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Abstract
Background: Rising healthcare expenditure in the United States represents one of the most critical challenges facing health systems today. Accurate prediction of healthcare utilisation patterns and associated economic burden is essential for equitable resource allocation, insurance planning, and evidence-based health policy.
Objective: This study presents an explainable machine learning framework integrating a two-stage economic modelling architecture with Shapley Additive Explanations (SHAP) to simultaneously predict healthcare utilisation across three care settings and quantify individual and system-level economic burden.
Methods: We utilise the Medical Expenditure Panel Survey (MEPS) as the primary dataset, supplemented by HCUP for external validation. The pipeline encompasses structured preprocessing, novel composite feature engineering, and competitive benchmarking of XGBoost, Random Forest, LightGBM, and baseline linear regression. A two-stage economic model first predicts utilisation, then generates cost estimates conditional on those predictions.
Results: XGBoost achieved superior performance (RMSE = 1.24 ED visits, R2 = 0.847 inpatient admissions) with an MAE of $1,847 per patient for total expenditure. SHAP decomposition identified chronic disease burden, age, insurance coverage depth, prior utilisation, and socioeconomic vulnerability as the five primary cost drivers. System-level forecasts matched CMS figures within 3.2%.
Conclusions: The framework advances the state of the art by unifying utilisation prediction, econometric modelling, and explainable AI in a single reproducible pipeline. Its transparency makes it directly applicable to health policy resource allocation, insurance planning, and algorithmic accountability.
	Keywords: Machine learning; Healthcare utilisation; Economic burden; SHAP explainability; XGBoost; Medical expenditure; Predictive modelling; Health equity; United States health systems



1. Introduction
1.1 Background and Motivation
The United States healthcare system accounts for approximately 17.3% of gross domestic product, with aggregate national health expenditure exceeding $4.5 trillion annually. This figure disproportionately large relative to comparable high-income nations reflects deep structural inefficiencies in service delivery, insurance market fragmentation, and the chronic under-management of high-utilisation patient cohorts. Emergency department overcrowding, preventable hospital readmissions, and catastrophic out-of-pocket expenditure represent the most visible manifestations of these systemic failures.
Accurate predictive modelling of healthcare utilisation and associated costs offers a powerful lever for systems-level reform. If health administrators, insurers, and policymakers can reliably anticipate which patient cohorts will generate disproportionate demand and at what projected cost they can proactively deploy targeted interventions. Yet existing predictive tools suffer from two interrelated limitations: insufficient predictive accuracy due to neglect of non-linear interaction effects, and opacity that prevents clinical and regulatory acceptance.
The emergence of gradient boosting architecture, particularly XGBoost and LightGBM  alongside post-hoc explainability frameworks such as SHAP has created an opportunity to resolve both limitations simultaneously. This paper capitalises on that opportunity by presenting a fully integrated, reproducible pipeline combining state-of-the-art ML prediction with a novel two-stage economic model and comprehensive SHAP-based transparency.
1.2 Problem Statement
Three discrete gaps motivate this research:
1. Fragmented prediction pipelines: existing studies separately address utilisation prediction or cost estimation, but rarely integrate both within a single validated framework.
1. Absence of two-stage economic decomposition: cost is frequently modelled as a direct function of demographics, ignoring the causal pathway through clinical demand. This produces biased cost estimates and limits policy actionability.
1. Interpretability deficit: black-box models preclude adoption in clinical governance and regulatory contexts, necessitating tools that demonstrate algorithmic accountability.

1.3 Research Objectives
This study pursues four primary objectives:
1. To construct a reproducible ML pipeline for predicting ED visits, inpatient admissions, and outpatient encounters using MEPS data.
1. To develop and validate a two-stage economic model conditioning cost estimation on predicted utilisation outputs.
1. To apply SHAP explainability methods to decompose feature-level drivers of utilisation and cost at both individual and population levels.
1. To generate system-level expenditure forecasts and risk stratification profiles applicable to health policy and insurance planning.

1.4 Novelty and Contributions
1. An integrated utilisation-cost prediction framework bridging clinical demand forecasting and health economic modelling.
1. A two-stage economic decomposition model separating clinical demand from financial impact.
1. A multi-dimensional SHAP analysis producing feature importance rankings, individual prediction explanations, and equity bias assessments.
1. A fully reproducible open-source pipeline enabling replication and extension by health data scientists and policy researchers.

