 

averaged across patients, but without lasting “remission” periods [32; 33]. However, at the 

level of individual UCPPS patients, longitudinal symptom profiles exhibit substantial 

variability [40]. Therefore, we hypothesize that the population of longitudinal symptom 

profiles for pain and urinary symptoms in UCPPS patients across many months can be 

conceptualized as signals varying around a relatively stable average. Thus, there may be less 

meaningful differences among patients across the 6 or 12 month time period, making 

prediction difficult. Variations on shorter time-scales may be considered “random noise”, but 

here we open the possibility that they are informative of disease mechanisms. One such 

source of these variations is early symptom regression also referred to as “regression to the 

mean” (RTM) [40]. The RTM effect has been observed in previous studies of UCPPS over 

the first few months [32; 33; 40]. RTM may arise from two primary sources – recruitment 

bias and an enrollment effect. RTM due to recruitment bias may occur because recruitment 

is shifted toward patients whose symptoms are higher than their own average, and 

consequently symptoms return to a more typical level after repeated longitudinal 

measurement. If RTM is due to recruitment bias, symptom changes in individual patients are 

still “natural” in that they may have occurred even if the study was not conducted. If RTM is 

due to an enrollment effect, symptom changes in individual patients may be more related to 

individual differences in placebo response. RTM is a large problem in treatment studies 

because it can produce the appearance of a treatment effect when no such effect exists. 

However, in a longitudinal observational study such as MAPP, identifying biological factors 

(including brain connectivity) associated with those patients who had the largest short-term 

symptom reductions compared to those that did not may provide insight into dynamic 

factors that mediate UCPPS symptoms. Future longitudinal studies in UCPPS will be 

necessary to disambiguate RTM due to recruitment bias from RTM due to enrollment. For 

example, longitudinal symptom assessment with multiple imaging time-points in the same 

participants (e.g. baseline and 6-months) could be used to determine if rs-fMRI can predict 

symptom change trends across 3-month periods regardless of whether this period follows 

enrollment or follows the 6-month scan. If RTM is due to recruitment bias and reflects 

natural symptom changes, we would expect that the brain networks identified in this study 

would be predictive of future symptom progression following either the baseline or 6-month 

scan.

Second, why is connectivity predictive of pain symptom change trends distributed across the 

brain in the observed pattern? The most striking features in the pattern of brain functional 

connectivity associated with greater pain improvement is its composition (relatively large 

contribution from the frontal and parietal cortices) and its laterality. Frontoparietal networks 

have been traditionally associated with attentional modulation [41], specifically the selection 

of sensory information by attention [34]. It integrates feature information elaborated in 

sensory cortex and top-down representations of behavioral goals and expectations 
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originating in the dorsolateral prefrontal and premotor cortex. The network has also been 

referred to as the frontoparietal control system which regulates distributed sensory, 

emotional and motor systems according to current task goals and expectations, and 

alterations in this control system have been implicated in the pathophysiology of several 

psychiatric disorders [8]. Previous studies in experimentally-induced pain in healthy 

individuals have identified that frontoparietal networks play an important role in expectancy-

induced modulation of pain [21; 45] including the explanation of inter-individual differences 

in placebo response [44]. It is currently not known if these findings directly apply to a 

population of individuals with chronic pain, but the current study points to the exciting 

possibility that frontoparietal networks may play an important role in chronic pain even in a 

highly chronified state. We showed preliminary evidence that the frontoparietal pattern we 

identified may relate to beliefs about pain control. These beliefs may be coupled to the 

natural increases and decreases of symptoms in these patients in the chronic state (RTM due 

to recruitment bias), or induced by enrollment in the study (RTM due to enrollment). It is 

well-known that belief plays a critical role in pain modulation [45], but it has been difficult 

to exploit this fact to enhance treatment effectiveness [44]. Given the association between 

placebo response and expectation of pain relief [44], expectation of pain change may be 

important to measure in the UCPPS population in future studies even if these studies do not 

involve treatment.

