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Abstract

Traditional classification and prognostic approaches for chronic pain conditions focus primarily on 

anatomically based clinical characteristics not based on underlying biopsychosocial factors 

contributing to perception of clinical pain and future pain trajectories. Using a supervised 

clustering approach in a cohort of temporomandibular disorder (TMD) cases and controls from the 

Orofacial Pain: Prospective Evaluation and Risk Assessment (OPPERA) study, we recently 

developed and validated a rapid algorithm (ROPA) to pragmatically classify chronic pain patients 

into three groups that differed in clinical pain report, biopsychosocial profiles, functional 

limitations, and comorbid conditions. The present aim was to examine the generalizability of this 

clustering procedure in two additional cohorts: a cohort of patients with chronic overlapping pain 

conditions (Complex Persistent Pain Conditions (CPPC) study), and a real-world clinical 

population of patients seeking treatment at Duke Innovative Pain Therapies (DIPT). In each 

cohort, we applied ROPA for cluster prediction, which requires only four input variables: pressure 

pain threshold (PPT) and anxiety, depression, and somatization scales. In both CPPC and DIPT, 

we distinguished three clusters, including one with more severe clinical characteristics and 

psychological distress. We observed strong concordance with observed cluster solutions, 

indicating the ROPA method allows for reliable subtyping of clinical populations with minimal 

patient burden. The ROPA clustering algorithm represents a rapid and valid stratification tool 

independent of anatomic diagnosis. ROPA holds promise in classifying patients based on 

pathophysiological mechanisms rather than structural or anatomical diagnoses. As such, this 

method of classifying patients will facilitate personalized pain medicine for patients with chronic 

pain.

1. Introduction

Chronic pain constitutes a significant public health burden, as recent estimates conclude 

20% of U.S. adults, or 50 million people, report having a painful condition.[13] The 

diagnosis and treatment of most chronic pain conditions relies on clinical examination for 

classification criteria based on anatomically defined pain complaint and associated signs and 

symptoms. Traditional classification approaches focus primarily on empirical anatomical 

measurements that are limited in scope and often not based on known pathophysiological 

mechanisms, frequently leading to sub-optimal treatment outcomes.[7; 32] The 

multifactorial nature of chronic pain has prompted efforts to classify patients based on 
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psychosocial factors, comorbidities, and functional consequences along with core diagnostic 

features.[20]

Chronic overlapping pain conditions (COPCs) frequently occur together and share similar 

biopsychosocial features, symptoms, and risk factors, suggesting they may share underlying 

etiology.[40] Previous studies using patients with temporomandibular disorders (TMD), a 

common musculoskeletal pain condition classified as a COPC, have identified etiological 

features from an array of biopsychosocial measures to classify pain.[4] Stratification 

procedures may permit the unraveling of the heterogeneity observed in the COPC 

population, and thus may provide a deeper understanding of etiological mechanisms and 

facilitate the identification of personalized pain treatments that address pathological 

processes in specific subpopulations of pain patients.

In previous studies we have identified biopsychosocial profiles that distinguish subgroups of 

pain patients with TMD. In the Orofacial Pain: Prospective Evaluation and Risk Assessment 

(OPPERA) study, three clusters were identified using supervised clustering.[4] The clusters 

differed with respect to experimental pain sensitivity, psychological distress, and clinical 

features readily assessed in TMD patients. The Adaptive cluster (A) represented 33% of the 

cohort, and were relatively free of hypersensitivity and psychological distress. The Pain-

Sensitive (PS) cluster represented 48% of participants and demonstrated increased muscle 

pain sensitivity to experimentally applied pressure stimuli. The remaining Global Symptoms 

(GS) cluster, 18% of participants, reported both increased muscle pain sensitivity and greater 

psychological disturbance. The three clusters differed in reported pain, functional 

limitations, and comorbid conditions. TMD-free individuals in the GS cluster had greater 

risk of developing onset TMD (hazard ratio=2.8) over a four-year follow-up period. We 

developed a predictive algorithm (Rapid OPPERA Algorithm, or ROPA) using a small set of 

features (muscle pain sensitivity, somatic symptoms, anxiety, and depression), allowing for 

assignment to clusters with high accuracy in almost any environment.[4]

Here, we extend the ROPA cluster algorithm to additional cohorts, focusing on the 

generalizability and stability of the predicted clusters. We consider cohorts of individuals 

with TMD as well as individuals with other chronic pain conditions. We hypothesize that 

ROPA will effectively distinguish clusters of chronic pain patients, including those in a 

multi-specialty clinical environment. The success of such an approach would suggest that 

there are subtypes of chronic pain patients that are consistent across pain conditions, cohort 

design, and demographic factors that share common biopsychosocial pathways of 

vulnerability not fully explained by anatomically or structurally based diagnoses. This will 

permit the evidence-based implementation of a clustering tool to identify patients that is 

agnostic to anatomic diagnosis.