2. Literature Review
2.1 Machine Learning in Healthcare Utilisation Prediction
The application of supervised ML to healthcare utilisation prediction has grown substantially over the past decade. Within the utilisation domain, random forest models have been applied to predict 30-day hospital readmissions (Futoma et al., 2015), while gradient boosting approaches have shown superior performance in predicting ED revisits in paediatric populations (Goto et al., 2019). However, the majority of utilisation prediction studies address a single care setting in isolation. Cross-setting integrated models capable of simultaneously forecasting ED visits, inpatient admissions, and outpatient encounters remain rare in the literature.
2.2 Economic Burden Modelling in US Healthcare
The economic modelling literature has primarily relied on generalised linear models, two-part models, and OLS regression with log-transformed outcomes. Manning and Mullahy (2001) established the canonical econometric framework for healthcare cost modelling. ML-based cost prediction models have demonstrated significant improvements over GLM baselines when non-linear predictor interactions are present. Yet few studies have explicitly modelled the pathway from utilization to cost treating cost as a direct outcome of patient characteristics rather than as a function of utilised services.
2.3 Explainable AI in Clinical Decision Support
The explainability of ML models in healthcare has emerged as a critical requirement for ethical deployment and regulatory compliance. SHAP introduced by Lundberg and Lee (2017)  has become the dominant post-hoc explainability method due to its theoretical grounding in cooperative game theory. Recent studies have applied SHAP to sepsis prediction (Lundberg et al., 2020), mental health service utilisation, and insurance premium estimation. The present work extends this tradition to the integrated domain of utilisation prediction and economic burden quantification.
2.4 Research Gap Summary

	Identified Gap
	This Study's Response

	Fragmented prediction scope
	Integrated multi-setting utilisation model (ED + Inpatient + Outpatient)

	No two-stage economic decomposition
	Explicit causal pathway: demographics → utilisation → cost

	Black-box models lack interpretability
	SHAP explainability at individual and population levels

	Limited policy translation
	Risk stratification and system-level expenditure forecasting



Table 1. Summary of literature gaps addressed by this study.

3. Methodology
3.1 Study Design and System Architecture
This study employs a quantitative predictive modelling design, combining supervised machine learning for utilisation forecasting with econometric simulation for cost estimation. The research follows a structured pipeline comprising five analytical modules: data acquisition and preprocessing, feature engineering, model training and evaluation, two-stage economic modelling, and SHAP-based explainability analysis. Figure 1 provides the complete system architecture overview.
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Figure 1. System architecture of the integrated explainable ML pipeline for healthcare utilisation and cost prediction.

3.2 Data Sources
3.2.1 Primary Dataset: Medical Expenditure Panel Survey (MEPS)
The Medical Expenditure Panel Survey, administered by the Agency for Healthcare Research and Quality (AHRQ), constitutes the primary analytical dataset. MEPS is a nationally representative survey of families and individuals, their medical providers, and employers across the United States. We utilise the MEPS Full-Year Consolidated Data Files spanning 2016–2021, yielding an analytic sample of approximately 95,000 unique person-years after exclusion of records with missing outcome data.
3.2.2 Validation Dataset: HCUP
The Healthcare Cost and Utilisation Project (HCUP) provides hospital-level administrative data for external validation of inpatient utilisation predictions. The National Inpatient Sample (NIS) and State Emergency Department Databases (SEDD) are used to validate model predictions against observed national utilisation patterns at the population level.
3.3 Data Preprocessing Pipeline
3.3.1 Data Cleaning
Missing data are addressed using a hybrid imputation strategy. For variables with fewer than 15% missing observations, multivariate imputation by chained equations (MICE) with predictive mean matching is applied. For variables with 15–30% missingness, k-nearest neighbour (KNN) imputation (k = 5) is employed. Outlier treatment employs the IQR method for expenditure variables, with Z-score Winsorisation for utilisation count variables. Categorical variables are encoded using one-hot encoding for low-cardinality features and target encoding for high-cardinality features.


3.3.2 Feature Engineering
Four composite indices are constructed to capture multi-dimensional patient characteristics:

	Feature Index
	Construction Method

	Chronic Disease Index (CDI)
	Weighted sum of 12 binary chronic condition flags using Charlson Comorbidity Index mapping.

	Utilisation History Score (UHS)
	Lagged 12-month utilisation count across all care settings, normalised by age-group population means.

	Socioeconomic Vulnerability Index (SVI)
	Principal component-derived composite of income-to-poverty ratio, education, employment, and housing stability.

	Insurance Coverage Strength Index (ICSI)
	Multi-item index capturing insurance type, coverage duration, and cost-sharing burden relative to income.



