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Abstract: Chronic pain affects over 30% of the global population, representing a major socio-

economic and clinical burden. Current pain assessment is largely subjective, and machine learning 

(ML) offers a data-driven alternative for classifying chronic pain severity. This study evaluated five 

supervised ML algorithms (Logistic Regression, Random Forest, Support Vector Machine, XGBoost, 

and an Artificial Neural Network) for classifying chronic musculoskeletal pain severity (mild, 

moderate, severe) using pooled NHANES data (2015–2016 and 2017–2018), yielding an analytic 

sample of 9,971 adults, of whom 2,890 met a physician-diagnosed case definition based on arthritis 

and/or gout. Eight clinically relevant features spanning physiological, psychological, and behavioral 

domains were engineered, and models were evaluated using accuracy, AUC-ROC, macro F1-score, 

and Matthews correlation coefficient (MCC). XGBoost and Random Forest achieved the highest 

cross-validation accuracy (47.9% and 46.9%), significantly outperforming the ANN and simpler 

baselines, though the ANN achieved the highest macro F1-score and MCC on the held-out test set. 

Additional gradient-boosting variants, a deep neural network, and an explainability analysis were 

also evaluated as robustness checks, with LightGBM achieving the best overall held-out 

performance and the deep neural network underperforming the tree-based ensembles. Sleep 

disturbance, age, depression severity, and BMI emerged as the most consistently informative 

predictors, though all effect sizes were modest. These findings indicate that routinely collected 

demographic and clinical covariates provide limited discriminative power for fine-grained chronic 

pain severity classification, underscoring the need for richer feature sets in future ML-based pain 

assessment tools. 
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1. Introduction 

Chronic pain is defined as pain that persists for longer than the process of healing [1] or for more than 3 

months [2] and is one of the most common health issues in the twenty-first century. The International 

Association for the Study of Pain (IASP) defines it as an aversive sensory and emotional experience that is 

associated with the activation of nociceptive, neuropathic and nociplastic mechanisms [3]. The prevalence 

of chronic pain increased from 26.3% in 2009 to 32.1% in 2021, and has a significant impact on physical 

functioning, mental health, and socioeconomic productivity, with annual direct and indirect costs in the 

USA in excess of USD 600 billion [4]. 
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The Visual Analog Scale (VAS), Numerical Rating Scale (NRS), and McGill Pain Questionnaire (MPQ) 

are all subjective scales that have been traditionally used in assessment of chronic pain in the clinical 

setting. These are valuable in clinical practice and do give a snapshot of the problem, but they do not 

include the complexity of the clinical picture (biopsychosocial) and may also have ceiling effects and rater 

variation in more unwell populations, as well as suffer from recall bias [1, 5]. All of the above limitations 

highlight the importance of having appropriate, repeatable, and scalable assessment tools that can analyse 

multiple clinical data sources containing a variety of data types. 

Digital health and smart healthcare (SHC) technologies, which have been developed in the past few years, 

present a huge transformative potential. Internet of Things (IoT), wearable biosensors, cloud computing 

systems and Artificial Intelligence (AI) have begun to bring about change in the monitoring, stratification 

and management of chronic conditions such as pain in primary and secondary care settings [6]. Machine 

Learning (ML) is an AI sub-discipline that enables extraction of hidden patterns from large clinical datasets, 

which can be used for classification, risk stratification, and predicting outcomes at a level of precision that 

is not possible using traditional statistical approaches. The application of ML models on registry data 

(longitudinal or cross-sectional) allows for the exploration of physiological, psychological, and 

demographic variables together, providing multi-dimensional risk profiles that reflect current knowledge 

in the field of pain science. 

The effectiveness of previous ML studies was shown in chronic pain detection and prognosis. Electronic 

health records (EHRs) and population-level surveys have been used to develop models using random 

forest, support vector machine, and neural network techniques to identify patients who are at risk of pain 

chronification, opioid dependence, and poor treatment response [7, 8]. However, it is still early, and the 

field is constrained by the lack of systematic, head-to-head comparisons of algorithms on nationally 

representative datasets using clinically informed and reproducible feature selection pipelines. Moreover, 

the incorporation of psychosocial factors, such as depression, sleep disturbance score, and physical activity, 

alongside anthropometric and demographic factors in a single ML framework remains insufficiently 

explored. 

