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Abstract

Background: While standard clinical assessments provide great value for people with multiple 

sclerosis (PwMS), they are limited in their ability to characterize patient perspectives and 

individual-level symptom heterogeneity.

Objectives: To identify PwMS subgroups based on patient reported outcomes (PROs) of 

physical, cognitive, and emotional symptoms. We also sought to connect PRO-based subgroups 

with demographic variables, functional impairment, hypertension and smoking status, traditional 

qualitative MS symptom groupings, and neuroperformance measurements.

Methods: Using a cross-sectional design, we applied latent profile analysis (LPA) to a large 

database of patient reported outcomes (PROs; analytic sample N=6,619).

Results: We identified nine distinct MS subtypes based on PRO patterns. The subtypes were 

primarily categorized into low, moderate, and high mobility impairment clusters. Approximately 

70% of participants were classified in a low mobility impairment group, 10% in a moderate 

mobility impairment group, and 20% in a high mobility impairment group. Within these 
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subgroups, several unexpected patterns were observed, such as high mobility impairment clusters 

reporting low non-mobility impairment.

Conclusions: The present study highlights an opportunity to advance precision medicine 

approaches in MS. Combining PROs with data-driven methodology allows for a cost-effective 

and personalized characterization of symptom presentations. that can inform clinical practice and 

future research designs.
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In the United States, over 900,000 people live with multiple sclerosis (PwMS).1 The 

multiple sclerosis (MS) incidence rate continues to increase,1 and MS symptoms are 

associated with reduced quality of life (QOL)2 along with increases in overall healthcare 

costs.3 Among PwMS, symptom presentation can be very heterogeneous. In addition to 

nervous system and muscle dysfunction, PwMS can experience cognitive deficits, emotional 

and sensory disturbances, and chronic pain.4 Domain-specific impairments can occur 

alone or in combination, can vary in severity, and can severely limit QOL for patients.2 

The observed heterogeneity in MS symptom presentations creates several challenges for 

clinicians, especially for identifying diagnostic subgroups that can be aligned with clinical 

recommendations and outcomes.5 Identifying subgroups with shared symptom patterns 

would provide a foundation for a precision medicine approach to MS, with patient-specific 

interventions tailored to individual phenotypes.

When identifying subgroups of PwMS, many clinical symptoms can form the basis for 

patient clusters. Given the absence of a single assessment for MS classification and the 

variability of symptoms among individuals, clinicians employ multiple tools including the 

Expanded Disability Status Scale (EDSS), magnetic resonance imaging, evoked potentials, 

and the Timed 25-Foot Walk (T25FW) test.6 Although these measures provide insight into 

functioning, they do not fully capture patient experiences, and they are labor intensive 

and require expert providers to administer them. To complement clinician-administered 

assessments, patient reported outcomes (PROs) have received increased focus. PROs are 

self-reported measures that emphasize patients’ experiences with the disorder. They consider 

treatment, intervention side effects, QOL, and overall health outcomes.7 PROs can enhance 

communication with providers, aid patients in decision making, and support disease self-

management.8 They have been used to predict health related QOL, patient satisfaction, 

and treatment effects in MS9 and other neurological disorders such as neurofibromatosis10 

and Huntington’s disease.11 PROs provide a valuable, cost effective, and patient-centered 

approach for informing assessment and treatment related decisions.

Much MS research has focused on clinical evaluation by expert providers and researchers, 

with less attention on PROs. While this approach has provided key insights, it does not 

fully account for symptom course and treatment outcomes. Newly available data-driven 

modeling approaches provide a complementary approach. Previous data-driven approaches 

in MS have successfully predicted immune system response evolution based on biological, 
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genetic, environmental, and therapeutic intervention data.12, 13 These approaches have 

been instrumental in creating clinical decision support systems, guiding MS diagnosis, 

testing for additional risk factors,13 predicting pharmacological intervention effects,12–14 

and identifying subgroups experiencing change in MS symptoms over time.14

While previous research has generated important insights, there has not been a 

comprehensive data-driven approach to identify symptom-based subgroups of PwMS based 

on PROs.15 This knowledge gap provides an opportunity to identify patient-specific 

treatment targets in a cost-effective manner that reflects patient perspectives and increases 

clarity about MS symptomology for both clinicians and researchers. To address this 

gap, we applied latent profile analysis (LPA) to PROs collected from electronic health 

records (EHRs). We considered a variety of PROs that reflect physical, cognitive, and 

emotional symptoms. We hypothesized that multiple subgroups would emerge from the 

