Uncovering Sleep Determinants of Clinical Pain Severity Through Machine Learning Y REST
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Background

Sleep and circadian rhythms play a critical role in shaping individual pain experiences!tl. The final sample included 556 adults (mean age = 46.77 = 16.30 years), with 55.5% Among the predictors identified in the baseline GBR model, all features except neck
Poor sleep can worsen pain, creating a self-perpetuating cycle, yet it's still unclear which identifying as female and 55.2% as African American. Participants reported an average circumference, BIA resistance, head circumference, and total years of smoking were
specific sleep parameters best predict clinical pain. Studies reveal discrepancies between SF-36 pain score of 65.87 (SD = 25.90), indicating low to moderate pain severity with consistently identified as necessary in both the RF and ENR models.

subjective sleep reports (e.g., diaries, questionnaires) and objective measures (e.g., notable individual variation. In the extended GBR model, FOSQ activity and vigilance scores were replicated as
actigraphy, polysomnography), especially among individuals with chronic pain and Age Distribution of Participants SF-36 Pain Score Distribution of Participants robust sleep predictors of pain in both the ENR and RF models, emphasizing the
insomnial?l. a_ b Importance of self-reported sleep quality over objective sleep disturbances such as AHI.
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To address this gap, we applied machine learning (ML) techniques to data from 556 adults
aged 18-88 in the Cleveland Family Study (CFS)i34. This dataset includes both subjective 7 m
and objective sleep data along with clinical pain measures. Using Gradient Boosted "

Regression (GBR), Random Forest (RF), and Elastic Net Regression (ENR) models, we ) « Subjective sleep impairments—particularly difficulties with daily activities and

identified key sleep predictors of pain severity in a general population. vigilance—were the strongest sleep-related predictors of clinical pain severity.
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0 —_—— O ! ! T ! * Objective sleep measures, such as the apnea-hypopnea index (AHI), showed
“ > Age (binmed by 10 years) Bodily Pain Subscore limited predictive value compared to self-reported sleep quality.
Data were drawn from the CFS, a longitudinal, family-based cohort designed to investigate Figure 2. (a) Participant age distribution. (b) Participant pain distribution. Higher scores indicate * These findings support growing evidence that perceived sleep quality plays a more
genetic factors related to sleep apnea. Clinical pain severity was assessed using the bodily less pain. Bassline Model ; 5 critical role in pain outcomes than objective metrics.
pain subscale of the SF-36 health survey. Our analysis focused on the relationship between a Mental health b g 100- Py ey U001 » Sleep variables, together with age and clinical factors, explained ~35% of the
sleep profiles and pain severity, incorporating both subjective (e.g., sleep quality ratings) and Walking pace = ol ° g o variance in pain severity.
objective (e.g., polysomnography-derived metrics) sleep parameters. PR interval § ° = 1 % 8 * Due to the observational nature of this secondary analysis, causal relationships
Sociodemographic and clinical data included age, sex, race, income, BMI, health behaviors Blﬂsggt\:iﬁég ; 60 - ;/8,2/5 2% 6 between sleep and pain can_n_ot be i_nferred._
(e.g., alcohol use, smoking, exercise), and comorbidities such as cardiovascular disease, Body fat weight g 400 .S 3 S8 o . * Further resegrch using mu!tldlmensmnal pain assessments and more
depression, and anxiety. Objective sleep data were collected via overnight polysomnography Employmﬁgﬁﬁg};z = . c_omprehenswe sleep metrics (e.g., sleep spindles) is needed to validate these
and included measures like oxygen saturation and sleep architecture. Subjective sleep data BM| o findings.
were obtained from the Functional Outcomes of Sleep Questionnaire (FOSQ). Smoking — % O —T——— T —
0 20 40 60 80 100 0O 20 40 69 80 100 Blbllography
70% Training Data ——{ 10-Fold Cross Validation Relative importance Actual SF-36 pain scores
_ X Figure 3. (a) Key predictors in the baseline GBR included mood status, walking pace, age, PR glngg]agihPi‘ol_rl\./\’/jdoogllqne’ l?)ull?n j?;‘np;iirﬂh’l E?BS)TJS?SEZ "’(‘S(S)‘ig')a“o” of sleep and pain: an update
Complete _ Spii Train Baseline Train Extended interval, ?nd employment. sta.ltus. (b) The baseline r_nodel explained 32% of the variance in pain P - J p ! -
Dataset *| Preprocessing | o . Mode! Model scores (R* = 0.32). These findings were largely consistent across Random Forest (RF) and Elastic _ _ S o o
Net Regression (ENR) models. [2] Bilterys, T. et al. Relationship, differences, and agreement between objective and subjective
l J’ sleep measures in chronic spinal pain patients with comorbid insomnia: A cross-sectional study.
30% Testing Data | [ Tast Baseline Test Extended . o Extended Model ) o g o R?=0.35, p<0.001 Pain 164, 2016-2028 (2023).
Figure 1. Analysis Methodology wﬂﬂl %2?&?-'.53222 J—g % . [3] Redline, S. et al. The familial aggregation of obstructive sleep apnea. American journal of
o | | _ | PRineNe = ° £ S respiratory and critical care medicine 151, 682-687 (1995).
Missing data were evaluated using Little’'s MCAR test and addressed with median e A7 oo m—— 60 8 g o §-8T 5°
: : : : . : : : _ & o8 o ®° © ) . _
imputation. Categorical variables were dummy-coded for compatibility with machine learning Systolic BP O - wlse 088 889, [4] Zhang, G.-Q. et al. The National Sleep Research Resource: towards a sleep data commons.
algorithms. Three machine learning models—GBR, RF, and ENR—were applied to predict Emp|nynT§§tksﬂ?Jg o: § 0o ° o8 Journal of the American Medical Informatics Association 25, 1351-1358 (2018).
pain severity. Each model was trained using 70% of the data and validated on the remaining Sleep oxygen saturation O O© 20+
30%, with nested 10-fold cross-validation used to tune hyperparameters and minimize Apnea_hy%gsl:%g’?&ﬁ; 53 ~ " Acknowledgements
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- ) : - : - . Figure 4. (a) In the extended model, self-reported sleep factors (FOSQ activity and vigilance The PI’s start-up funds (YW) from the University of Maryland School of Nursing supported this
perfo_r mgnce was evaluated using R? to quantify exp. ained variance in pain scores. scores) were among the most predictive of pain severity, surpassing objective metrics such as secondary data analysis.
Sensitivity analyses were conducted to assess consistency of results across the three apnea-hypopnea index (AHI). (b) The addition of sleep variables improved model performance

machine learning approaches. by about 9.4% (R* = 0.35).
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