Beyond classical machine learning, deep learning and explainable AI (XAI) techniques such as SHAP and 

permutation importance are increasingly used to pair predictive accuracy with clinical transparency in 

pain research, and recent reviews argue that interpretability, rather than accuracy alone, determines 

whether a model is trusted for bedside decision support [9, 10]. Direct, algorithm-to-algorithm 

benchmarking that pairs deep neural networks against classical ensemble and linear baselines on a single 

nationally representative pain cohort, using one shared feature set and evaluation protocol, nevertheless 

remains uncommon, which limits clinicians’ ability to judge whether the added complexity of deep 

learning yields a measurable advantage over simpler, more interpretable models [11]. This study therefore 

tests whether a systematic comparison of five supervised classifiers—spanning linear, ensemble, and deep 

learning architectures—combined with three independent explainability methods can identify both the 

best-performing algorithm and a clinically interpretable predictor hierarchy that replicates across 

attribution techniques. 

One of the most extensive repositories of anthropometric, biochemical, and patient-reported health 

information across the population is the National Health and Nutrition Examination Survey (NHANES) 

kept by the U.S. Centers for Disease Control and Prevention (CDC). Although this has been applied to 

chronic pain modeling in a few cases, there is a significant translational pain research gap in applying it to 

chronic pain modeling using ML. 

This study offers solutions to these issues by creating and preprocessing a well-defined chronic 

musculoskeletal pain cohort pooled across two consecutive NHANES cycles (2015–2016 and 2017–2018), 

constructing eight clinically relevant predictive features that are consistent with the biopsychosocial pain 

model, training and comparing five supervised ML classifiers, and performing model validation and 

selection using a stratified 70/30 train–test split, together with randomized hyperparameter search and 10-

fold cross-validation. As a whole, these contributions enrich the evidence base for the role of an AI-based 

clinical decision-support framework in pain medicine and get us one step closer to implementation in smart 

healthcare settings. 
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2. Materials and Methods 

2.1. Dataset 

Data were accessed from two consecutive NHANES cycles, 2015–2016 and 2017–2018, publicly available 

via the CDC National Center for Health Statistics (https://wwwn.cdc.gov/nchs/nhanes/). The two cycles 

were pooled to increase the available sample size, using identical variable definitions across both. 

NHANES employs a multistage probability sampling design stratified by age, sex, race/ethnicity, and 

income, yielding a sample representative of the non-institutionalized U.S. civilian population; 

institutionalized, homeless, and active-duty military populations are excluded by design. The pooled 

cycles yielded 11,268 adults (aged ≥18 years) with complete demographic, medical-history, body-measures, 

depression-screening, and physical-activity data, from which a cycle-stratified random subsample of 9,971 

was drawn (seed = 42). Because NHANES does not field a standardized pain-severity instrument, chronic 

musculoskeletal pain cases (n = 2,890, 29.0%) were operationalized using physician-diagnosed arthritis 

and/or gout. Severity was stratified into mild, moderate, and severe classes using arthritis subtype 

(osteoarthritis versus the more systemic rheumatoid/psoriatic subtypes) and gout status, yielding a three-

class, single-label classification problem. The remaining 7,081 participants without a qualifying diagnosis 

formed the pain-free reference sample, used only for descriptive comparison. 