PRO data that signify distinct clinical clusters of patients. Additionally, we hypothesized 

that the identified subgroups would be differentially associated with demographic variables, 

functional impairment, hypertension and smoking status, traditional qualitative MS 

symptom groupings, and neuroperformance assessments such as T25FW and the 9-Hole 

Peg Test (9HPT).

Methods

Study Design and Sample

This is a cross-sectional study of a real-world patient population from the Mellen Center 

for Multiple Sclerosis Treatment and Research (MCMS). The MCMS, a tertiary MS referral 

center at the Cleveland Clinic in Cleveland, Ohio, conducts >20,000 clinical encounters 

annually with >8,000 patients, including 1,000 new patients. The Knowledge Program © 

(KP) was launched in 2007, electronically capturing PROs and clinician-entered outcomes at 

each encounter.16 Patients aged 18 years or older with at least two clinical encounters six or 

more months apart between 1/2008–6/2016 were included. To establish the study population 

as patients seeking long-term care, we restricted the study to patients 18 or older who had 

at least two clinical encounters six or more months apart. This study was approved by the 

institutional review boards at Cleveland Clinic, Case Western Reserve University, and The 

MetroHealth System, Cleveland, Ohio. Among available patients (N=9,084), we analyzed 

data from a subset (analytic sample N=6,619) that had recorded responses to any of the 

11 items on the MS-PRO scales (see Measures section for detail). All subsequent analyses 

and results refer to this analytic sample, covering baseline MS-PRO measurements spanned 

1/2008–12/2015.

Measures

Our principal focus was on 11 Multiple Sclerosis Patient Report Outcome (MS-PRO) 

scales from the NARCOMS registry.17 These MS-PROs included the 8 items of the MS 

Performance Scales© measuring specific domains of function (mobility, hand function, 

vision, fatigue, cognition, bladder/bowel, sensory, and spasticity), and the MS Functional 

Scales© which include three additional items assessing disability associated with pain, 

depression, and tremor/coordination.17 Reliability, criterion and construct validity have been 
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demonstrated for these 11 scales in PwMS.18, 19 Respondents rated their current disability 

compared to pre-MS onset. The mobility scale uses a seven-level severity measure, while the 

other MS-PRO scales include six ordinal categories.

Standard assessment procedures recorded disease course as relapsing-remitting, progressive 

(including primary-progressive, progressive-relapsing, secondary-progressive without 

relapses, and secondary-progressive with relapses), clinically isolated syndrome, or other/

missing. Other variables included time from MS onset, age (years), race (Black, White, 

Other), tobacco usage (current, former, never [includes <1% who reported second-hand 

smoke exposure or had missing data]), and a diagnosis of hypertension. Available 

measures included T25-FW and dominant hand 9HPT (objective timed measures of walking 

impairment and upper extremity fine motor skills, respectively),6 the EQ5D (a general 

daily health-related QoL measure validated in diverse populations),20 and the PHQ-9 (an 

empirically-supported measure of depression symptom severity in the past two weeks).21 

Lastly, ZIP-code mapped to the area deprivation index (ADI) national ranking served 

as a proxy for neighborhood socioeconomic status, with higher values indicating greater 

deprivation.22

Statistical Approach

To identify PwMS clusters with similar self-reported impairment profiles across domains, 

we applied LPA to responses on the 11 MS-PRO scales. The objective was to phenotype a 

real-world MS patient population to discern if there are distinct subpopulations and identify 

correlates of cluster assignment. LPA identifies clusters using latent (unobserved) variables 

based on the assumption that responses come from multiple underlying distributions that 

underlie observed responses.

