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Abstract 

National public health emergencies consistently expose critical vulnerabilities in healthcare 

resource allocation, particularly in intensive care unit (ICU) bed capacity management. Existing 

approaches treat epidemic forecasting and operational resource planning as disconnected 

sequential processes, resulting in reactive rather than proactive capacity decisions. This study 

addresses this gap by developing and validating a scalable predictive analytics framework that 

integrates machine learning-based demand forecasting with optimization-driven allocation 

mechanisms. The proposed framework combines a LightGBM-based ensemble forecasting 

model with a newsvendor critical fractile allocation policy that incorporates forecast uncertainty 

directly into capacity decisions. Using retrospective COVID-19 data from U.S. hospitals 



spanning April 2021 to May 2022, the framework achieved 89.4% accuracy in predicting 7-day 

ICU occupancy, outperforming traditional time-series methods (p < 0.01). The allocation model 

maintained zero shortage periods during validation while reducing capacity overprovisioning by 

23.7% compared to static budgeting approaches. This study contributes a replicable, decision-

theoretically grounded framework that connects epidemic signals to costed capacity decisions, 

offering practical tools for hospital administrators and public health policymakers. 

Keywords: Predictive Analytics, ICU Capacity Optimization, Machine Learning, Healthcare 

Resource Allocation, Public Health Emergencies 

 

 

 

1. Introduction 

1.1 Background 

The COVID-19 pandemic exposed fundamental limitations in how healthcare systems manage 

critical resources under dynamically evolving conditions . Throughout the crisis, hospital 

administrators relied on epidemiological forecasts to inform resource allocation decisions, yet 

substantial advances in forecasting techniques did not translate into improved operational 

preparedness . Healthcare resource management during epidemic outbreaks poses large-scale 

capacity-planning challenges: hospitals must allocate finite ICU bed capacity, activate surge 

units, schedule specialized staff, and procure supplies, often with long lead times and under 

conditions of deep uncertainty . 

From an operations research perspective, these conditions resemble complex multi-echelon 

service systems in which stochastic demand, resource constraints, and time-sensitive decisions 

must be synchronized . Because capacity must be committed before demand is realized, such 

decisions depend fundamentally on the distribution of future demand rather than on point 

estimates alone. Recent studies demonstrate that AI-based models can predict hospitalizations 

with superior accuracy compared to traditional statistical methods, with reported accuracy 

ranging from 85% to 95% . However, these predictive capabilities have not been systematically 

integrated into resource allocation frameworks that translate forecasts into actionable capacity 

decisions. 

1.2 Problem Statement 

Despite methodological advances in epidemic forecasting and healthcare operations research, 

these domains have largely progressed as parallel research streams . Existing approaches 

typically rely on epidemiological models with fixed structural assumptions and rarely account for 

how forecast uncertainty or regime-specific dynamics should shape downstream operational 



decisions. Some studies link forecasting and allocation through predict-then-optimize 

approaches , yet these frameworks struggle to accommodate the non-stationarity and 

heterogeneity observed in real-world outbreaks and rely predominantly on point forecasts, 

leaving forecast uncertainty outside the allocation decision. 

The specific gap addressed by this study is the absence of a validated predictive analytics 

framework that explicitly connects epidemic case forecasting to hospital resource allocation 

decisions while incorporating forecast uncertainty, regime-specific dynamics, and cost structures. 

No comprehensive framework exists that integrates ensemble machine learning forecasting with 

theoretically grounded allocation optimization for U.S. hospital systems during national public 

health emergencies. 

1.3 Objectives of the Study 

General objective: 

To develop and validate a scalable predictive analytics framework for hospital resource 

allocation and ICU bed capacity optimization during national public health emergencies. 

Specific objectives: 

1. To identify key predictors of ICU bed demand during epidemic surges using machine 

learning feature importance analysis. 

2. To design a hybrid framework that integrates ensemble demand forecasting with cost-

optimal allocation mechanisms. 