Third, why does the rs-fMRI baseline data most readily predict pain but not urinary 

symptom change trends? One possibility is that biological processes that control changes in 

urinary symptoms do not reside in the brain, unlike those that control changes in pain. 

Information about processes that may act to change urinary symptoms, such as spinal-level 

control of urination [11] or bladder biomarkers [2], may not be manifest as changes in 

functional interactions in the resting brain. Another possibility is that trends in changing 

urinary symptoms do arise from brain processes but on a faster time-scale than pain 

processes and were therefore not captured in this study. Future studies linking bladder 

biomarkers and brain imaging and examining prediction of urinary symptom changes over 

different time scales will be necessary.

Previous work that has considered neuroimaging-based symptom prediction in chronic pain 

identified stronger functional connectivity between the nucleus accumbens and frontal 

cortex as a key predictive factor in transitioning from acute to chronic pain [4]. Interestingly, 

our analysis indicated that the stronger functional connectivity between the nucleus 

accumbens and a frontal cortex region was correlated with worse 3-month pain symptom 

trends. This fronto-striatal connection has been associated with aversive learning in chronic 

pain [4]. Dynamic changes in fronto-striatal connections may therefore continue to be 

associated with pain beyond the initial chronification phase into the fully chronic phase.

The current study is limited in that we could not directly predict long-term symptom trends, 

and the specificity and sensitivity in the prediction of short-term symptom trends do not 

reach levels of clinical utility. Nonetheless, the aim of the present study was simply to 

demonstrate that there is information in the resting brain of patients with UCPPS about 

future symptom trends and to point toward potential brain networks of interest, not to 

develop a neuroimaging-based clinical test to predict future symptom progression. Future 
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studies with larger sample sizes, more refined analytic techniques, and separate validation 

groups may overcome these limitations by predicting longer-term symptom trends with 

better sensitivity and specificity. The current study is also limited in that it did not test the 

causal role of brain functional connectivity in mediating pain symptom reduction. However, 

if brain functional connectivity does influence symptom reduction in a causal way, our study 

points to brain regions and connections that might be most likely to play a role. A potential 

approach to test this causality in future studies would be a randomized controlled study in 

which frontoparietal connectivity was manipulated in a group of UCPPS patients and 

symptom reductions were compared to a group of UCPPS patients in which no such 

manipulation was performed. Importantly, several candidate approaches exist for 

manipulating frontoparietal network function. For example, transcranial direct current 

stimulation (tDCS) applied to left dorsolateral prefrontal cortex has been shown to induce 

distant changes in functional connectivity within the left frontoparietal network [18]. Also, 

transcranial magnetic stimulation (TMS) applied to the left dorsolateral prefrontal cortex can 

reduce symptoms of depression [26] and can modulate brain connectivity [12]. Finally, 

attentional modulation through meditation may also be a promising approach for 

manipulating brain network function [20; 25]. All of these may be potential approaches in 

future studies to test causal influences on the brain connections we identified to be 

predictive.

The goal of our study was to demonstrate the feasibility of predicting longitudinal change in 

chronic pain observed in UCPPS. rs-fMRI was chosen as a starting modality because we 

expected that predictors of symptom change should, at the very least, have correlates in 

brain function. Furthermore, pair-wise connectivity among regions in an anatomically-

parcellated brain was chosen because we have previously applied this approach to analyze 

brain data from both rs-fMRI [22] and structural imaging [23] for chronic pain conditions. 

SVM was used as a starting approach because we have previously applied SVM to 

distinguish UCPPS patients from healthy controls based on neuroimaging data [3]. Although 

our approach demonstrated that baseline rs-fMRI data in UCPPS patients contains more 

information about 3-month pain symptom change trend than would be expected due to 

chance, our sensitivity and specificity did not yet reach levels of clinical utility. Therefore, 

future studies can investigate optimization of the prediction algorithm by comparing 

numerous machine learning techniques that could be applied to this prediction problem. 