2.2. Feature Engineering 

Candidate variables were identified from published chronic pain prediction studies and NHANES-based 

epidemiological literature, then reviewed for physiological and clinical relevance to pain severity. Pain 

duration (months since arthritis or gout was diagnosed), age, BMI, PHQ-9 depression severity score, 

NHANES Global Physical Activity Questionnaire physical activity level (MET-minutes/week), Sleep 

Disturbance Composite Score (SDS), a harmonized and standardized score of NHANES physical activity 

duration, snoring, apnea, and difficulty sleeping and daytime sleepiness items, current use of analgesics 

(binary), and number of other diagnosed comorbidities. The severity label (Section 2.1) is based on only 

arthritis subtype and gout status, and so might be considered a separate predictor of severity. All features 

were min-max scaled. Individuals that did not have values for any features were excluded, resulting in a 

final modeling cohort of 2,478 (of 2,890 pain-positive cases). 

2.3. Experimental Setup 

The five core classifiers spanned a representative range of model complexity, with XGBoost as the 

primary gradient-boosting implementation for the main comparison (Tables 2–6). As robustness checks, 

LightGBM, CatBoost, a deep neural network, and a SHAP-based explainability analysis were also 

evaluated (Section 4). Because the severity classes were imbalanced (57% mild, 14% moderate, 29% severe), 

SMOTE was applied only within each cross-validation fold's training split, preventing information leakage 

into validation or test data. Macro-averaged metrics were used throughout to avoid bias toward the 

majority class. Analyses were conducted in Python 3.12 using scikit-learn, XGBoost, LightGBM, CatBoost, 

TensorFlow, SHAP, and imbalanced-learn. The modeling cohort (n = 2,478) was split into a stratified 

training set (1,734 cases, 70%) and a held-out test set (744 cases, 30%). A fixed random seed (42) was used 

throughout. Model selection used stratified 10-fold cross-validation, with hyperparameters optimized via 

randomized search on the training partition. A soft-voting ensemble of Random Forest, XGBoost, and ANN 

was also tested but did not outperform the best individual classifier. 

Accuracy was defined as the proportion of correctly classified samples out of all samples; the AUC-ROC 

was computed as the one-vs-rest macro-average; the macro-averaged F1-score was computed as the 

harmonic mean of precision and recall. Performance metrics included accuracy, macro-averaged AUC-

ROC, macro F1-score, and Matthews Correlation Coefficient (MCC), which is a balanced evaluation metric 

robust to class imbalance. The results of the cross-validation are reported as mean ± SD (10-fold) in Table 

2. The entire analytical design is shown in Figure 1. 

Hyperparameters for each model were optimized using randomized search (20 iterations, 3-fold cross-

validation) over standard ranges for each model type, scored on macro F1. 

The difference in cross validation accuracy between the models was compared pairwise by performing 

the Welch's t-test on the fold-level means and standard deviations with p < 0.05 being set as the threshold 

for statistical significance—full results are shown in Table 4. 

Ensemble and deep learning models were compared against logistic regression (LR), fitted without 

interaction terms. Ninety-five percent confidence intervals for accuracy, AUC-ROC, F1-score, and MCC 
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were calculated from the fold-level mean and SD across the 10 cross-validation folds (Table 2), using the 

Student's t critical value for 9 degrees of freedom (t = 2.262). The resulting 95% CI for cross-validation 

accuracy was 29.6–33.7% for Logistic Regression, 30.8–34.5% for SVM, 43.6–50.2% for Random Forest, 45.7–

50.1% for XGBoost, and 33.9–39.6% for the ANN (Table 3). Welch's t-tests on the same fold-level data 

showed that the gap between the ANN and Random Forest (p < .001) and between SVM and the ANN (p 

= .014) reached statistical significance, while the remaining comparisons did not (Table 4). 

Pooled Cohort, 2 Cycles, Subsampled (N = 9,971) 

▼  Filtered by Case Definition (Arthritis/Gout) & Complete 8-Feature Data 

Chronic Pain Proxy Cohort (n = 2,478) 

▼  Stratified Random Assignment (≈70% / 30% Split) 

Training Partition (70% of Cohort) 

n = 1,734 (SMOTE within CV folds) 
◄───► 

Held-Out Test Set (30% of Cohort) 

n = 744 

▼  ▼ 

Stratified 10-Fold CV — executed within 

training partition for internal model validation 

and hyperparameter selection. 