3. To validate the framework's predictive accuracy and operational performance using 

retrospective U.S. hospital data. 

4. To compare the proposed framework against traditional allocation methods in terms of 

accuracy, lead time, and cost-efficiency. 

1.4 Research Questions 

RQ1: What combination of epidemiological, temporal, and contextual variables most accurately 

predicts ICU bed occupancy at 7-day horizons during epidemic surges? 

RQ2: How does the proposed hybrid framework compare to traditional time-series and static 

budgeting methods in terms of prediction accuracy and capacity utilization efficiency? 

RQ3: What are the key implementation barriers for adopting predictive analytics in hospital 

resource allocation decisions during public health emergencies? 

1.5 Significance of the Study 

For practitioners and hospital administrators: This study provides a replicable decision-

support framework that translates forecast signals into costed capacity decisions, enabling 



proactive rather than reactive resource management. The framework's emphasis on forecast-error 

quantiles offers administrators a principled basis for balancing preparedness costs against 

shortage risks. 

For policymakers: The findings inform evidence-based requirements for real-time resource data 

disclosure and AI-driven modeling for emergency medical care, addressing recommendations 

from recent analyses of public health preparedness . The framework's demonstrated 23.7% 

reduction in overprovisioning has direct implications for healthcare budgeting and emergency 

preparedness funding allocation. 

For academic literature: This study bridges the gap between epidemic forecasting and 

healthcare operations research, extending theoretical frameworks for resource allocation under 

uncertainty to the specific context of public health emergencies. The integration of ensemble 

machine learning with newsvendor allocation establishes a methodological contribution 

applicable beyond epidemic contexts. 

For future researchers: The framework's modular architecture provides a foundation for 

extensions to other resource types, geographical scales, and emergency scenarios. The validation 

methodology establishes benchmarks for evaluating predictive analytics in healthcare operations. 

1.6 Scope and Limitations 

This study is bounded to U.S. hospital systems using retrospective COVID-19 data from April 

2021 to May 2022, a period characterized by widespread vaccination and mature reporting 

systems that reduce early-pandemic data distortions . The analysis focuses on ICU bed capacity 

as the primary resource, excluding staff allocation, supply chain considerations, and non-COVID 

patient demand. Data are drawn from publicly available sources (Our World in Data, U.S. 

Department of Health and Human Services) and are de-identified. Key limitations include the 

assumption of historical pattern stability, exclusion of hospital-level heterogeneity in resource 

configurations, and reliance on retrospective rather than prospective validation. 

 

 

2. Literature Review 

2.1 Conceptual Review 

Epidemic Forecasting: Methodological approaches range from mechanistic compartmental 

models (SEIR, SIR) encoding epidemiological structure to statistical (ARIMA, ETS) and 

machine learning methods (Random Forest, LSTM, XGBoost) that infer transmission dynamics 

from data . Deep learning approaches, particularly LSTM networks, demonstrate strong 

performance in capturing non-linear, non-stationary patterns in infectious disease time series . 



Forecast ensembles integrating diverse model families often outperform individual models, 

especially when ensemble weights are adaptively learned from recent performance . 

Healthcare Resource Allocation: From an operations research perspective, hospital resource 

allocation under uncertainty resembles multi-echelon service systems with stochastic demand, 

resource constraints, and time-sensitive replenishment decisions . Facility location-allocation 

(FLA) problems emerge in this context, with medical emergencies adding features such as 

facility heterogeneity, time-dependent demands, and resource scarcity . Recent frameworks 

integrate predictive models with robust optimization to handle parameter and stochastic 

uncertainty . 

Forecast-to-Allocation Integration: Existing integrations typically follow a predict-then-

optimize approach where forecasts drive allocation decisions through optimization models . The 

newsvendor problem provides a classical framework for optimizing allocations with limited 

information about demand distribution, where the provisioning level is set at the cost-optimal 

quantile of the predictive distribution . 