Future studies can expand to optimize the prediction of longitudinal symptom change in 

UCPPS by testing multiple brain imaging modalities (e.g. gray and white matter structure), 

testing multiple classifier input data (e.g. anatomical parcellation and independent 

components analysis), and testing different classifiers (e.g. SVM and partial least squares 

with discriminant analysis). Care must be used when interpreting multivariate classifiers 

applied to neuroimaging data, as some features may appear to be significant in order to 

compensate for noise in other truly predictive features [15]. Therefore, the classification 

approach with optimal performance using LOOCV on the dataset described here must first 

be tested with other cross-validation approaches (due to the limitations of LOOCV [15]) and 

then ultimately tested on an independent validation data set to ensure that the likelihood of 

identifying spurious features is minimized. Predictive power of neuroimaging should then be 

compared with prediction based on non-neuroimaging data (e.g. questionnaires). 
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Nonetheless, the current study demonstrated the feasibility of predicting longitudinal pain 

symptom change in the chronic pain of UCPPS, and provided preliminary insight into the 

functional brain connections involved. Therefore, the current work presents critical 

groundwork for future studies of the pathophysiology of UCPPS and other chronic pain 

states and may aid in conceptualizing strategies for improved clinical management.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Data from two example UCPPS patients illustrating the design of the study and outcome 

measures. Within 4 weeks of enrollment, each UCPPS patient underwent neuroimaging 

procedures that captured the resting state fMRI (rs-fMRI) data. UCPPS symptoms, both pain 

symptom severity and urinary symptom severity, were assessed every 2 weeks for 48 weeks 

(12 4-week months). Symptoms during the first 4 weeks of the study were not analyzed to 

allow for a run-in period. Linear regression was used to quantify the trend in symptoms over 

a 3-month (12 week) period, a 6 month (24 week) period, and a 12 month (48 week) period. 

rs-fMRI measures were used to predict symptom change across the population of UCPPS 

patients studied. Example patient A exhibited a rapid pain symptom decrease in the first 3-

months after neuroimaging and will be part of a group termed “improvers” for the 3-month 

time period. Example patient B does not exhibit 3-month symptom change and will be part 

of a group termed “non-improvers” for the 3-month time period.
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Figure 2. 
Distribution of trends in symptom change across the cohort of UCPPS patients examined in 

the present study. Each dot represents the symptom trend (slope) of a single UCPPS patient 

from the end of the 4 week run-in period through the end of the specified time frame (3, 6, 

or 12 months). Horizontal lines show median splits of the trends at each time frame. Dots are 

color coded as “improvers” or “non-improvers” according to a median split of the trends in 

the 3 month time period, thin gray lines connect the same patient. A. Pain symptoms. B. 

Urinary symptoms. We used the median split at each time period to dichotomize the 

participants for classification; the carry-over of the 3 month dichotomization is shown here 

simply to illustrate that the dichotomization was not preserved across different time periods.
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Figure 3. 
Brain functional connections that contribute most to the prediction of 3-month improvement 

in pain. A. Functional connections with most positive weight in the SVM (improvers > non-

improvers). A1. We initially examined 100 connections as there appeared to be diminishing 

change in weight with the addition of new connections beyond these. A2. These 100 

connections, when visualized on the brain, appeared to be concentrated in the frontal and 

parietal cortices on the left side of the brain (each sphere represents a region making one of 

these 100 connections, and the size of the sphere codes the number of these 100 connections 

made by that region). Regions are colored according to their associated lobe in the 

connectogram in A4. A3. Compared to templates of 10 common resting state networks 
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based on independent components analysis (3 visual networks, default mode network, 

cerebellar network, sensorimotor network, salience network, frontal network, right 

frontoparietal network, left frontoparietal network) [39], the left frontoparietal network (L-