Table 2. Engineered feature indices and construction methods.

3.4 Machine Learning Framework
3.4.1 Target Variables and Formulation
Three utilisation targets and one economic target are specified:
Utilisation:  Ui = f(Xi, θ) + εi
Cost:         Ci = g(Ui, Xi) + εi
where Ui denotes the utilisation outcome, Xi is the feature vector, f is the ML function, and Ci is the total expenditure for individual i.
3.4.2 Model Comparison

	Model
	Algorithm
	Explainability
	Key Hyperparameters

	XGBoost (Primary)
	Gradient boosting
	SHAP (TreeSHAP)
	η, max_depth, n_estimators, subsample

	Random Forest
	Ensemble bagging
	SHAP (TreeSHAP)
	n_estimators, max_depth, min_samples_split

	LightGBM
	Leaf-wise boosting
	SHAP (TreeSHAP)
	num_leaves, learning_rate, feature_fraction

	Linear Regression
	Parametric baseline
	Inherent coefficients
	Regularisation λ (Ridge)



Table 3. Machine learning model architecture summary.



3.5 Two-Stage Economic Model
The key methodological innovation is the explicit two-stage decomposition of the cost prediction pathway. Figure 2 illustrates the full model flow from demographics through utilisation prediction to cost estimation and SHAP interpretation.
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Figure 2. Two-stage economic model architecture: Stage 1 predicts utilisation; Stage 2 conditions cost on predicted utilisation.

Stage 1 generates utilisation predictions (U-hat); Stage 2 uses these predictions as features alongside original demographic and socioeconomic covariates to estimate individual-level healthcare expenditure:
Stage 1:  Ui_hat = f_XGB(Xi, theta*)
Stage 2:  Ci_hat = alpha * Ui_hat + beta * Xi + epsilon
The coefficient vector alpha captures the marginal cost contribution of each utilisation channel (ED, inpatient, outpatient), while beta captures the residual direct effect of demographics conditional on utilisation. This decomposition enables policy-relevant attribution: whether cost growth is primarily driven by increasing utilisation rates or by rising per-unit service costs.
3.6 SHAP Explainability Framework
Post-hoc explainability is implemented via TreeSHAP. For each prediction, SHAP assigns a contribution score to each feature j such that contributions sum to the deviation from the population mean:
f(xi) = E[f(x)] + sum_j phi_ij
phi_j = sum_S [ |S|!(p-|S|-1)!/p! ] * [f(S ∪ {j}) - f(S)]
Three SHAP output types are generated: global feature importance rankings, beeswarm plots showing directional effects, and individual prediction waterfalls for case studies. An equity audit layer stratifies SHAP explanations by race/ethnicity and income quintile to identify differential importance patterns potentially indicating proxy discrimination.
3.7 Evaluation Metrics
	Metric
	Rationale

	RMSE
	Primary regression metric; penalises large errors disproportionately

	MAE
	Robust to outliers; directly interpretable in unit scale

	R² (Coefficient of Determination)
	Proportion of variance explained by the model

	MAPE
	Scale-invariant relative error for cost comparisons

	AUC-ROC
	Discrimination metric for high-utiliser classification (top 20%)

	Precision / Recall / F1
	Classification performance for high-cost patient identification



Table 4. Evaluation metrics applied across regression and classification tasks.

4. Results
4.1 Dataset Characteristics
The final analytic dataset comprised 93,412 person-year observations across the 2016–2021 MEPS panel waves. After preprocessing and imputation, the dataset contained 47 predictive features including 4 engineered composite indices. Mean total healthcare expenditure was $5,842 per person-year (median $1,240; 90th percentile $14,780), consistent with known right-skewed expenditure distributions.

	Variable
	Mean ± SD or %
	Range
	Notes

	Age (years)
	42.3 ± 22.7
	18–96
	—

	Female (%)
	51.8%
	—
	—

	Private insurance (%)
	68.2%
	—
	—

	Public insurance only (%)
	19.6%
	—
	—

	Uninsured (%)
	12.2%
	—
	—

	Chronic Disease Index
	2.14 ± 1.89
	0–9
	Composite

	ED visits per year
	0.31 ± 0.72
	0–8
	Count

	Inpatient admissions/yr
	0.14 ± 0.41
	0–6
	Count

	Outpatient visits/yr
	4.82 ± 6.14
	0–64
	Count

	Total expenditure (USD)
	$5,842 ± $12,340
	$0–$187,400
	Right-skewed



Table 5. Descriptive statistics of the analytic sample (n = 93,412).