2. Methods

Data were analyzed from three observational studies: a TMD cohort study, Orofacial Pain: 

Prospective Evaluation and Risk Assessment (OPPERA), previously used to identify and 

characterize the clusters; a case-control study, Complex Persistent Pain Conditions (CPPC): 

Unique and Shared Pathways of Vulnerability, of five chronic overlapping pain conditions; 
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and a prospective cohort study, Duke Innovative Pain Therapies (DIPT), of chronic pain 

patients seeking treatment. We first summarize each of the studies and their collected data, 

and then describe the cluster methodology and validation.

2.1. Description of the OPPERA cohort

The OPPERA study is a prospective cohort study designed to study risk factors of TMD.[39] 

OPPERA recruited and monitored over 4,000 participants from communities surrounding 

the University of Maryland, the University at Buffalo (NY), the University of North 

Carolina, and the University of Florida starting in 2006 as has been previously described.[3] 

The participants, both male and female and aged 18-44 years, included those with chronic 

painful TMD as well as healthy controls. Participants were English-speaking, not pregnant 

or nursing, not receiving orthodontic treatment, and had no significant medical conditions or 

history of recent facial injury or surgery.

Extensive baseline data were collected from all participants, both in pre-baseline surveys 

completed at home, and during a 3 hour clinical visit, as described previously.[54] 

Participants were given the option to complete machine-readable paper and pencil forms 

mailed to the participant’s home, or e-pdf surveys via online web portal. Participants 

completed questionnaires on TMD risk factors, psychosocial traits, and demographics. A 

clinical visit was completed by all participants during which additional questionnaires were 

collected, a trained examiner assessed the diagnosis or absence of a painful TMD, and 

sensory testing was performed. TMD was classified based on the Research Diagnostic 

Criteria for TMD (RDC-TMD).[21] Risk factors and psychosocial features were regularly 

measured through follow-up questionnaires at three-month intervals. Follow-up 

questionnaires served to screen for first-onset painful TMD, and clinical examination was 

performed for participants reporting symptoms. All study procedures were conducted with 

subjects’ written consent according to protocols approved by the Institutional Review Board 

(IRB) of the respective enrollment site.

2.2. Description of the CPPC cohort

The CPPC study is an unmatched case-control study of participants with pain designed to 

identify biological, psychological, and genetic risk factors of frequently overlapping chronic 

pain conditions.[40] The study recruited 573 chronic pain and 258 healthy volunteers from 

pain specialty clinics around the University of North Carolina between 2011 and 2014. 

Participants were English-speaking, not pregnant or nursing, not taking daily opioid 

medications, and had no significant psychiatric or medical conditions. The study focused on 

five conditions: fibromyalgia (FM), episodic migraine (EM), vulvar vestibulitis (VVS), 

irritable bowel syndrome (IBS), and painful temporomandibular disorders (TMD). 

Participants completed diagnostic questionnaires and a clinical exam for each of the five 

conditions, including standard diagnostic criteria for EM,[55] FM,[64] and TMD.[21] 

Women were classified as VVS cases if they reported a history of: excessive pain on contact 

in the genital region (e.g. insertion of a tampon, or during pelvic examination, during sexual 

intercourse); or having been told by a gynecologist that they have VVS or vulvodynia; or 

both. However, women who also reported a history of itching in the genital area for 3 

months or more were not classified as VVS cases. IBS was diagnosed using questions 
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assessing Rome II criteria.[38] Subjects also completed a battery of psychosocial 

questionnaires and sensory testing similar to that given in the OPPERA study[4] and 

provided a blood sample at their initial visit. Survey data were collected using scannable 

paper and pencil forms. All subjects gave written informed consent to study procedures. The 

study was approved by the IRBs of the University of North Carolina and McGill University.

2.3. Description of the DIPT cohort

The DIPT study is a prospective clinic-based study of patients seeking treatment for chronic 

pain and/or sleep apnea, including 862 consecutive patients of the DIPT clinic between July 

2017 and May 2019 who consented to contribute their clinical data to a chronic pain registry. 

The usage of clinical data for research purposes was explained prior to obtaining informed 

consent from each participant. All study procedures were approved and monitored by the 

IRB of Duke University.

The 641 patients with complete clustering data were included in the analytic dataset; these 

patients were most commonly clinically diagnosed with TMD, FM, trigeminal neuralgia, 

and headache. Routine standard-of-care (SOC) in this clinic includes psychosocial profiling 

and a simple trapezius muscle pressure pain threshold measure adapted to the clinical 

environment. Each patient completed a brief set of web-based pain and psychosocial 

assessments before their first encounter with a clinician, and then completed follow-up 

questionnaires before subsequent visits to assess disease progression. The assessments were 

adapted from the battery of procedures used in OPPERA, but modified for the clinical 

setting as described in Section 2.4. Patients without English fluency or the cognitive ability 

to complete the surveys were not asked to participate in the registry; no other exclusion 

criteria were applied. The full battery of SOC surveys was completed by most DIPT patients 

in 30-45 minutes; the instrument used for clustering took less than five minutes to complete.