FPN) appeared to contain pairs of locations with the greatest percentage of the altered 

connections. A4. Diagram of connections (connectogram) showing the 100 connections in 

A1 (see supplemental information for region abbreviations). B. Identical figures for 

connections with most negative weight in the SVM (non-improvers > improvers). Notice 

that these regions do not tend to align preferentially with any common resting state 

networks.
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Figure 4. 
Analysis of SVM classification sensitivity to categorization of pain trends (slopes) into 

improvers and non-improvers. A. Original distribution of 3-month pain symptom trend (no 

split), as well as data split across the median (Q2), the 25th percentile (Q1) and the 75th 

percentile (Q3). Classification accuracy for the 25th percentile split increased to 75% 

(p=0.01), but decreased for the 75th percentile split to 63.5% (p=0.41). B. SVM weights 

ordered according to increasing value for the 50th percentile split (solid black line) largely 
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retained the same ordering for the SVM trained on the 25th percentile split (Spearman rank 

correlation = 0.67).
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Figure 5. 
100 most important connections for classification analysis (improver > non-improver and 

non-improver > improver) and for continuous regression analysis (positive correlation with 

improvement and negative correlation with improvement).
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Figure 6. 
Functional connections that were found to be altered significantly more than would be 

expected by chance (p<0.05, FDR-corrected).
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Figure 7. 
Univariate associations between neuroimaging patterns predictive of 3-month pain symptom 

change trends and non-neuroimaging questionnaire data. Associations are ranked according 

to p-value, red dots indicate that the questionnaire variable tends to increase when the brain 

pattern moves toward values associated with improvers, blue dots indicate that the 

questionnaire variable tends to increase when the brain pattern moves toward values 

associated with non-improvers.
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Table 1

Clinical characteristics

Clinical Characteristics (mean ± std) Primary UCPPS cohort (n = 52) Secondary UCPPS cohort (n = 60) p-value

Age (years) 38.8 ± 11.9 40.4 ± 13.5 0.5037

Sex 34 F, 18 M 45 F, 15 M 0.2656

Age (years) of UCPPS symptom onset 32.2 ± 12.9 27.8 ± 12.2 0.0715

Body Mass Index 25.3 ± 5.7 26.7 ± 5.8 0.2056

Race and ethnicity

 Native American 2 0

 Asian 2 2

 African American 5 2

 Native Hawaiian 0 0

 Caucasian 44 54

 Other Race 2 3

 Hispanic or latino 5 2
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Table 2

SVM-based neuroimaging classification of symptom slope performance - accuracy (p-value), sensitivity, 

precision - based on leave-one-out cross-validation. The p-value is calculated by estimating the probability that 

random assignment of an improver vs. non-improver label (assuming equal numbers) could achieve this 

accuracy by chance.

Symptom

Pain Urinary

Time Frame

3 Months 73.1% (0.0012), 69.2%, 75.0% 48.1% (0.6086), 53.8%, 48.3%

6 Months 53.8% (0.3905), 46.2%, 54.5% 42.3% (0.9187), 46.2%, 42.9%

12 Months 59.6% (0.0790), 57.7%, 60.0% 40.4% (0.9188), 42.3%, 40.7%
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Table 3

Significant connections associated with 3-month pain symptom change trends

Abbreviation Description Freesurfer Code

Continous, positively correlated with better symptom change trend

 L_IntPS/TrPS L Intraparietal sulcus (interparietal sulcus) and transverse parietal sulci ctx_lh_S_intrapariet_and_P_trans

 R_SupFG R Superior frontal gyrus ctx_rh_G_front_sup

 L_SupF G L Superior frontal gyrus ctx_lh_S_intrapariet_and_P_trans

 R_ACgG/S R Anterior part of the cingulate gyrus and sulcus (ACC) ctx_rh_G_and_S_cingul-Ant

 L_ACgG/S L Anterior part of the cingulate gyrus and sulcus (ACC) ctx_lh_S_intrapariet_and_P_trans