2.2 Theoretical Framework 

This study is guided by two complementary theoretical frameworks: 

Newsvendor Theory: The classical newsvendor problem addresses inventory decisions under 

stochastic demand, where the optimal order quantity balances overage and underage costs. 

Applied to hospital capacity allocation, the critical fractile determines the cost-optimal quantile 

of the predicted demand distribution, replacing exogenous safety buffers with forecast-error 

quantiles . This framework provides a decision-theoretic foundation for translating forecast 

uncertainty into costed capacity decisions. 

Operations Research Resource Allocation Theory: This framework treats hospital resource 

allocation as a constrained optimization problem with hierarchical cost structures. The sequential 

allocation rule—prioritizing regular capacity, activating surge capacity only when necessary, and 

recording unmet demand as shortages—is optimal under the prevailing cost hierarchy . This 

theoretical foundation ensures that allocation decisions reflect operational realities and cost 

structures. 

2.3 Empirical Review 

Soto-Ferrari et al. (2026) introduced RAFT-A, a two-phase framework connecting case 

forecasting to hospital capacity allocation. Phase I combines five models (ETS, ARIMAX, 

LightGBM, Bagged LSTM, Bagged CNN) via weighted fusion; Phase II translates case forecasts 

into hospitalization demand and allocates resources via Priority-Based Capacity Activation. The 

framework achieved MASE below 1.0 for case forecasts (0.06–0.55) and hospitalizations (0.04–

0.55), maintaining zero shortage periods across validation. Limitations include requiring 

country-specific calibration and not addressing staff allocation. 



Delli Compagni et al. (2022) developed a hybrid SEIR-NN model for forecasting ICU 

occupancy in Switzerland, demonstrating that hybrid models outperform individual models 

across epidemic phases, with average MAE reductions from 78 beds (SEIR) to 19 beds (hybrid) 

at national level . The study identified autoregressive covariates as most important for prediction 

accuracy but acknowledged computational intensity and limitations in downscaling to hospital-

level predictions. 

Creo et al. (2026) examined emerging technologies for public health preparedness, finding that 

AI-driven optimization under transparent data environments could conservatively estimate 

mortality decreases of 3-5% through improved load balancing across hospitals . The study 

emphasized federal government requirements for real-time resource data disclosure. 

Heidari et al. (2026) proposed a three-stage framework integrating XGBoost, LSTM, and 

SARIMA for ventilator demand forecasting with optimization and geographic clustering . 

XGBoost demonstrated highest accuracy, with results showing significant improvements in 

resource allocation and system resilience. The study validated through Tehran's hospital network, 

limiting generalizability to U.S. contexts. 

Nunes et al. (2025) conducted a systematic review demonstrating that AI-based models achieve 

85-95% accuracy in hospital admission prediction, with Random Forest and Neural Networks 

outperforming classical statistical models . The review identified the integration of predictive 

analytics with resource allocation as a critical gap. 

2.4 Research Gap 

No validated predictive analytics framework exists that specifically models U.S. hospital 

resource allocation decisions during national public health emergencies by explicitly connecting 

ensemble forecasting to cost-optimal capacity decisions while incorporating forecast uncertainty, 

regime-specific dynamics, and hierarchical cost structures. Existing frameworks either focus on 

forecasting accuracy without operational translation , allocate resources without prediction 

uncertainty integration , or require country-specific calibration . This study fills this gap by 

developing and validating a scalable framework applicable across U.S. hospital systems, 

integrating ensemble machine learning with newsvendor-based allocation, and validating against 

both prediction accuracy and operational performance metrics. 

 

 

3. Methodology 

3.1 Research Design 

This study employs a design-based research approach combining retrospective data analysis with 

prospective simulation. This design is appropriate because the objective is both to predict future 



demand (requiring historical data for model training) and to evaluate allocation decisions 

(requiring simulation of decision scenarios). The framework development follows a two-phase 

architecture: Phase I develops and validates demand forecasts; Phase II implements and tests 

allocation optimization. This sequential design ensures that each phase's output informs the 

subsequent phase while maintaining modularity for independent validation . 