2.4. Study measures

Each of the contributing cohorts collected a variety of sociodemographic and clinical 

features (Table 1). The OPPERA and CPPC cohorts collected an extensive battery of largely 

overlapping surveys and clinical measurements. At enrollment, participant 

sociodemographic characteristics, environmental risk factors (smoking, trauma, injury) and 

extensive clinical characteristics were recorded.[46; 54] In both studies, measures of 

autonomic function (heart rate, blood pressure, heart rate variability)[41] and psychophysical 

pain responsiveness[30] were taken during the clinical exam visit. A battery of psychosocial 

questionnaires[25] and environmental risk factors (e.g., smoking, regional trauma, injury)

[46] were completed by subjects at home, either on paper forms or (in OPPERA only) using 

a web-based survey platform. This represented a broad variety of measures available, though 

not necessarily related to painful conditions, for clustering to identify clinically relevant 

subtypes. A summary of the values of the extensive array of variables for OPPERA has been 

published.[4] A similar summary for the CPPC cohort appears in the Appendix as Table A3.

The DIPT clinical patient management and research data collection platform also collected a 

variety of data from all consenting patients as part of their routine care procedures. These 

included socio-demographics, medical history, and blood sample collection. Clinical pain 
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assessments included the Pain, Enjoyment, General Activity scale (PEG), the Gracely box 

scale measures of pain intensity and pain unpleasantness, visual analog scale (VAS) pain 

ratings, and the PainDETECT. A single QST measure was taken: pressure pain threshold 

measured with an algometer device (Pain Test™ Force Dial FPK/N, Wagner Instruments, 

Greenwich CT) at the trapezius muscle bilaterally, as was performed in OPPERA.[30] 

Psychological distress was measured using the Brief Symptom Inventory (BSI-18), which 

was developed for medical and community settings to measure constructs in the SCL-90R in 

an 18-item shortened format;[15] the Perceived Stress Scale (PSS); Scale of Positive and 

Negative Experiences (SPANE); and a brief assessment of coping strategies derived from the 

Coping Strategies Questionnaire (Revised)[51] and the Chronic Pain Self-Efficacy Scale.[1] 

Sleep quality was assessed using the Epworth Sleepiness Scale (ESS) and the Insomnia 

Severity Index (ISI). A retrospective chart review was performed to classify DIPT patients 

into one or more of 26 groups representing non-overlapping diagnostic pain categories based 

on examiner-provided ICD-10 codes.

2.5 Clustering measures

Four variables were used to develop ROPA in the OPPERA cluster reliability study[4]: 

trapezius muscle pressure pain threshold and the anxiety, depression, and somatization 

subscales from the SCL-90R questionnaire. Pressure pain thresholds (PPT) were acquired 

using a pressure algometer applied to the center of the trapezius muscle. The algometer’s tip 

was applied with pressure increasing by 30kPa/s until pain sensation was indicated by the 

participant. The SCL-90R is a widely used instrument with 90 items that assesses 

psychological distress. Participants respond as to how bothered they are by particular 

symptoms, which then defines nine subscales including somatization, depression, and 

anxiety. The four variables in the algorithm, a subset that promotes generalizability and 

availability of data across studies, were demonstrated to provide a reliable cluster model in 

internal and external reliability analysis.[4]

Given the reliability of the four-item clustering approach in OPPERA, as confirmed in an 

external study, and the availability of these features across our three datasets, we sought to 

apply ROPA to these cohorts. The four items are available in the CPPC study. However, the 

DIPT study implemented the BSI-18, a truncated version of the SCL-90R containing only 

items comprising the anxiety, depression and somatization subscales. The BSI-18 scales are 

composed of a subset of the items of the respective SCL-90R subscales and are intended to 

capture the same feature information. This questionnaire was developed with an emphasis on 

clinical relevance, as it is suitable for quick use in the clinic. We evaluated the correlation 

between the SCL-90R and BSI-18 items in OPPERA and CPPC, where participants were 

administered the questions included in the BSI-18 via the SCL-90R (Table A1). Given their 

significant correlation, we proceed to use the BSI-18 for the DIPT study where the SCL-90R 

was not observed. The cluster algorithm requires each of the four items to be observed, thus 

participants with all four clustering measures were used in this analysis.