To enumerate the number of clusters, we used an iterative process. We first fit a one-cluster 

model to the data, and we then fit a two-cluster model and compared its fit to the one-cluster 

model. If the two-cluster model provided a better fit, then we subsequently conducted a 

three-cluster model. This sequence continued comparing the k cluster model to the previous 

k-1 cluster model until a 12-cluster model was fitted. The key model fit summary metric 

was the Bayesian Information Criterion (BIC). Lower values of BIC reflect better fit, 

with a BIC difference of 10 suggesting an improved model.23 Lo-Mendell-Rubin (LMR)24 

and Vuong-Lo-Mendell-Rubin (VLMR)25 tests were also conducted. When selecting our 

final model, we also considered both qualitative interpretability26 and entropy between the 

clusters.27 Values of entropy range from 0 to 1, where values of 0.4, 0.6, and 0.8 have been 

described as low, medium, and high degrees of cluster separation respectively.28 Models 

were estimated in Mplus version 829 using full-information maximum likelihood estimation 

and robust standard errors.

Once we established the number of patient clusters based on responses to the 11 MS-PRO 

scales, covariate values associated with each cluster were identified using the Bolck–Croon–

Hagenaars (BCH) method.30 The BCH method utilizes class-specific weights to correct for 

asymptotic bias in estimates due to uncertainty in these membership classifications. Baseline 

attributes were compared across cluster membership.
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Results

Participants in our analytic sample were adults age 18 or older (mean=45.61, SD=12.07) 

who experienced symptoms of MS for an average of 10.3 years (SD=9.9). 73.3% were 

female, and 1.75% ethnically identified as Hispanic. Racially, 86.31% of participants 

identified as White, 10.70% identified as Black, 0.42% identified as part of another 

racial group (including Asian/Pacific Islander, Native Hawaiian/Pacific Islander, and Native 

American), 1.04% identified as multiracial, and 1.55% did not self-identify a racial 

group. 9.03% of participants experienced hypertension and 19.6% were current smokers. 

Regarding socioeconomic status, the mean ADI national rank among participants was 57.04 

(SD=23.77). 3.5% of data were missing across all PROs, and no individual PRO item was 

missing more than 5% of data.

Cluster Enumeration

Based on quantitative fit metrics and qualitative cluster interpretation, the 9-cluster model 

was chosen as the best fitting model (see Supplementary Table S1). In our sequence of 

models, the 9-cluster model was the last one to show a significant improvement in model 

fit on VLMR and LMR tests. While BIC values continued to decrease in models with 

≥10 clusters, the rate of change in BIC was decreasing by the time a 9-cluster model was 

identified, and qualitative inspection found that additional clusters did not provide clinically 

important information. A 9-cluster model also showed strong entropy (entropy=0.84), 

reflecting clear cluster separation.

Among the nine clusters, distinct PRO patterns emerged (see Table 1 for numerical values 

and qualitative cluster descriptors, and Figure 1 for a graphical depiction via profile plot). 

A predominant pattern centered on mobility, with three major groupings: Clusters 1–4 

reflected low mobility impairment scores, Cluster 5 reflected moderate mobility impairment 

scores, and Clusters 6–9 reflected high mobility impairment scores. Among the low mobility 

impairment clusters, the largest overall cluster (Cluster 1; 31.7% of sample) showed 

relatively low impairment across all PRO measures. Other low mobility clusters exhibited 

moderate or substantial impairment in specific PRO domains, including fatigue (Clusters 

2, 3, and 4), sensory symptom (Cluster 3), and pain (Clusters 3 and 4). Together, these 

low mobility impairment clusters represented 68.4% of the sample. The moderate mobility 

cluster (Cluster 5; 10.2% of the sample) showed relatively moderate impairment across all 

PROs. Among the clusters with high mobility impairment scores, the largest cluster (Cluster 

7; 8.3% of sample) only showed elevations on mobility impairment, and otherwise showed 

relatively low impairment across the other PROs measured. Cluster 6 (4.1% of sample) 

showed moderate mobility impairment, along with moderate or substantial impairment on 

all other PROs measured. Collectively, high mobility impairment clusters accounted for 