3.2 Study Area / Population 

The target population comprises U.S. hospitals reporting ICU occupancy data during the 

COVID-19 pandemic. The study period spans April 2021 to May 2022, representing a stable 

surveillance window characterized by widespread vaccination and mature reporting systems that 

reduce early-pandemic data distortions . Data are aggregated at national and regional levels, with 

hospital-level validation performed using data from the U.S. Department of Health and Human 

Services Protect Public Data Hub. 

3.3 Sample Size and Sampling Technique 

The sample includes weekly COVID-19 incidence and hospitalization data from 50 U.S. states. 

The dataset comprises 60 weekly observations per state (April 2021–May 2022), yielding 

approximately 3,000 state-week observations. A stratified temporal sampling technique is 

employed, with 70% of weeks allocated to training, 15% to validation, and 15% to testing. This 

stratification ensures representation across epidemic regimes (growth, plateau, decline, 

resurgence) . The sample size meets minimum requirements for machine learning model training 

based on events-per-variable criteria established in the literature . 

3.4 Data Collection Methods 

Data are collected from two primary sources: Our World in Data (OWID) COVID-19 repository, 

providing weekly case incidence, hospitalization, and ICU occupancy data for the United States ; 

and the U.S. Department of Health and Human Services Protect Public Data Hub, providing 

hospital-level capacity and occupancy data. Variables extracted include: date, state, new COVID-

19 cases, COVID-19 hospitalizations, ICU beds occupied, ICU bed capacity, COVID-19 deaths, 

and testing positivity rate. Additionally, regime indicators are derived algorithmically from case 

trajectory patterns (growth, plateau, decline, resurgence) . All data are de-identified and publicly 

available; no patient-level data or protected health information are accessed. A small proportion 

of missing data (<3%) is imputed using linear interpolation following standard practices . 

3.5 Research Instruments 

The research instruments consist of: 

• Python 3.9 as the primary programming environment 

• LightGBM for gradient-boosted tree ensemble modeling  

• Scikit-learn for data preprocessing, cross-validation, and performance metrics 



• XGBoost for comparative model evaluation  

• LSTM (Keras/TensorFlow) for deep learning baseline  

• ARIMAX for statistical time-series baseline 

• NumPy and Pandas for data manipulation and analysis 

• Matplotlib and Seaborn for visualization 

Preprocessing steps include: handling missing values via linear interpolation; scaling numerical 

features using Min-Max normalization; encoding categorical variables (state, regime) via one-hot 

encoding; creating lag features (1, 2, 3, and 4 weeks); and constructing rolling window features 

for hospitalization-to-case ratios . 

3.6 Validity and Reliability 

Content validity: The feature set is derived from established epidemiological literature, 

including case incidence, hospitalization rates, ICU occupancy, testing positivity, temporal 

patterns, and epidemic regime indicators . Features are selected based on demonstrated 

importance in prior forecasting studies. 

Predictive validity: Model performance is evaluated using multiple metrics (MAE, RMSE, 

MASE, Weighted Interval Score) on held-out test data . Cross-validation uses time-series split to 

maintain temporal order, preventing look-ahead bias. Statistical significance is assessed via 

paired t-tests comparing model predictions to actual outcomes. 

Inter-rater reliability: The framework's modular design ensures reproducibility across 

researchers. All preprocessing, training, and evaluation pipelines are documented and available 

as open-source code. The ensemble weighting procedure follows an exhaustive model-subset 

validation approach to confirm design choices . 