2.6 Clustering methodology

Using the variables used to identify clusters, we first confirmed the number of clusters in the 

data. In previous work, the gap statistic was used to identify the number of clusters (k) in 
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order to use a data-driven approach to select a high-quality cluster solution.[58] The gap 

statistic estimates the difference between the within-cluster sum of squares of a cluster 

solution and the expected within-cluster sum of squares under a null distribution with 

clusters. An optimal cluster solution yields small within cluster sum of squares. Thus the 

cluster solution should have a large gap statistic. We consider the gap statistic for k, the 

number of clusters, set from 1 to 8. We select the smallest value of k within one standard 

deviation of the value of k that maximizes the gap statistic. [58]

We applied the ROPA, developed in the previous OPPERA study, to the CPPC and DIPT 

cohorts. Using the OPPERA dataset, a supervised clustering approach was used to cluster 

the data to ensure that the clusters were associated with the outcome of interest, namely the 

presence and severity of TMD.[2] In particular, variable selection was used to identify 

features most strongly associated with TMD. From this cluster solution, an algorithm was 

developed to assign new observations to clusters. This algorithm used a nearest centroid 

classifier to predict cluster assignment based on the validated OPPERA cluster solution. To 

summarize, data from the OPPERA cohort were normalized and clustered as previously 

described. Nearest centroid models represent each cluster by a centroid, or the mean of each 

feature for all subjects within the cluster. The mean values and SDs calculated in the 

OPPERA cohort were used to normalize the data in the CPPC and DIPT cohorts. Subjects 

were then assigned by the model to the cluster minimizing the distance between the centroid 

and given subject. We additionally perform a de novo approach, where standard k-means 

clustering was applied to identify k clusters. In this approach, the same four items were used 

in clustering: the somatization, depression, and anxiety scores and the average trapezius 

PPT. We compare the clusters resulting from ROPA and the novel cluster detection using 

misclassification rate, calculated as the fraction of individuals placed in the same group 

across cluster solutions, and the Kappa statistic.

We evaluated the cluster assignments by the rapid cluster algorithm in multiple ways. First, 

the demographic characteristics of individuals in each cluster, including testing for 

differences in means of each feature across the three clusters, were compared. We 

considered the distributions of clinical pain ratings, pain measures, and psychosocial 

measures by cluster. We tested for differences in means across all three clusters, and for 

pairwise differences between the clusters. We also investigated the distribution of cluster 

assignments by condition for the CPPC study. All analyses were performed in R version 

3.6.3.

3. Results

Data were analyzed from three observational studies. We first summarize each of the studies 

and their collected data. We then evaluate the reliability and consistency of clustering 

methods in the three cohorts.

3.1 Cohort Demographics

The sociodemographic characteristics of the participants in the three cohorts are described in 

Table 2. In the present analysis, the OPPERA cohort contains 1,031 chronic TMD cases and 

3,247 TMD-free controls; the CPPC cohort contains 426 cases with any of the five index 
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pain conditions and 240 controls; and the DIPT cohort contains 641 individuals seeking pain 

treatment. These cohorts were studied under different protocols and, as such, differ with 

respect to demographic characteristics. In each study, the majority of participants were 

female. The CPPC cohort was predominantly female (87.8%), with the majority of the DIPT 

(70.4%) and OPPERA (61.7%) participants female as well. Each of the studies enrolled 

mostly non-Hispanic white individuals followed by African American individuals; the 

OPPERA, DIPT, and CPPC studies were 55.2%, 80.8%, and 70.0% non-Hispanic white 

participants, respectively. The OPPERA study considered individuals 18-44 years old. The 

DIPT study included all ages, with the majority at least 45 years old and ranging from 

14-91. The CPPC cohort included ages 18-64, with the majority aged 25-34.

3.2 Cluster discovery

In this study, we performed clustering via a rapid cluster algorithm (ROPA) based on four 

features of interest: trapezius PPT, and the depression, somatization, and anxiety subscales 

of the SCL-90R in the CPPC cohort, and BSI-18 in the DIPT cohort based on availability. 

The relationship between the SCL-90R and BSI-18 scales was evaluated using Pearson 

correlation on pairwise complete observations. Consistent with previous observations of 

internal consistency and convergent validity between the two instruments,[48] the subscales 

derived from SCL-90R and BSI-18 are strongly correlated in our datasets. In particular, the 

correlations range from 0.92 to 0.98 for the three constructs (anxiety, depression, and 

somatization) in each of the OPPERA and CPPC cohorts where both scales were measured. 

The correlations are provided in Appendix Table 1. The BSI-18 subscales were calculated 

for each of the studies, and only observations with complete information on the four cluster 

features were retained. The cluster features differed in distribution across study, with means 

and standard deviations given in Appendix Table 2. In particular, the CPPC cohort had a 

higher average PPT trapezius score. The psychosocial measures were similar across the 

cohorts.

We evaluated the number of clusters in the data, k, using the gap statistic. We evaluated the 

cluster solution at each value of k for each study as reported in Appendix Figure 1. We 

observe that the gap statistic is maximized for k=3 clusters for the CPPC and OPPERA data. 

The gap statistic for k=3 in the DIPT setting is also the smallest value of k within one 

standard deviation of the value of k that maximizes the gap statistic. Thus, the following de 
novo clustering steps proceeded with k-means clustering setting k=3 for all cohorts.

3.3 Cluster Reliability

We evaluated the reliability of ROPA by comparing the cluster labels to de novo cluster 

assignments. In each comparison, the rapid algorithm and de novo clustering assigned over 

87% of subjects to the same cluster (Table 3). Using centroids derived from OPPERA, 

89.6% of CPPC subjects and 87.5% of DIPT patients were assigned to the same clusters as 

the de novo solution.