 

Final Model Evaluation — evaluated 

strictly on independent, 

uncompromised test units to assess 

absolute generalization performance. 

Figure 1. Proposed Machine Learning Framework for Chronic Pain Assessment Using NHANES Data. 

A fixed random seed (42) was used throughout for data partitioning, cross-validation, and model 

initialization to support replication. scikit-learn, XGBoost, LightGBM, and CatBoost results are fully 

deterministic given this seed, while the TensorFlow deep-learning results may vary slightly between runs 

due to backend non-determinism. 

 

3. Results 

3.1. Descriptive Statistics 

The pooled, subsampled analytic base cohort comprised 9,971 adults. Chronic musculoskeletal pain was 

identified in 2,890 participants (29.0%); of these, 56.9% (n = 1,645) were classified as mild, 14.0% (n = 404) 

moderate, and 29.1% (n = 841) severe, an imbalanced distribution driven by osteoarthritis (the mild-ranked 

subtype) being far more common than the systemic rheumatoid/psoriatic subtypes or gout. Severity class 

was associated with increasing age (mild: 62.4 ± 13.7, moderate: 64.0 ± 12.7, severe: 60.8 ± 13.8 years), higher 

depression scores (PHQ-9 mild: 4.3 ± 5.0, moderate: 3.8 ± 4.8, severe: 4.5 ± 5.0), greater sleep disturbance 

(standardized SDS score mild: 0.21 ± 0.61, moderate: 0.22 ± 0.62, severe: 0.22 ± 0.61), and higher rates of 

analgesic use (mild: 32.8%, moderate: 24.8%, severe: 32.9%) than the pain-free reference group, though 

these differences were not strictly monotonic across severity strata, and the moderate class was 

disproportionately male (67.6%) relative to the other groups. The full demographic and clinical profile is 

given in Table 1, separated into the pain status groups. 

Table 1. Demographic and Clinical Characteristics of the Study Sample Stratified by Chronic Pain 

Severity (Pooled 2015-2016 + 2017-2018, Subsampled to N = 9,971) 

Characteristic No Pain (n 

= 7,081) 

Mild (n = 

1,645) 

Moderate (n = 

404) 

Severe (n = 

841) 

p-

value 

Age, years 

(Mean±SD) 

43.5±17.6 62.4±13.7 64.0±12.7 60.8±13.8 <0.001 

Female, % 50.2 62.2 32.4 54.6 <0.001 

BMI, kg/m² 

(Mean±SD) 

28.7±6.9 31.4±7.7 31.3±7.0 31.4±7.7 <0.001 

Pain Duration, 

months (Mean±SD) 

— 140.5±139.3 168.4±159.0 154.3±144.6 <0.001 

PHQ-9 Score 

(Mean±SD) 

2.8±3.8 4.3±5.0 3.8±4.8 4.5±5.0 <0.001 

SDS Score (Mean±SD) -0.09±0.51 0.21±0.61 0.22±0.62 0.22±0.61 <0.001 
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Physical Activity, 

MET-min/wk 

4320±6823 2966±5742 2525±4714 2933±5772 <0.001 

Analgesic Use, % 6.2 32.8 24.8 32.9 <0.001 

PHQ-9 = Patient Health Questionnaire-9; SDS = Sleep Disturbance Composite Score, reported as a 

standardized (z-score) value; BMI = Body Mass Index; MET = Metabolic Equivalent of Task; SD = Standard 

Deviation. 

3.2. Model Performance Comparison 

Cross-validation results for all five classifiers on the training partition are presented in Table 2 (n = 1,734, 

SMOTE applied within each fold). XGBoost achieved the highest mean accuracy (47.9% ± 3.1%), closely 

followed by Random Forest (46.9% ± 4.6%); both outperformed the ANN (36.7% ± 3.9%), SVM (32.6% ± 

2.6%), and Logistic Regression (31.7% ± 2.8%). The gap between the ANN and Random Forest (p < .001) 

and between SVM and the ANN (p = .014) was statistically significant (Table 4). Macro F1-scores were more 

compressed across models (0.306–0.371) than accuracy. On the held-out test set, XGBoost and Random 

Forest retained the highest raw accuracy (45.4% and 43.3%), but the ANN achieved the highest MCC (0.064) 

and macro F1-score (0.332). Because several models' test accuracy fell below the majority-class baseline 

(56.9%, F1 = 0.242), macro F1 and MCC are emphasized throughout. One-vs-rest specificity for the ANN 

(Table 5) averaged 68.8% across the three severity classes. Figure 2 compares model accuracy and Figure 3 

compares ROC curves. 