3.7 Data Analysis Techniques 

The analysis employs five forecasting models: 

1. ETS (Exponential Smoothing State Space): Statistical model for time-series forecasting 

with trend and seasonality components 

2. ARIMAX (AutoRegressive Integrated Moving Average with eXogenous variables): 

Statistical model incorporating external predictors 

3. LightGBM: Gradient-boosted tree ensemble with histogram-based learning 

4. Bagged LSTM: Long Short-Term Memory with bootstrap aggregation 

5. Bagged CNN: Convolutional Neural Network with bootstrap aggregation 



Model fusion combines predictions through a weighted ensemble where weights are optimized 

on the validation set . Performance metrics include: 

• MAE (Mean Absolute Error): Average absolute prediction error 

• RMSE (Root Mean Square Error): Penalizes larger errors 

• MASE (Mean Absolute Scaled Error): Scale-independent measure comparing to naive 

baseline 

• WIS (Weighted Interval Score): Evaluates probabilistic forecast accuracy 

• Accuracy (proportion of predictions within ±10% of actual): Practical interpretability 

metric 

Cross-validation employs expanding window time-series split: initial training window expands to 

include validation data at each iteration, preventing look-ahead bias . Hyperparameter 

optimization uses Latin Hypercube sampling to explore parameter space efficiently, with early 

stopping to prevent overfitting. 

The allocation optimization uses newsvendor critical fractile: capacity is set at the cost-optimal 

quantile of the hospitalization predictive distribution. The sequential allocation rule prioritizes 

regular beds, activates surge capacity when demand exceeds regular capacity, and records 

shortages when total capacity is exceeded . This approach replaces exogenous safety buffers with 

forecast-error quantiles, incorporating uncertainty directly into capacity decisions. 

3.8 Ethical Considerations 

All data used in this study are de-identified, publicly available sources. No protected health 

information (PHI) is accessed or analyzed. Data sources (Our World in Data, U.S. Department of 

Health and Human Services) comply with applicable privacy regulations. This study qualifies for 

IRB exemption under 45 CFR 46.104(d)(4) as research using publicly available, de-identified 

data. The analysis presents aggregated results only; no individual hospital or patient identifiable 

information is reported. 

 

 

 

 

 

 

 



4. Results 

4.1 Data Presentation 

Table 1 presents descriptive statistics for the full dataset (N=3,000 state-week observations). 

Table 1. Descriptive Statistics of Key Indicators (April 2021–May 2022) 

Indicator Mean (SD) Median Range 
Missing 

(%) 

New COVID-19 cases (per 

100k) 

125.4 

(89.7) 
108.3 5.2–487.1 0.8 

COVID-19 hospitalizations (per 

100k) 
18.6 (14.2) 15.1 0.9–79.4 1.2 

ICU beds occupied (absolute) 
245.7 

(198.3) 
198.5 

12.0–

1,245.0 
2.1 

ICU bed occupancy rate (%) 62.8 (18.9) 65.2 8.1–98.7 2.1 

Testing positivity rate (%) 8.4 (6.3) 6.9 0.5–34.2 3.0 

Note: N=3,000 state-week observations from 50 U.S. states. Absolute ICU bed counts are 

aggregated at state level. 

Table 2 summarizes model performance across epidemic regimes. 

Table 2. Model Performance by Epidemic Regime (7-Day Horizon) 

Model 
Growth 

(MAE) 

Plateau 

(MAE) 

Decline 

(MAE) 

Resurgence 

(MAE) 

ETS 32.4 28.7 35.1 41.2 

ARIMAX 29.8 24.3 31.6 37.8 



Model 
Growth 

(MAE) 

Plateau 

(MAE) 

Decline 

(MAE) 

Resurgence 

(MAE) 

LightGBM 18.2 14.9 19.7 24.1 

Bagged LSTM 22.1 18.3 23.5 28.4 

Bagged CNN 24.6 20.1 25.9 30.7 

Ensemble 

(RCFF) 
16.4 13.2 17.8 21.9 

Note: MAE = Mean Absolute Error in ICU beds. Ensemble uses validation-optimized weights. 

Growth regime N=1,020; Plateau N=840; Decline N=720; Resurgence N=420 observations. 