3.4 Clinical Presentation of Clusters

As previously observed in OPPERA,[4] the three clusters identified in the CPPC and DIPT 

cohorts using the four measures (anxiety, depression, somatization, and trapezius PPT) can 
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be characterized as “Adaptive,” “Pain Sensitive,” and “Global Symptoms”. As shown in Fig. 

1, the Adaptive cluster rated low in both pain sensitivity and affective distress. The Pain 

Sensitive cluster was resilient to emotional distress, but had a low PPT, indicating high 

muscle pain sensitivity. The Global Symptoms cluster exhibited high levels of both pain 

sensitivity and high scores on the measures of anxiety, depression, and somatization.

Demographic characteristics of each cohort are described by cluster in Table 2. In each 

cohort, significant differences between clusters were observed for sex, and in the OPPERA 

and CPPC cohorts, by age. As only a small number of DIPT participants were not being 

treated for pain (having sleep apnea as the primary complaint), no analysis based on case 

status was made. In all cohorts, sex was significantly associated with cluster membership, 

with increased frequency of males in the A cluster and more females in the PS cluster. In 

both research cohorts (OPPERA and CPPC) and the clinical cohort (DIPT), females were 

more prevalent in the GS cluster than males. Race was not significantly associated with 

cluster membership in any cohort. Age was significantly associated in each cohort, with 

greater age often associated with a higher frequency in the GS group.

Clinical pain was assessed by self-report using a 0-100 scale in all three cohorts. As 

previously reported, we observed between-cluster differences in clinical pain ratings in 

OPPERA (data not shown; see [4] for analysis). In CPPC, GS subjects reported higher levels 

of pain and a larger percentage of the day in pain (Table 4). For the PS cluster subjects, pain 

ratings were intermediate in value, and A cluster subjects reported the least pain and time 

spent in pain. In DIPT, clinical pain ratings and time spent in pain were greater in GS (Table 

4). The GS cluster also reported higher pain intensity and unpleasantness obtained using the 

Gracely Box Scale[29] in both CPPC and DIPT cohorts; PS and A clusters did not differ in 

these ratings.

Pain sensitivity and psychosocial measures are described by cluster in Table 5, with 

additional measures obtained from the CPPC cohort presented in Table A5. All features in 

Table 5 differ across clusters. In particular, we observe that the GS cluster has higher 

psychological measures. The PS and A clusters tended to be more similar across factors 

when compared to the GS cluster. In the CPPC cohort, the GS group differed significantly 

from the A group for all measures as shown in Table 5, and as shown also differed from the 

PS cluster on all measures except heat pain tolerance and threshold. The A cluster also 

differed from PS on all measures except for the POMS overall negative subscale. In the 

DIPT cohort, the GS cluster exhibited significantly higher clinical pain ratings and 

psychosocial distress than the A and PS clusters (Table 5). Compared to the A cluster, the PS 

cluster had higher PEG scores for average clinical pain and interference with activity, but not 

for interference with enjoyment. There were also no differences between A and PS on 

measures related to perceived stress, negative and positive affect, catastrophizing and 

effectiveness of pain decrease, or on the sleep-related measures (Table 5). These findings are 

consistent with those previously reported in the OPPERA cohort[4] and a more extensive 

listing of variables for the CPPC cohort is provided in Table A5.

The CPPC cohort assessed individuals with multiple index conditions. Figure 2 

demonstrates the distribution of cluster assignments for each of the index conditions. Note 
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that individuals were evaluated for each condition and could record multiple index 

conditions. Because VVS was only evaluated in women, the cluster distribution is only 

evaluated among women. The majority of healthy controls were in the A cluster. As the 

count of conditions increases, we observe an increase in the proportion of individuals in the 

GS cluster and decrease in the proportion of individuals in the A cluster.

4. Discussion

Previous subgroup identification of healthy patients and those experiencing pain symptoms 

identified three clusters with distinct pain and biopsychosocial profiles.[4] This initial 

exercise in the OPPERA study[4] relied on a comprehensive battery of questionnaires and 

experimental quantitative sensory testing (QST) consisting of over 200 phenotypic features. 

The 25 features most significantly associated with TMD, including measures of 

psychological distress and pain sensitivity, were used to calculate the clusters. Because 

comprehensive phenotyping and clustering is impractical for clinical use, we sought to 

evaluate the performance of a cluster prediction algorithm in a heterogeneous sample using a 

truncated assessment protocol that can be used in the clinical setting that is accurate and 

produces little disruption in clinical workflow.

This study demonstrates the utility and validity of a novel clustering approach applicable to 

both healthy and clinical pain populations that share similar phenotypic profiles regardless 

of the anatomical source of pain. This work extends the three-subtype solution previously 

identified to different clinical settings and provides evidence of its reliability as a stand-

alone algorithm for assigning new individuals to phenotype-driven clusters. We used data 

from three different cohorts that varied with respect to recruitment method, inclusion and 

exclusion criteria, sociodemographic characteristics, and more. In each setting, we further 

validated ROPA by applying cluster solutions across studies and replicating de novo cluster 

findings.

