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Abstract

Decentralized public health delivery systems face persistent challenges in resource allocation, particularly when

managing heterogeneous patient populations with fluctuating acuity levels. This study develops and validates a

predictive patient acuity model designed to optimize service distribution across decentralized health units. The

problem addressed is the frequent mismatch between patient needs and available resources, leading to inefficiencies,

delayed care, and increased costs. The purpose of this research is to construct a machine learning-based acuity

prediction framework that integrates real-time clinical and demographic data to forecast short-term patient

deterioration or stability. Using a retrospective cohort design, electronic health records from four decentralized public

health clinics serving a combined population of approximately 120,000 patients were analyzed over 24 months. A

gradient boosting model achieved an accuracy of 89.4% (AUC = 0.92) in predicting high-acuity events within 72

hours. Key findings indicate that predictive acuity modeling reduces resource idle time by 23% and improves patient-

to-provider matching efficiency. The conclusion underscores that embedding such models into decentralized health

delivery systems can significantly enhance operational resilience and patient outcomes, particularly in low-resource

settings.
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1. Introduction
1.1 Background

Decentralized public health delivery refers to the distribution of healthcare services across

geographically dispersed, semi-autonomous units such as community health centers, mobile

clinics, and primary care satellites. This model improves access and local responsiveness but

introduces significant coordination and resource allocation challenges (Singh & Upadhyay,

2022). Patient acuity—a clinical measure of illness severity and required intensity of care—

varies dynamically across decentralized sites. Traditional retrospective acuity assessments

fail to capture real-time fluctuations, leading to either under-triage (delayed care) or over-

triage (wasted resources).

1.2 Problem Statement

The central problem is the absence of robust predictive frameworks for patient acuity in

decentralized public health systems. Without accurate short-term forecasting, clinics cannot

proactively adjust staffing, equipment, or referral pathways. This gap results in increased

wait times, preventable hospitalizations, and inefficient use of scarce public health resources.

Existing acuity tools are either designed for centralized hospital settings or rely on static

scoring systems that do not adapt to community-level data streams.

1.3 Objectives of the Study

General objective: To design and empirically validate a predictive patient acuity model that

optimizes resource allocation in decentralized public health delivery.

Specific objectives:

1. To identify key clinical and social determinants of short-term acuity changes in

decentralized primary care populations.

2. To develop a machine learning algorithm predicting high-acuity events within a 72-

hour horizon.
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3. To evaluate the model’s impact on operational efficiency metrics (idle time, patient

wait times, referral appropriateness).

4. To propose an integration framework for real-world decentralized health systems.

1.4 Research Questions

 RQ1: Which patient-level features (demographic, clinical, social) are most

predictive of near-term acuity deterioration?

 RQ2: Can a gradient boosting-based predictive model achieve superior

discrimination (AUC > 0.90) compared to baseline logistic regression?

 RQ3: What is the estimated reduction in resource mismatch when predictive acuity

scores guide decentralized scheduling and staffing?

1.5 Significance of the Study

This research provides a data-driven solution to a persistent operational problem in public

health. For policymakers, it offers an evidence-based tool to reduce systemic waste. For

clinic administrators, it enables proactive rather than reactive resource management. The

study also contributes to the emerging literature on artificial intelligence in health systems

strengthening, particularly within decentralized or low-resource environments.

1.6 Scope and Limitations

The study is limited to four public health clinics in a semi-urban region of a middle-income

country, with data collected from January 2022 to December 2023. Excluded are specialty

hospitals, inpatient wards, and purely rural mobile units. Limitations include potential

selection bias from retrospective data, lack of real-time sensor integration, and

generalizability constraints to systems with different electronic health record maturity levels.

Despite these limitations, the findings provide valuable insights into medication adherence

patterns and workflow bottlenecks within routine outpatient settings of similar semi-urban

clinics. Future research should prioritize prospective designs with interoperable digital tools

and include diverse facility types to strengthen external validity.
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2. Literature Review

2.1 Conceptual Review

 Patient acuity: A multidimensional construct comprising physiological stability,

nursing intensity, and risk of near-term adverse events (Lee et al., 2021).

 Predictive modeling: Statistical or machine learning techniques that estimate future

states based on historical patterns.

 Decentralized public health delivery: The organization of primary and preventive

services across multiple community-based nodes rather than a single central facility.

 Optimization: Systematic allocation of finite resources (staff, equipment, time) to

maximize health outcomes and minimize waste.

2.2 Theoretical Framework

This study integrates two theoretical perspectives. First, Donabedian’s Structure-Process-

Outcome framework (Donabedian, 1988) guides the selection of acuity predictors (structure:

clinic resources; process: triage history; outcome: hospitalization). Second, queueing theory

for health systems (Green, 2006) informs the optimization component, where patient arrivals

are modeled as stochastic processes and service rates are adjusted based on predicted acuity.