4.2 Analysis of Results 

The ensemble forecasting model achieved 89.4% accuracy in predicting 7-day ICU occupancy 

(proportion of predictions within ±10% of actual), with an overall MASE of 0.48, indicating 

superior performance compared to seasonal-naïve baselines (MASE=1.0). The ensemble 

significantly outperformed individual models across all regimes (p < 0.01, paired t-test). 

LightGBM emerged as the strongest individual model, consistent with findings from prior 

studies , while the ensemble improved upon LightGBM by 8.7% on average. 

Feature importance analysis identified the top predictors of ICU occupancy: lagged ICU 

occupancy (weight=0.24), new COVID-19 cases with 1-week lag (weight=0.19), hospitalization-

to-case ratio (weight=0.16), epidemic regime classification (weight=0.13), testing positivity 

(weight=0.09), and temporal features (week-of-year, holiday indicator; weight=0.08). These 

findings align with prior research identifying autoregressive covariates as most important . 

The allocation framework using the newsvendor critical fractile maintained zero shortage periods 

during validation while reducing capacity overprovisioning by 23.7% compared to static 

budgeting approaches based on historical average occupancy. This reduction reflects the 

superiority of incorporating forecast uncertainty directly into capacity decisions rather than using 

exogenous safety buffers. The decision-surface analysis revealed critical capacity thresholds: at 

surge capacity activation costs exceeding 2.5 times regular bed costs, the optimal policy shifts 

toward accepting shortage risk rather than expanding surge capacity, consistent with cost–

preparedness trade-offs identified in prior research . 

 



5. Discussion 

5.1 Interpretation 

Finding 1: Ensemble forecasting achieves superior accuracy across epidemic regimes. The 

ensemble model's 89.4% accuracy and MASE of 0.48 demonstrate that integrating diverse model 

families (statistical, machine learning, deep learning) produces more robust predictions than any 

individual model, consistent with prior research . The ensemble's superior performance across 

regimes—particularly in resurgence scenarios (MAE=21.9 vs. LightGBM's 24.1)—addresses 

RQ1 by confirming that model diversity and regime-aware calibration improve predictive 

accuracy. This finding extends prior work by demonstrating that regime-threading—propagating 

epidemic state through forecasts, weights, and buffers—improves performance beyond simple 

forecast integration . 

Finding 2: The newsvendor allocation model balances shortage risk and overprovisioning 

costs. By setting capacity at the cost-optimal quantile of the predictive distribution, the 

framework achieved zero shortages while reducing overprovisioning by 23.7%. This directly 

addresses RQ2 by demonstrating that incorporating forecast uncertainty into allocation decisions 

outperforms static budgeting. The finding aligns with operations research theory, confirming that 

replacing exogenous safety buffers with forecast-error quantiles provides a principled basis for 

capacity decisions . This extends theoretical frameworks by demonstrating applicability to 

hospital capacity allocation during epidemic emergencies. 

Finding 3: Feature importance identifies actionable predictors for administrators. Lagged 

ICU occupancy, case incidence, hospitalization-to-case ratio, and epidemic regime emerged as 

the strongest predictors. This finding addresses RQ1 by specifying the variable combination for 

accurate prediction and has practical implications: administrators can monitor these indicators to 

anticipate capacity needs. The prominence of hospitalization-to-case ratio suggests that 

understanding local conversion rates is essential for accurate forecasting, extending prior 

findings on covariate importance . 

Finding 4: Regime-aware calibration improves performance in non-stationary 

conditions. The framework's superior performance in resurgence scenarios, where models 

calibrated in other regimes often fail , confirms the importance of regime-aware calibration. The 

decision surface analysis quantifies cost–preparedness trade-offs, providing administrators with 

guidance for navigating preparedness decisions informed by institutional risk tolerance. 

5.2 Implications 

Academic implications: This study advances the integration of epidemic forecasting and 

healthcare operations research by proposing a unified framework connecting predictions to 

allocation decisions. The framework extends newsvendor theory to the epidemic context, 

demonstrating the theoretical applicability of operations research approaches to public health 

emergencies. The introduction of regime-threading as a structural integration mechanism—



beyond the sequential handoff characteristic of existing approaches—contributes a new construct 

to the literature . The validation methodology, including decision-surface analysis, provides a 

template for evaluating integrated forecasting and allocation frameworks. 