Table 2. Comparative Performance of ML Classifiers for Chronic Pain Severity Classification (Stratified 

10-Fold Cross-Validation on Training Partition, n = 1,734; SMOTE Applied Within Each Fold; Mean ± SD 

Across Folds) 

Model Accuracy (%) AUC-ROC F1-Score 

(Macro) 

MCC 

Logistic Regression 31.7 ± 2.8 0.541 ± 0.025 0.306 ± 0.028 0.024 ± 0.043 

SVM (RBF Kernel) 32.6 ± 2.6 0.550 ± 0.018 0.319 ± 0.023 0.063 ± 0.037 

Random Forest 46.9 ± 4.6 0.551 ± 0.032 0.371 ± 0.056 0.042 ± 0.082 

XGBoost 47.9 ± 3.1 0.535 ± 0.039 0.361 ± 0.037 0.029 ± 0.054 

ANN 36.7 ± 3.9 0.542 ± 0.019 0.342 ± 0.031 0.063 ± 0.041 

Table 3. Ninety-Five Percent Confidence Intervals for Cross-Validation Performance Metrics (10-Fold, 

Student’s t Distribution, df = 9) 

Model Accuracy 95% 

CI (%) 

AUC-ROC 95% 

CI 

F1-Score 95% 

CI 

MCC 95% CI 

Logistic Regression 29.6–33.7 0.523–0.559 0.286–0.326 -0.007–0.055 

SVM (RBF Kernel) 30.8–34.5 0.537–0.562 0.302–0.336 0.037–0.090 

Random Forest 43.6–50.2 0.528–0.574 0.331–0.411 -0.016–0.101 

XGBoost 45.7–50.1 0.508–0.563 0.335–0.388 -0.009–0.068 

ANN 33.9–39.6 0.529–0.555 0.320–0.364 0.033–0.093 

CI = confidence interval, computed as mean ± t(0.975, 9) × (SD / √10) using the fold-level mean and SD 

from Table 2. These intervals describe sampling variability across the 10 cross-validation folds and should 

be interpreted alongside the pairwise significance tests in Table 4. 

Table 4. Pairwise Comparison of Model Cross-Validation Accuracy 

Model Pair Accuracy Gap Welch's t (df) p-value 

Logistic Regression vs. SVM +1.0 pp t = -0.80 (17.9) p = .431 

SVM vs. ANN +4.1 pp t = -2.75 (15.6) p = .014 

ANN vs. Random Forest +10.2 pp t = -5.32 (17.5) p < .001 

Random Forest vs. XGBoost +1.0 pp t = -0.56 (15.6) p = .581 

pp = percentage points. Welch’s t-tests were computed directly from the fold-level mean and SD reported 

in Table 2 (10 folds per model, unequal-variance approximation, Welch–Satterthwaite degrees of freedom) 

and represent the full quantitative significance testing for pairwise cross-validation accuracy referenced in 

Section 2.3. 
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Figure 1. Bar chart comparing the cross-validation accuracy of five ML classifiers on the pooled, 

subsampled NHANES chronic pain cohort (training partition, n = 1,734). 

 
Figure 2. One-vs-rest macro-averaged ROC curves for all five classifiers, with AUC values ranging 

from 0.535 (XGBoost) to 0.551 (Random Forest). 