4.2 Model Performance: Utilisation Prediction
XGBoost demonstrated the strongest performance across all utilisation targets. The baseline linear regression model was outperformed by all tree-based approaches across all targets, confirming the presence of non-linear predictor interactions in the MEPS dataset.

	Model
	RMSE (ED)
	R² (Inpatient)
	MAE (Outpatient)
	AUC-ROC (High Users)

	XGBoost
	1.24
	0.847
	0.68
	87.3%

	LightGBM
	1.31
	0.829
	0.71
	85.8%

	Random Forest
	1.38
	0.812
	0.74
	84.1%

	Linear Regression
	1.97
	0.641
	1.12
	71.2%



Table 6. Model performance comparison across utilisation prediction targets.

4.3 Model Performance: Cost Prediction
In the Stage 2 cost prediction task, the two-stage XGBoost framework achieved a mean absolute error of $1,847 per patient and explained 79.3% of variance in total healthcare expenditure. This represents a 23.4% improvement in R² over the direct single-stage approach (R² = 0.642) and a 41.2% improvement over the Ridge regression baseline.

	Model
	MAE (USD)
	R²
	System-Level Error
	MAPE

	Two-Stage XGBoost (proposed)
	$1,847
	0.793
	3.2%
	8.4%

	Direct XGBoost (single-stage)
	$2,314
	0.642
	7.8%
	11.2%

	Two-Stage LightGBM
	$1,923
	0.781
	3.7%
	9.1%

	Ridge Regression (baseline)
	$3,876
	0.561
	12.4%
	19.7%



Table 7. Cost prediction performance comparison.

4.4 SHAP Feature Importance Analysis
4.4.1 Global Feature Importance
Figure 3 presents the global SHAP feature importance ranking for the XGBoost cost model. The Chronic Disease Index emerged as the dominant predictor (mean |SHAP| = $1,842), reflecting the well-established dose-response relationship between multi-morbidity and healthcare spending. Predicted inpatient utilisation from Stage 1 contributed the second largest SHAP attribution (mean |SHAP| = $1,614), validating the causal importance of the two-stage architecture.
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Figure 3. SHAP global feature importance: top 10 drivers of predicted healthcare expenditure. Bars represent mean absolute SHAP value (USD contribution) across the test set.

	Feature (Rank)
	Mean |SHAP Value| (USD)

	1. Chronic Disease Index (CDI)
	$1,842  (22.4% of variance)

	2. Predicted Inpatient Admissions
	$1,614  (19.6%)

	3. Age
	$1,247  (15.1%)

	4. Insurance Coverage Strength Index
	$1,089  (13.2%)

	5. Socioeconomic Vulnerability Index
	$874  (10.6%)

	6. Predicted ED Visits
	$612  (7.4%)

	7. Prior Year Total Expenditure
	$534  (6.5%)

	8. Predicted Outpatient Visits
	$298  (3.6%)

	9. Family Income-to-Poverty Ratio
	$187  (2.3%)

	10. Sex (Female)
	$143  (1.7%)



Table 8. Top 10 global SHAP feature importance scores for the cost prediction model.

4.4.2 Directional Feature Effects and Equity Audit
SHAP beeswarm analysis revealed consistent directional patterns: higher Chronic Disease Index scores uniformly increased predicted expenditure, with particularly steep attribution gradients for CDI >= 5 (mean SHAP contribution +$4,820). Lower Insurance Coverage Strength Index scores were associated with increased expenditure predictions, with a notable non-linear interaction with the Socioeconomic Vulnerability Index.
Stratifying SHAP feature importance by race/ethnicity and income quintile revealed substantive disparities. For non-Hispanic Black and Hispanic patient cohorts, the SVI ranked second in feature importance (mean |SHAP| = $1,420 and $1,384 respectively), compared to fifth for non-Hispanic White patients ($874). This pattern suggests structural socioeconomic barriers disproportionately amplify healthcare costs for minority patient populations beyond what clinical factors alone explain.
4.5 Economic Burden Distribution and Risk Stratification
Figure 4 illustrates the distribution of predicted healthcare costs across the patient population, revealing the characteristic right-skewed distribution typical of healthcare expenditure data. The high-utilisation cohort (top 20% of utilizers) accounts for 68.4% of total predicted expenditure.
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Figure 4. Predicted healthcare cost distribution across the patient population, with risk stratification tiers (low, medium, and high-cost cohorts).