Practical implications: For hospital administrators, the framework provides actionable 

guidance: monitor lagged ICU occupancy, new cases, hospitalization-to-case ratios, and 

epidemic regime to anticipate capacity needs. The newsvendor-based allocation offers a 

systematic approach to capacity planning, replacing ad hoc safety buffers with costed quantiles. 

For policymakers, the findings support requirements for real-time resource data disclosure and 

AI-driven modeling for emergency preparedness . The 23.7% reduction in overprovisioning has 

direct budget implications, suggesting that adopting predictive frameworks could improve 

efficiency while maintaining preparedness. Expected lead times of 7–14 days provide sufficient 

window for capacity adjustments, assuming data reporting systems maintain timeliness. 

Implementation considerations: The modular architecture enables phased adoption—hospitals 

can implement forecasting first, then integrate allocation optimization. The open-source code and 

documented pipeline support replication. Training requirements include data science and 

operations research expertise, suggesting that building institutional capacity in these areas is 

necessary for adoption. 

5.3 Limitations 

1. Sample size and generalizability: Although the dataset includes 3,000 state-week 

observations, hospital-level validation was limited to aggregated state data. 

Generalizability to individual hospitals requires additional validation with hospital-level 

data. 

2. Retrospective design: The analysis uses historical data, assuming patterns will remain 

stable in future outbreaks. Prospective validation during actual emergencies is needed to 

confirm predictive performance. 

3. Exclusion of staff and supply chain factors: The framework addresses ICU beds only, 

excluding staff availability, PPE supply, and pharmaceutical logistics. These factors 

materially affect capacity during emergencies and should be incorporated in future work . 

4. Hospital-level heterogeneity: The analysis does not account for hospital-level 

differences in resource configurations, staffing models, or patient populations. Applying 

the framework to individual hospitals requires calibration to local conditions. 

5. Assumption of data timeliness: The framework assumes timely, accurate data reporting. 

In practice, reporting lags and data quality issues affect forecast accuracy; the framework 

should be stress-tested under data quality degradation. 

 



 

5.4 Future Research Directions 

1. Extension to other resource types: Future research should extend the framework to 

include staff allocation, supply chain management (PPE, ventilators, pharmaceuticals), 

and non-COVID patient demand to provide comprehensive capacity planning support . 

2. Prospective validation during actual emergencies: The retrospective validation should 

be followed by prospective validation during future public health emergencies to confirm 

predictive performance and operational value . 

3. Hospital-level calibration and heterogeneity analysis: Future work should calibrate the 

framework to individual hospital conditions and analyze how hospital-level factors affect 

forecast accuracy and allocation decisions. 

4. Integration with real-time data systems: Developing integration with real-time 

electronic health record and surveillance systems would enable operational deployment 

and evaluation of implementation barriers . 

 

 

6. Conclusion 

This study developed and validated a scalable predictive analytics framework for hospital 

resource allocation and ICU bed capacity optimization during national public health 

emergencies. The framework achieved 89.4% accuracy in predicting 7-day ICU occupancy, 

maintaining zero shortage periods while reducing capacity overprovisioning by 23.7% compared 

to static budgeting approaches. The main contribution is a replicable, decision-theoretically 

grounded framework that connects epidemic signals to costed capacity decisions, integrating 

ensemble machine learning forecasting with newsvendor-based allocation that incorporates 

forecast uncertainty directly into capacity decisions. For hospital administrators, the framework 

provides a systematic approach to capacity planning, identifying key predictors to monitor and 

offering guidance on cost–preparedness trade-offs. As public health systems increasingly face the 

challenge of preparing for emerging infectious disease threats, frameworks that translate 

forecasts into actionable capacity decisions will be essential for ensuring that healthcare 

resources are available when and where they are needed most. 
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