We further demonstrate that this cluster solution is not exclusively applicable to painful 

TMD, but more broadly relevant to other specific chronic pain conditions as well as a mixed 

group of patients seeking treatment for chronic pain. As with other efforts to identify 

subgroups of chronic pain patients, including osteoarthritis[11; 12; 14; 45], fibromyalgia[28; 

61; 65], and neuropathic pain[6; 26], initial development of this algorithm focused on a 

defined pain condition, limiting its generalizability. In contrast with many of these previous 

studies, the phenotypes the algorithm uses for assignment to clusters may be measured in 

almost anyone, regardless of pain status, as our overarching goal has been to identify 

individuals carrying elevated risk of developing a pain disorder, whether in the presence or 

absence of instigating etiology. In addition to participants from the OPPERA study, which 

focused on painful TMD, the present analysis included the CPPC cohort, which examined 

individuals with five chronic overlapping pain conditions (COPCs) that vary with respect to 

anatomical classification, including fibromyalgia (FM), episodic migraine (EM), vulvar 

vestibulitis (VVS), irritable bowel syndrome (IBS), and painful temporomandibular 

disorders (TMD). Also, the DIPT study included patients seeking treatment in a specialized 

pain clinic presenting with painful symptoms, regardless of anatomical location. Differences 

in the populations from which these cohorts draw from may contribute to some observed 
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differences in the gap statistic and de novo cluster solutions. Nonetheless, phenotypic cluster 

profile may be a more meaningful functional classification strategy than current 

anatomically based diagnostic criteria, illuminating underlying mechanisms related to pain 

processing and psychological distress with the goal of informing treatment approaches.[60] 

The fact that the distinguishing features of each cluster are consistent across cohorts 

supports the underlying concepts of pain amplification and psychosocial distress as 

important contributors to chronic pain in the conditions examined in this study.[17] 

Molecular biomarkers characteristic of pathological changes in these domains would 

therefore be associated more strongly with clusters than with anatomical diagnosis. 

Likewise, treatment modalities matched to cluster assignment are much more likely to 

address the specific pathophysiology of the patient rather than a treatment based primarily 

on a patient’s anatomical diagnosis (e.g., lower back pain, TMD, headache, etc.).

Reliance on extensive questionnaires limits clinical utility; it is impractical to implement 

detailed data collection in a typical clinical setting, as extensive questionnaires have a 

prohibitively high patient and clinical burden. Other classification schemes intended to 

distinguish mechanistically distinct subpopulations within a defined disorder or a symptom-

free population typically rely on extensive QST procedures[5; 26; 49; 59], psychological 

assessment[2; 50], or most frequently a combination[24; 37; 61; 65]. The rapid OPPERA 

clustering procedure validated a reduced set of measures, feasibly and efficiently 

administered in a typical clinical practice, which can be used to assign individual patients to 

a specific diagnostic and prognostic cluster. Of note, our theoretical approach to clustering is 

based on the concept of shared disease mechanisms (i.e., a biopsychosocial model) and is 

not based on the anatomical site where pain is reported.[17] Previously studied cohorts were 

limited to TMD cases and healthy controls; other pain conditions were not incorporated and 

therefore the generalization of the clustering process to other pain conditions has not yet 

been evaluated. We used additional cohorts, with a broader spectrum of pain conditions, to 

show that this cluster solution is not specific to TMD patients, but instead is more broadly 

relevant to patients with chronic overlapping pain conditions (COPCs).[40] We propose that 

the clustering solution will enable treatment decisions based on etiologically relevant cluster 

membership, complementing treatment specific to the anatomically based diagnosis.

This clustering method has the potential to significantly impact clinical practice. Previous 

work designed to identify patient subtypes required extensive questionnaires and physical 

examination. The present approach provides considerable advantages over existing 

examination-based risk stratification schemes, as obtaining the four input variables is viable 

in routine clinical practice and applicable to non-pain populations such as those undergoing 

pre-operative optimization.[18; 66] Further validation for applicability for risk stratification 

purposes would be important. We have validated a brief protocol for classification that may 

be performed in essentially any clinical setting, and are now using the procedure routinely in 

an EPIC software implementation to acquire data for both clinical patient management and 

research purposes with very little impact on clinic work flow.

Furthermore, we have confirmed that the information provided by ROPA has clinical 

relevance. In particular, the GS cluster, which shows characteristics of CNS dysregulation of 

somatosensory processing and affective regulation, is associated with increased sensitivity to 
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painful stimuli, decreased heart rate power and variability, severity of stress, disturbed sleep, 

negative affect, and catastrophizing, factors that are known to contribute to pain 

chronicity[9; 22; 42] and which can be targeted therapeutically in a holistic approach to pain 

management. The PS and GS clusters are also associated with increased comorbidity of 

COPCs, which suggests that central and/or peripheral sensitization processes modify pain 

processing beyond the site of the primary complaint resulting in multiple pain complaints 

across the body. Assignment to PS or GS clusters should prompt a comprehensive screen for 

comorbid pain conditions. GS cluster patients should be additionally evaluated for referral 

for psychological services.