21.4% of the sample. Between-cluster statistical comparisons of PRO response levels can 

be found in Supplementary Tables S2–S12. Supplementary Figure S1 contains an additional 

profile plot that places all nine classes on a single figure, and Supplementary Figures S2–

S12 contain scatterplots of cluster mean values for each PRO plotted against years since 

symptom onset.
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Demographic and Clinical Correlates of Cluster Membership

Values for each cluster on relevant demographic and clinical variables are detailed in Table 

2. Distinctions across groups were most pronounced in clinical variables. Specifically, 

observed MS clinical course was markedly different across the clusters, where a relapsing 

remitting pattern was more prevalent in clusters that had low mobility impairment scores, 

while progressive MS was more prevalent in participants who were members of clusters 

associated with high mobility impairment scores. QOL demonstrated a consistent pattern, 

where higher EQ5D scores were generally associated with lower mobility impairment 

scores. An exception was observed in Cluster 7, which exhibited high mobility impairment 

yet displayed relatively high EQ5D scores. This cluster also showed relatively healthy 

functioning on all non-mobility PROs. Participants in higher mobility impairment clusters 

generally had longer time since their initial symptom onset, though even those in low 

mobility impairment clusters showed extended symptom durations (range of 6.30–11.34 

years across Clusters 1–4). Predictably, T25FW and 9HPT performance was poorer in 

clusters with high mobility impairment scores. While current tobacco use rates were lowest 

in the overall highest functioning group (Cluster 1; 10.2% current smokers) and relatively 

high in the overall lowest functioning cluster (Cluster 6; 26.6% current smokers), smoking 

did not exhibit clear trends related to mobility impairment across clusters.

Demographic differences were observed across clusters, though they were generally less 

pronounced than those seen for clinical variables. No strong sex difference patterns were 

evident (males ranged from 21.6% to 32.1% across all clusters). The most impaired cluster 

across all PROs (Cluster 6) had the highest proportion of patients who were Black (17.9%). 

High mobility impairment clusters generally had slightly higher proportions of Black 

patients, but remained within a 10% range compared to the clusters associated with low 

mobility impairment (Clusters 1–4). Clusters with higher levels of mobility impairment 

were also generally associated with higher ADI index scores. As a sensitivity analysis, we 

evaluated several correlates of cluster membership using propensity score matching, where 

clusters were conditioned on years since onset and type of MS. Results remained stable (see 

Supplementary Table S13), providing evidence of the robustness of our results.

Discussion

Using LPA, we found nine MS subtypes based on PROs. Within these nine subtypes, we 

found three high-level groupings based on mobility, where participants experienced low, 

moderate, and high levels of mobility impairment. Approximately 70% of participants were 

classified in a low mobility impairment group (Clusters 1–4), 10% in the moderate mobility 

impairment group (Cluster 5), and 20% in a high mobility impairment group (Clusters 

6–9). These subgroups complement traditional clinical classifications,31 where they provide 

a greater breadth of information. Among the nine MS subtypes, notable variability was 

observed in traditional MS classification and assessment, hypertension and smoking status, 

and demographic distributions. These findings provide novel clinical characterizations that 

are relevant for clinical care, where clusters are anchored in mobility but also reflect 

alternative but common presentations (e.g., proportion of patients who express primary 

problems with fatigue or sensory symptoms in the absence of mobility impairment). The 
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clusters we identified can also inform future precision medicine approaches, through linkage 

to differential symptom progression trajectories and response to specific interventions.