 L_PosDCgG L Posterior-dorsal part of the cingulate gyrus (dPCC) ctx_lh_G_cingul-Post-dorsal

 L_PaHipG L Parahippocampal gyrus, parahippocampal part of the medial occipito-temporal 
gyrus

ctx_lh_G_precentral

 R_PRCG R Precentral gyrus ctx_rh_G_precentral

 L_PRCG L Precentral gyrus ctx_lh_G_precentral

 L_PaHipG L Parahippocampal gyrus, parahippocampal part of the medial occipito-temporal 
gyrus

ctx_lh_G_precentral

 R_PaHipG R Parahippocampal gyrus, parahippocampal part of the medial occipito-temporal 
gyrus

ctx_rh_G_oc-temp_med-Parahip

 L_Pu L Putamen Left-Putamen

 L_MTG L Middle temporal gyrus ctx_lh_G_temporal_middle

 R_CeB R Cerebellum Right-Cerebellum-Cortex

 R_SbOrS R Suborbital sulcus (sulcus rostrales, supraorbital sulcus) ctx_rh_S_suborbital

 R_Hip R Hippocampus Right-Hippocampus

 L_PosCS L Postcentral sulcus ctx_lh_S_postcentral

Continous, negatively correlated with better symptom change trend

 L_Nacc L Nucleus Accumbens Left-Accumbens-area

 L_InfFS L Inferior frontal sulcus ctx_lh_S_front_inf

 L_MOcG L Middle occipital gyrus ctx_lh_G_occipital_middle

 R_MPosCgG/S R Middle-posterior part of the cingulate gyrus and sulcus (pMCC) ctx_rh_G_and_S_cingul-Mid-Post

 L_LOcTS L Lateral occipito-temporal sulcus ctx_lh_S_oc-temp_lat

 R_SupPL R Superior parietal lobule ctx_rh_G_parietal_sup

Classification, higher in improvers

 L_InfFS L Inferior frontal sulcus ctx_lh_S_front_inf

 L_POcS L Parieto-occipital sulcus (or fissure) ctx_lh_S_parieto_occipital

 L_PaHipG L Parahippocampal gyrus, parahippocampal part of the medial occipito-temporal 
gyrus

ctx_lh_G_oc-temp_med-Parahip

 R_PRCG R Precentral gyrus ctx_rh_G_precentral

Classification, lower in improvers

 R_ACirInS R Anterior segment of the circular sulcus of the insula ctx_rh_S_circular_insula_ant

 L_OcPo L Occipital pole ctx_lh_Pole_occipital

 L_SupTS L Superior temporal sulcus (parallel sulcus) ctx_lh_S_temporal_sup
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Abbreviation Description Freesurfer Code

 R_CcS R Calcarine sulcus ctx_rh_S_calcarine
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Table 4

Patient characteristics according to 3-month pain symptom change trend improvers and non-improvers.

UCPPS Patient Group

Variable 3 month
Greater-Improvers

3 month
Lesser-Improvers p-value

Sex 9 M,17 F 9 M,17 F –

Age (years) 38.39 ± 10.54 39.23 ± 13.37 0.804

BMI 25.67 ± 4.63 24.86 ± 6.77 0.616

Symptom duration (years) 6.16 ± 5.69 7.39 ± 10.48 0.604

Age at symptom onset (years) 32.23 ± 11.50 32.29 ± 14.67 0.987

HADS Anxiety 7.42 ± 3.88 8.00 ± 4.31 0.617

HADS Depression 5.09 ± 3.58 6.47 ± 4.83 0.252

# painful body sites (0–45) 6.88 ± 7.40 6.92 ± 7.50 0.987

Initial Pain Severity (0–28) 12.82 ± 4.60 12.70 ± 5.16 0.927

Initial Urinary Severity (0–25) 10.18 ± 5.85 10.97 ± 5.68 0.627
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