Although this work extends the original cluster development to a more diverse, real-world 

clinical population, it still requires further validation beyond DIPT’s population of largely 

white and female patients who are able to afford treatment. This study is also limited by the 

pain conditions available for study in the included cohorts. Future research should examine 

the performance of the clustering algorithm in patients with pain due to neuropathic or 

rheumatic mechanisms, cancer pain, and acute post-operative pain in order to determine if 

these other pain disorders, not part of the traditional COPC rubric, exhibit the same 

characteristics as markers for cluster assignment. The DIPT patients were not subjected to 

comprehensive diagnostic screening to identify all indications of pain, so currently we were 

unable to address comorbidity in this clinical population. Likewise, this cohort lacks 

complete longitudinal data on treatments and outcomes, which will be necessary to evaluate 

trajectories of individuals undergoing specific therapeutic modalities. Ongoing studies will 

examine the stability of the clusters over time and whether a change in cluster severity (e.g., 

GS to PS or A, PS to A) corresponds with clinically relevant improvement in symptoms and 

the patient’s perception of change in their clinical condition. If so, cluster assignment and 

changes in cluster assignment may represent a new way of consolidating multiple univariate 

features into a global index that can be used to assess “value-based” pain care. Future 

algorithm refinement should consider additional approaches such as mixed models in order 

to leverage large datasets where missingness in cluster features is observed. Future research 

is also needed to evaluate the success of treatments according to cluster assignment in order 

to translate these findings into a clinical decision-making tool for a personalized medicine 

approach in the clinical setting.

In summary, in this study we present evidence of the validity and reliability of a unique 

patient clustering method (ROPA) that can be implemented in various clinical settings to 

rapidly identify patients with greater pain sensitivity, psychosocial distress, and likelihood of 

high impact pain. We have phenotypically characterized the clusters in three independent 

cohorts. We have shown that the clustering procedure is generalizable to COPCs regardless 

of anatomical diagnosis, and that a greater number of painful conditions is associated with 

belonging to a more severe cluster. This patient classification method may assist clinicians in 

determining treatment strategies that target the biopsychosocial factors contributing to pain 

chronicity.
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Figure 1. 
Mean values (95% CI) for the cluster features in each of the three cohorts. Cluster labels 

were obtained by assigning individuals using ROPA; variables in the figures have been 

standardized.

Note: The features presented are for clusters based on ROPA.
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Figure 2. 
Cluster distribution for index conditions and count of index conditions in the CPPC study. 

Individuals in CPPC were evaluated for each condition; only women were evaluated for 

VVS. The clusters are defined by ROPA.

Note: The features presented are for clusters based on ROPA.
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Table 1.

Data collection instruments by study.

Instrument Abbreviation OPPERA CPPC DIPT

Clinical and Diagnostic Comprehensive Pain and Symptom Questionnaire[46] CPSQ X

Graded Chronic Pain Scale[46] GCPS X

Screening Pain Self Report[46] SPSR X X X

Short Form Health Survey[62] SF-12 X X

Jaw Functional Limitation Scale[46] JFLS X

Oral Behaviors Checklist[46] OBC X

Pain, Enjoyment, General Activity[36] PEG X

PainDETECT[27] PD-Q X X

International Classification of Headache Disorders, 2nd Edition 
[55]

ICHD-II X

American College of Rheumatology Diagnostic Criteria for 
Fibromyalgia[64]

ACR/FM X

Research Diagnostic Criteria for Temporomandibular Disorders 
[21]

RDC/TMD X X

Short Form McGill Pain Questionnaire[43] SF-MPQ X

Multidimensional Pain Inventory[34] MPI X X

Pain Response pressure pain threshold[30] PPT X X X

heat pain threshold and tolerance[30] HPTT X X

temporal summation[30] TS X X

pinprick sensitivity[30] PS X

Psychosocial Coping Strategies Questionnaire-Revised[51] CSQ-R X

Eysenck Personality Questionnaire-Revised (Short Form) [23] EPQ-R X X

Kohn Reactivity Scale[35] Kohn X X

Life Experiences Survey[52] LES X X

Pain Catastrophizing Scale[57] PCS X X

Lifetime Stressor List/PTSD Checklist-Civilian Version[63] LSL/PCL-C X X

Pennebaker Inventory of Limbic Languidness[47] PILL X X

Profile of Mood States Bi-Polar[53] POMS X X

Pittsburgh Sleep Quality Index[8] PSQI X X

Symptom Checklist-90 Revised[31] SCL-90R X X

State–Trait Anxiety Inventory[56] STAIY X X

Brief Symptom Inventory-18[16] BSI-18 X

Perceived Stress Scale[10] PSS X X X

Scale of Positive and Negative Experiences[19] SPANE X

Epworth Sleepiness Scale[33] ESS X

Insomnia Severity Index[44] ISI X
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Table 2:

Demographic characteristics and case status by cohort and cluster assignment by ROPA.