When examining subgroups associated with low mobility impairment, several patterns 

were notable. The largest group (Cluster 1, 31.7% of sample) experienced relatively 

low impairment across all PRO domains. Other clusters associated with low mobility 

impairment, often marked by moderate to high elevations in several specific symptoms, 

including fatigue (Clusters 2, 3, and 4), sensory symptoms (Cluster 3), and pain (Clusters 

3 and 4). The second-largest cluster (Cluster 2, 18.8% of sample) showed low mobility 

impairment and moderate elevations in fatigue and pain, providing a common symptomatic 

phenotype not distinguished by movement impairments. Among participants with higher 

mobility impairment, a substantial proportion had self-reported impairment largely confined 

to mobility. Specifically, Cluster 7 represented 8.3% of the sample, which was nearly 

double any other clusters associated with high mobility impairment. Patients in Cluster 7 

has limited elevations on other MS symptoms, and they reported relatively high QOL. In 

contrast, a smaller group (Cluster 9, 3.9% of sample) reported substantial symptoms across 

all domains. Except for Cluster 1, all clusters showed at least moderate levels of fatigue, 

and a higher proportion of patients were members of a subgroup that showed elevations in 

fatigue compared to elevations in mobility impairment.

Connecting outside factors to PRO-based clusters revealed additional insights. Regarding 

clinical course, higher rates of relapsing-remitting MS occurred in clusters with lower 

mobility impairment, while progressive MS was more prevalent in subgroups with higher 

mobility impairment. Clinical test results (T25FW, 9HPT) aligned with expected patterns,32 

showing lower performance in subgroups with higher mobility impairment. Time since 

symptom onset was also longer in clusters associated with greater mobility problems. These 

findings underscore the consistency of PROs with widely-used clinical measures33 and 

supports their ability to serve as an easily administered proxy for more labor intensive 

clinical assessments. Demographically, higher rates of Black patients were observed in 

subgroups with greater mobility impairment (11.0–17.9% Black patients in Clusters 6–9, 

vs. 8.8–11.6% in Clusters 1–4). The proportion of male patients was relatively constant 

across groups, with slightly lower proportions of males in Cluster 5 (moderate mobility 

impairment). While hypertension rates were elevated in two of the high mobility impairment 

groups, no single group had an overall high proportion of participants with hypertension. 

Tobacco use varied across groups but did not show a consistent pattern related to mobility-

related impairment or other PROs. While QOL was usually lower in the high mobility 

impairment groups Cluster 7 (EQ5D score=0.68) reported QOL levels consistent with 

the low mobility impairment clusters despite high mobility impairment. Conversely, the 

moderate mobility Cluster 5 (EQ5D score=0.53) mirrored EQ5D averages in more impaired 

Clusters 8 and 9. These findings suggest that while mobility consistently relates to QOL, 

it is not the single predominant factor. Certain PwMS can experience relatively high QOL 

despite significant mobility impairments.

Several limitations are noted. First, participants were drawn from a single healthcare 

system, potentially limiting population-based inference. However, data were drawn from 

an international leader and referral center for MS which encompasses a diverse array of 
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MS phenotypes in its database. As part of this large database, patients were drawn from 

different ages and stages of disease. While these variables could have influenced class 

formation, we found multiple classes with similar mean ages and years since diagnosis, 

suggesting that these factors are not a primarily sole influence on results. Second, while our 

retrospective sample was comprehensive, prospective research would benefit from increased 

inclusion of participants across diverse demographic groups. Clusters with the highest levels 

of across-the-board impairment (Cluster 6) showed higher proportions of Black patients in 

higher-ADI locations. Finally, varying amounts of missing data were present in our sample. 

While our main analysis addressed missing data using gold-standard methodology (full-

information maximum likelihood estimation),29 secondary analyses considering relevant 

covariates might be affected by this issue.

We found notable heterogeneity in PwMS, both within the total sample and within 

groupings based on mobility. While impairments in patient-reported mobility can indicate 

poorer functioning in other domains,34 we found a surprising amount of cases where 

this relationship did not hold. For example, nearly half of patients in the high mobility 

impairment clusters showed relatively low impairment on other PRO domains. Further, 

fatigue was a consistent symptom across nearly all identified patient clusters and it may 

serve as a particularly consistent marker of MS. Through our patient-centered approach, 

PROs corresponded to traditional clinical measures and provided unique information that 

complements them.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Profile Plots of Patient Reported Outcomes for Each Observed Cluster
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