3.3. Feature Importance 

The most informative variables by permutation importance for the Random Forest classifier were the 

Sleep Disturbance Composite Score (ΔF1 = 0.0030) and age (ΔF1 = 0.0012); the remaining six features 

showed negligible or negative importance. SHAP analysis of the XGBoost model instead ranked PHQ-9, 

BMI, and pain duration highest, with age, sleep disturbance, comorbidity count, and analgesic use 

contributing less. The two methods disagree on ranking but agree that no single feature dominates; sleep 

disturbance and age were identified as relevant by both. These small, method-dependent importance 

values indicate that the eight-feature set carries limited discriminative signal overall. 

 
Figure 3. Permutation feature importance rankings for the Random Forest classifier, evaluated on the 

held-out test set. Values represent the mean decrease in macro F1-score when each feature is randomly 

permuted, averaged over 30 repeats. 

3.4. Neural Network Architecture and Performance 

The optimal ANN architecture, identified via randomized search, used a single hidden layer of 80 

neurons (ReLU activation, Adam optimizer), L2 regularization (alpha = 0.081), and an initial learning rate 
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of 0.0075, trained with early stopping and converging after 38 iterations. A deeper network (three hidden 

layers with dropout) was also evaluated as a robustness check (Section 4) but did not outperform this 

shallow architecture on macro F1. On the held-out test set, the ANN's confusion matrix (Table 5) shows 

highest precision for the mild class (0.615) but low recall (0.291), and highest recall for the moderate class 

(0.515) at the cost of precision (0.165), consistent with SMOTE increasing minority-class sensitivity. Overall, 

the ANN achieved 34.1% accuracy and a macro F1-score of 0.332 — the highest F1 and MCC among the 

five core classifiers on the held-out test set. 

 
Figure 4. Feedforward ANN architecture. 

Subgroup analyses tested model equity across demographic groups using the ANN. Performance was 

similar across sexes (male: 32.6%, n = 340; female: 35.4%, n = 404; χ² p = 0.478) and comparable between the 

18–40 (39.7%, n = 68) and >60 (36.2%, n = 458) age groups, within the modest range observed for the full 

test set (Table 6). 

Table 5. Class-Wise Performance Metrics of the ANN Model on the Held-Out Test Set (30% of 

Modeling Cohort, n = 744) 

Pain Class Precision Recall F1-Score Support 

Mild 0.615 0.291 0.395 423 

Moderate 0.165 0.515 0.250 99 

Severe 0.340 0.360 0.350 222 

Macro Avg 0.373 0.389 0.332 744 

Table 6. Subgroup Performance of the ANN Model on the Held-Out Test Set 

Subgroup Accuracy Test Statistic 

Age >60 years 36.2% — 

Age 18–40 years 39.7% (n = 68) — 

Male vs. Female No significant difference χ² test, p = 0.478 

Age subgroups reflect ANN accuracy on the corresponding held-out test cases (n = 458 for >60 years; n = 

68 for 18–40 years, a small subgroup warranting cautious interpretation); the sex comparison reflects a chi-

square test of classification correctness by sex rather than a separate accuracy figure for each group. 

 

4. Discussion 

This study compared five supervised ML algorithms for classifying chronic musculoskeletal pain severity 

in a pooled, nationally representative NHANES sample. XGBoost and Random Forest achieved the highest 

cross-validation accuracy (47.9% and 46.9%), significantly outperforming the ANN and simpler baselines 

(Table 4); however, on the held-out test set the ANN instead achieved the highest macro F1-score (0.332) 

and MCC (0.064). This divergence between cross-validated and held-out rankings, and between accuracy 

and macro-averaged metrics, indicates that evaluation-metric choice should be guided by the clinical cost 

of different error types rather than accuracy alone. 

The most informative predictors by permutation importance were sleep disturbance and age, though 

effect sizes were small (ΔF1 < 0.006); pain duration, comorbidity count, BMI, and analgesic use showed 

negligible or negative importance, indicating that no single predictor dominates. 

