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Female Chronic Pelvic Pain Disorders (CPPDs)
• CPPDs - Prevalence: 1 in 7

‒ ~50% of cases remain undiagnosed, difficult to 
pinpoint underlying cause

‒ Top indication for referrals (20%) in outpatient 2° care 
appointments

• Comorbidities 
‒ Musculoskeletal pain and dysfunction in 50-90% 

‒ Depressive and anxiety disorders twice as likely
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• Among top contributors to disease burden
‒ disability + work productivity loss, direct and indirect costs, inadequate 

insurance coverage 

• Poor prognosis
‒ ~17% resort to chronic opioid use, 2nd top indication for hysterectomies

‒ Symptom/disease self-management (SM)

Background



Augmenting data sources on CPPDs
•  Direct patient input from mHealth sources
-Self-tracked (e.g., via Apps) 

-Passive data (e.g., wearables, sensors) 
-Capture real-world data to inform decision making, prediction, evidence 
generation 

• Routine outcome monitoring of responses outside of the clinic
- Tracking treatment and self-management (SM) effects/responses 

- Combine self-reported and passively-obtained data
•SM support

‒ Most frequent chronic care model intervention, associated with significant 
improvement measured by patient-level outcomes
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Working with mHealth data
mHealth-based patient-reported and passively obtained data differ in 
attributes:

• Temporal complexity (frequently sampled) - variable

• Timing of ambulatory monitoring? 

• Multi-modality – how to harmonize

• Meaningful summarization

• Aggregation leads to loss of information (symptom trajectory as a scalar vs 
curve)

• Missingness – variable
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Questions: 

1) Can we effectively analyze multi-modal data to identify associations 

between chronic symptoms and lifestyle factors in CPPDs?

Techniques and measures:

- “multi-modal data" - different data types (clinical data, self-reported 

symptoms, lifestyle factors)

- Measures: symptoms and health behavior (e.g., physical activity and 

exercise)
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Objectives and 
Approach



Exercise as pain self-management
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Moderating effect of weekly exercise levels on the 
previous-day exercise on change in pain. Shading 
around the lines represent 95% confidence intervals 
(Ensari et al., 2022)

• Relevance for tailoring care in CPP disorders - 
Determine level of “precision” needed 

CPPDs

PA volume across clusters similar to general 
population

40% of the population likely “low active or sedentary”

Increased risk of adverse health outcomes

Approach - Grounding example 

Tudor-Locke et al. 2012 USDHH



Methods

Sample, Analysis



Study Sample and Data
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• Sample: 
- Individuals living with CPP disorders (N= 68) 
- 4,159 person-level days of data
- Mostly employed (N=51; 76%), urban-dwelling 
(N=56; 84%), median age = 36 years (18  - 54)

Data sources and structure:

- Self-tracked symptoms from weekly questionnaires 

(standardized, validated, clinical benchmarks)

- Passively-obtained daily PA from activity trackers



Day-to-day variations – mHealth data
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Outcome ICC Within σ2 Between σ2

PROMIS GMH 0.648 1.461 2.69

MPQ current pain 0.62 275.56 463.39

Pain Interference 0.581 18.38 25.49

PROMIS Physical Function 0.685 4.19 9.15

Pain Self-efficacy 0.727 64.96 173.60

Steps 0.364 19840219 11403449

Moderate to vigorous PA (MVPA) 0.290 2068 848



Study Sample and Data (cont.)

Methods – Analytic approach 11/20

Data considerations:
-Missingness
-Sampling time points 
-Repeated measures 
-Variance in Y ~ X estimates 
(Random effects) 



Day-to-day variations – mHealth data (cont.)
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• Research Question: 
How does daily physical activity (i.e., 
moderate-to-vigorous PA; MVPA or 
steps) influence weekly pain and 
mental health symptoms in CPPDs?

• Statistical Framework: 
- Account for individual-level 

variation
- Random effects modeling
- Account for non-linear relationships
- Smoothing functions for weekly 

trends



Analytic Approach – smoothing functions
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• Generalized Additive Mixed Models (GAMMs) (mgcv library - Wood, 2017)

- Capture complex (i.e., non-linear) relationships by fitting a non-linear smooth 
function through the data, while controlling how wiggly the smooth can get

- Define basis functions to estimate the smooth function

• Linear penalized functional regression (LPFR) (refund library - Goldsmith et al., 2012)

-   Allows scalar responses and functional predictors

1)  truncated set of K-L vectors to represent the predictor functions 

2)  express the regression function using a spline basis 

3)  fit longitudinal model via mixed-model framework (i.e., subject-specific random 
effects)



Analytic Approach – Outcomes and Predictors
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• Generalized Additive Mixed Models (GAMMs) (mgcv library - 
Wood, 2017)

- PROMIS global mental health (GMH); MVPA as the main predictor 
of interest

• Linear penalized functional regression (LPFR) (refund library - 
Goldsmith et al., 2012)

- Pain Self-Efficacy (PSEQ), steps as proxy for overall weekly 
activity volume 

- Adjust for covariates (time in study, natural time – cyclical 
encoding, end of week pain (“current pain”), physical function



Results

Group-level average effects
Between individual variations



Weekly MVPA and mental health ratings
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Weekly MVPA and mental health ratings
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Weekly steps and Pain Outcomes
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R-sq.(adj) =  0.784   Deviance explained = 80.8%

LPFR: 
Parametric coefficients:
                                Estimate   Std. Error      t value        Pr(>|t|)    
Intercept                      3.38        3.00            1.12             0.25   
Physical Function        0.72        0.05            12.24         <0.0001
Week                   0.17        0.08            2.100           0.036



•MVPA beneficial regardless of pre-existing conditions and other pain-
related factors for better mood

•Pain – PA relationship could be linear

•PSEQ – stable trait, more responsive to overall daily activity volume
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Implications



•Complex interplay between health behaviors and symptom 
experience over time in CPPDs

‒Likely similar to other chronic conditions

•Methods discussed here can be broadly applied to various 
research questions 

- Similar conditions, data patterns, research questions
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Conclusion
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