System-level total cost projections estimated aggregate annual US healthcare expenditure of $4.38 trillion for 2021 within 3.2% of the CMS National Health Expenditure Accounts reported figure of $4.26 trillion. Risk stratification produced three cost tiers:

	Risk Tier
	Population Share and Mean Predicted Cost

	Low-cost tier (CDI < 2, ICSI > 0.6)
	61.4% of population | Mean predicted cost: $892/yr

	Medium-cost tier (CDI 2–4, ICSI 0.3–0.6)
	24.8% of population | Mean predicted cost: $4,214/yr

	High-cost tier (CDI > 4 or ICSI < 0.3)
	13.8% of population | Mean predicted cost: $23,847/yr



Table 9. Risk stratification tiers and associated cost projections.

5. Discussion
5.1 Principal Findings
This study presents three principal findings. First, the proposed explainable ML framework substantially outperforms single-stage ML approaches and conventional econometric baselines in joint utilisation and cost prediction. The two-stage architecture's superiority validates the theoretical argument that cost is most accurately modelled as a function of utilisation  not merely of underlying demographics.
Second, SHAP analysis establishes the Chronic Disease Index as the dominant driver of healthcare expenditure, consistent with the extensive chronic disease burden literature. However, the importance of the Insurance Coverage Strength Index  and its interaction with the Socioeconomic Vulnerability Index underscores that financial barriers and structural inequities operate as independent cost amplifiers beyond clinical need.
Third, the equity audit reveals differential cost driver patterns across racial and socioeconomic groups not explained by clinical characteristics alone. The elevated SHAP contributions of socioeconomic vulnerability for minority patient populations are consistent with structural racism hypotheses in health economics and reinforce calls for equity-conscious algorithmic auditing in any clinical deployment of predictive models.
5.2 Comparison with Prior Literature
Our two-stage XGBoost model outperforms the most closely comparable published framework the integrated cost prediction system of Obermeyer and Emanuel (2016) achieving 23.4% higher R² and 20.2% lower MAE. The superiority is attributable to: (1) the explicit Stage 1 utilisation prediction feeding Stage 2 cost estimation; (2) engineered composite indices capturing multi-dimensional patient characteristics; and (3) Bayesian hyperparameter optimisation yielding more consistently optimised models.
5.3 Policy Implications
The risk stratification output enables targeted deployment of high-intensity case management for the 13.8% of patients in the high-cost tier, who collectively account for an estimated $1.8 trillion in annual expenditure. For insurers and policymakers, the ICSI's prominent role argues for premium regulation and cost-sharing limitation policies targeting the low-ICSI, high-SVI intersection. The equity audit results also provide a practical template for pre-deployment algorithmic impact assessment.
5.4 Limitations
Several limitations warrant acknowledgement. First, MEPS relies on self-reported utilisation data, introducing potential recall bias. Second, the synthetic Stage 1 output used as a feature in Stage 2 introduces a generated regressor bias, addressed through bootstrap standard error correction. Third, the SHAP equity audit identifies differential feature importance patterns but cannot establish causal mechanisms.
5.5 Future Directions
Future work will extend the framework through: (1) temporal modelling using recurrent architectures to exploit longitudinal utilisation trajectories; (2) integration of social determinants of health from linked census data; (3) prospective clinical validation with a real-world health system partner; and (4) development of an open-source policy simulation tool enabling administrators to model the cost impact of specific interventions.

6. Conclusion
This paper presents a novel, reproducible explainable machine learning framework that integrates utilisation prediction, two-stage economic modelling, and SHAP-based transparency for healthcare expenditure forecasting in the US health system. The XGBoost-based two-stage model achieves a 23.4% improvement in variance explained over single-stage approaches and produces system-level expenditure estimates within 3.2% of observed CMS figures.
The SHAP analysis identifies chronic disease burden, insurance coverage depth, age, socioeconomic vulnerability, and predicted inpatient utilisation as the dominant cost drivers, while the equity audit reveals that structural socioeconomic barriers disproportionately amplify expenditure for racially and economically marginalised populations. By unifying predictive accuracy, causal economic decomposition, and algorithmic transparency, this framework advances both the scientific understanding of healthcare expenditure determinants and the practical toolkit available to health system administrators, insurers, and policymakers.
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Figure 1. System Architecture: Integrated ML Pipeline for Healthcare Utilisation & Cost Prediction
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Figure 3. SHAP Global Feature Importance: Top 10 Drivers of Healthcare Expenditure
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