Chronic pain is biopsychosocial [5], and PHQ-9 depression severity remained among the top predictors 

in the SHAP analysis. Insomnia is associated with increased pain sensitivity via reduced growth-hormone 

secretion during sleep, heightened amygdala reactivity, and reduced descending pain-inhibitory 

modulation, effects that depression can compound [5, 1]. These mechanisms support continued inclusion 

of low-cost sleep and psychological screening in ML-based pain assessment pipelines, even though no 

single feature category was sufficient here for strong classification performance. 

LightGBM, CatBoost, a deep neural network, and a soft-voting ensemble were also evaluated as 

robustness checks. LightGBM achieved the best held-out test accuracy (46.0%) and macro F1-score (0.337) 

of all eight classifiers, marginally ahead of XGBoost (45.4%, 0.312) and CatBoost (43.5%, 0.331). The deep 

neural network matched LightGBM's accuracy but scored substantially lower on macro F1 (0.272) and 

MCC (0.006), failing to correctly classify any severe-pain case despite SMOTE-based rebalancing and 

regularization — consistent with known limitations of deep learning on small tabular datasets. The soft-
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voting ensemble did not outperform its best constituent model. No single classifier dominated across all 

metrics, reinforcing that model choice should be guided by the intended clinical use case rather than a 

single leaderboard ranking. 

These findings offer a starting point for precision pain therapy and smart healthcare research, while 

indicating that routinely available covariates alone are insufficient for reliable severity stratification. Many 

of the predictors used here are already available through digital health platforms and routine clinical 

screening [6, 16]. Future models combining these covariates with richer clinical or physiological data may 

better support referral to non-pharmacological interventions including acupuncture [20, 22], cognitive 

behavioral therapy, and structured exercise/sleep programs [21]  before opioid escalation is considered [17, 

1]. 

A further consideration is that the eight predictors may be partially interdependent, and that some (pain 

duration, analgesic use, depression severity, sleep disturbance) may partially reflect pain intensity itself 

rather than acting as fully independent predictors; arthritis subtype and gout status were reserved for the 

severity label specifically to avoid this circularity. These models are best interpreted as concurrent severity 

classifiers rather than predictors of future pain trajectories. This study has several limitations. Because 

NHANES lacks a standardized pain-severity instrument, severity was approximated from arthritis 

subtype and gout status; this proxy label has not been clinically validated. The modest, largely non-

significant performance differences across classifiers (Section 3.2) reflect limited discriminative signal in 

these covariates. Formal calibration analysis was beyond scope and is a priority for future work, 

particularly given the precision-recall trade-offs introduced by SMOTE (Table 5). The cross-sectional 

NHANES design precludes prediction of future pain trajectories, self-reported measures are subject to 

recall and social-desirability bias, and residual confounding from unmeasured factors cannot be excluded. 

External validation against a validated pain-severity instrument, ideally beyond the U.S. civilian 

population, is needed. Future research should incorporate validated pain outcomes, multi-modal 

biomarker data, and longitudinal cohort designs [6, 19]. 

 

5. Conclusion 

This study evaluated whether routinely collected clinical and lifestyle data from a large, pooled NHANES 

sample (n = 9,971 adults; 2,478 in the final modeling cohort) can classify chronic musculoskeletal pain 

severity. XGBoost and Random Forest achieved the highest cross-validated accuracy, while the ANN 

achieved the highest macro F1-score and MCC on the held-out test set; LightGBM achieved the best overall 

test performance among eight classifiers evaluated, including a deep neural network that underperformed 

the tree-based ensembles. No single classifier dominated across all metrics, and absolute performance 

remained modest throughout, underscoring the greater relevance of macro F1 and MCC over raw accuracy 

for this imbalanced task. Sleep disturbance, age, PHQ-9, and BMI emerged as the most consistently 

informative predictors, though effect sizes were small, indicating that these covariates alone carry limited 

signal for fine-grained severity stratification. Future ML-based chronic pain decision-support tools will 

likely require richer feature sets — potentially including validated pain-severity instruments, longitudinal 

trajectories, or physiological biomarkers — evaluated in prospective clinical trials before they can support 

reliable, personalized, non-opioid-first treatment planning. 
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