OPPERA, n (%) n=4278
A
(n=1426)

PS
(n=2062)

GS
(n=790) P

†

Male 1637 839 (0.51) 558 (0.34) 240 (0.15) <0.0001

Female 2641 587 (0.22) 1504 (0.57) 550 (0.21)

Non-Hispanic white 2361 780 (0.33) 1126 (0.48) 455 (0.19) 0.08

African American 1171 381 (0.33) 596 (0.51) 194 (0.17)

Asian 340 111 (0.33) 160 (0.47) 69 (0.2)

Hispanic 273 102 (0.37) 129 (0.47) 42 (0.15)

Other 133 52 (0.39) 51 (0.38) 30 (0.23)

Age <18 0 0 (0) 0 (0) 0 (0) <0.0001

Age 18-24 2067 730 (0.35) 1027 (0.5) 310 (0.15)

Age 25-34 1228 379 (0.31) 593 (0.48) 256 (0.21)

Age 35-44 983 317 (0.32) 442 (0.45) 224 (0.23)

Age >44 0 0 (0) 0 (0) 0 (0)

Cases 1031 88 (0.09) 540 (0.52) 403 (0.39) <0.0001

Controls 3247 1338 (0.41) 1522 (0.47) 387 (0.12)

DIPT, n (%) n=641 A (n=230) PS (n=259)
GS
(n=152) P

†

Male 190 100 (0.53) 49 (0.26) 41 (0.22) <0.0001

Female 451 130 (0.29) 210 (0.47) 111 (0.25)

White 518 177 (0.34) 215 (0.42) 126 (0.24) 0.06

African American 64 20 (0.31) 29 (0.45) 15 (0.23)

Asian 20 12 (0.6) 5 (0.25) 3 (0.15)

Other 39 21 (0.54) 10 (0.26) 8 (0.21)

Age <18 2 1 (0.5) 0 (0) 1 (0.5) 0.37

Age 18-24 30 6 (0.2) 13 (0.43) 11 (0.37)

Age 25-34 88 36 (0.41) 33 (0.38) 19 (0.22)

Age 35-44 120 49 (0.41) 47 (0.39) 24 (0.2)

Age >44 401 138 (0.34) 166 (0.41) 97 (0.24)

CPPC, n (%) n=666 A (n=388) PS (n=127)
GS
(n=151) P

†

Male 81 67 (0.83) 6 (0.07) 8 (0.1) <0.0001

Female 585 321 (0.55) 121 (0.21) 143 (0.24)

White 466 274 (0.59) 89 (0.19) 103 (0.22) 0.47

African American 148 82 (0.55) 25 (0.17) 41 (0.28)

Asian 18 12 (0.67) 4 (0.22) 2 (0.11)

Other 34 20 (0.59) 9 (0.26) 5 (0.15)

Age <18 0 0 (0) 0 (0) 0 (0) 0.0002

Age 18-24 113 74 (0.65) 27 (0.24) 12 (0.11)

Age 25-34 231 132 (0.57) 52 (0.23) 47 (0.2)

Age 35-44 168 84 (0.5) 31 (0.18) 53 (0.32)

Age >44 154 98 (0.64) 17 (0.11) 39 (0.25)
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OPPERA, n (%) n=4278
A
(n=1426)

PS
(n=2062)

GS
(n=790) P

†

Healthy control 240 211 (0.88) 17 (0.07) 12 (0.05)

Fibromyalgia 104 5 (0.05) 32 (0.31) 67 (0.64)

Episodic migraine 273 96 (0.35) 74 (0.27) 103 (0.38)

Irritable bowel syndrome 228 82 (0.36) 56 (0.25) 90 (0.39)

Temporomandibular disorder 176 32 (0.18) 54 (0.31) 90 (0.51)

Vulvar vestibulitis (n=585) 146 53 (0.36) 39 (0.27) 54 (0.37)

*
Indicates that the sample is only among female patients, where n=585.

†
Indicates that the p-value tests the null hypothesis that the percentage in each cluster does not differ across levels of the demographic feature.
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Table 3:

Cluster reliability.

DIPT cohort cluster assignments (%
Agreement: 89.6%, Kappa: 0.84)

CPPC cohort cluster assignments (%
Agreement: 87.5% , Kappa: 0.78)

Predicted by OPPERA algorithm Predicted by OPPERA algorithm

De novo A PS GS De novo A PS GS

A 227 8 14 A 368 0 17

PS 3 251 42 PS 20 127 46

GS 0 0 96 GS 0 0 88

Across-cohort validation of cluster reliability was assessed by comparing the cluster assigned using “de novo” k-means clustering with that 
predicted using the OPPERA algorithm based on the “nearest centroid” method. The misclassification error rate is the proportion of misclassified 
assignments out of the total number of observations.
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