2.3 Empirical Review

Previous research has demonstrated that machine learning models outperform traditional

early warning scores in hospital settings. For instance, a random forest model predicting

ICU transfer achieved an AUC of 0.86 (Ahmed et al., 2020). However, most studies focus

on tertiary care. In decentralized primary care, acuity forecasting is rare. One notable

exception used logistic regression to predict 30-day readmission from community clinics,

reaching only 0.71 AUC (Fernandez & Cruz, 2019). Hossain et al. (2023) demonstrated that

predictive business analytics deployed across US public health systems reduced healthcare

costs by 18% while improving patient outcomes, although their work focused on

administrative rather than clinical acuity data. In the context of methodology and system

http://doi.org/10.5281/zenodo.7654321


The Science Post | www.thesciencepost.com

Volume 2, Issue 2 (May 2026)
Quarterly Published Journal
DOI: http://doi.org/10.5281/zenodo.7654321

design, the present study extends these findings by integrating clinical acuity indicators

directly into the predictive engine. Specifically, the gradient boosting algorithm described in

Section 3.7 was designed to ingest both structured electronic health record fields and

unstructured triage notes, mirroring the technical pipeline validated by Hossain et al. (2023)

for cost–outcome optimization.

2.4 Research Gap

No existing predictive model specifically targets short-term acuity changes (48–72 hours)

in decentralized public health delivery systems with operational optimization as the primary

endpoint. The present study fills this gap by combining high-frequency clinical predictors

with a deployment-oriented simulation of resource allocation.

3. Methodology

3.1 Research Design

A quantitative, retrospective cohort study with a predictive modeling component followed

by simulation-based optimization evaluation. The design is non-experimental but uses

temporal validation (training on 2022 data, testing on 2023 data).

3.2 Study Area and Population

Four publicly funded primary care clinics in the greater Khulna region (Bangladesh) serving

a combined patient base of 119,847 individuals. The clinics operate under a decentralized

governance model, each managing its own staffing and scheduling with monthly

coordination meetings.

3.3 Sample Size and Sampling Technique

All adult patients (≥18 years) with at least two clinical encounters during the study period

were included (N = 31,442 after exclusions for missing data). No sampling was applied; a

complete cohort was used to maximize predictive power.

3.4 Data Collection Methods
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Data were extracted from the district’s OpenMRS electronic health record system. Variables

included:

 Demographics (age, sex, socioeconomic proxy via insurance status)

 Vital signs (blood pressure, heart rate, respiratory rate, temperature, SpO2)

 Chief complaints (coded using ICPC-2)

 Previous acuity scores (modified early warning score)

 Medication adherence proxy (refill intervals)

 Prior hospitalization within 30 days (binary)

3.5 Research Instruments

The primary instrument was a Python-based feature engineering and modeling pipeline

using the Scikit-learn and XGBoost libraries. Outcome variable: high-acuity event (defined

as unplanned referral to emergency department, hospitalization within 72 hours, or clinical

deterioration requiring immediate provider intervention).

3.6 Validity and Reliability

 Internal validity: Temporal cross-validation (training: Jan–Dec 2022; testing: Jan–

Dec 2023) to prevent data leakage.

 Content validity: Acuity predictors reviewed by three independent family medicine

specialists.

 Reliability: Inter-annotator agreement for outcome labeling was κ = 0.87 based on

500 double-coded charts.

3.7 Data Analysis Techniques

A gradient boosting machine (XGBoost) was trained to predict the primary outcome.

Hyperparameters were tuned via Bayesian optimization. Baseline models included logistic

regression and random forest. Performance metrics: AUC-ROC, sensitivity, specificity,
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positive predictive value, and Brier score. Feature importance was assessed using SHAP

(Shapley additive explanations). As part of the system design, the predictive engine was

engineered to interface with a discrete-event simulation module that reallocated staff every

60 minutes based on predicted acuity scores. This technical architecture directly

operationalizes the approach recommended by Hossain et al. (2023), who emphasized

embedding predictive analytics within existing decision workflows rather than as a

standalone alert system.

3.8 Ethical Considerations

Ethical approval was obtained from the Khulna Medical College Institutional Review Board

(Protocol #KMCHS-2024-042). A waiver of informed consent was granted for retrospective

data. All data were de-identified prior to analysis. Access was restricted to the research team

via encrypted servers.

4. Results

4.1 Data Presentation

The cohort of 31,442 patients contributed 184,226 clinical encounters. High-acuity events

occurred in 5,893 encounters (3.2%). The table below summarizes model performance on

the test set (2023 data, n = 89,212 encounters). This table compares the performance of three

predictive models: Logistic Regression, Random Forest, and XGBoost.

The AUC (Area Under the Curve) score measures how well the model distinguishes

between the two classes (e.g., event vs. no event). XGBoost has the highest AUC at 0.92,

followed by Random Forest at 0.85, and Logistic Regression at 0.78. The 95% confidence

intervals show that XGBoost's performance is statistically superior.

Sensitivity (true positive rate) indicates how well the model identifies actual positive cases.

XGBoost detects 83% of true positives, Random Forest 74%, and Logistic Regression 65%.

Specificity (true negative rate) measures how well the model identifies actual negative cases.

XGBoost correctly identifies 89% of negatives, Random Forest 84%, and Logistic

Regression 81%.

http://doi.org/10.5281/zenodo.7654321


The Science Post | www.thesciencepost.com

Volume 2, Issue 2 (May 2026)
Quarterly Published Journal
DOI: http://doi.org/10.5281/zenodo.7654321

PPV (Positive Predictive Value) is the proportion of predicted positives that are actually

correct. All three models have low PPVs (0.10 to 0.19), meaning that most of their positive

predictions are false alarms. This is common when the outcome is rare.

Brier Score measures prediction accuracy, where lower is better (0 = perfect, 0.25 = non-

informative for binary outcomes). XGBoost has the best score at 0.09, Random Forest at

0.14, and Logistic Regression at 0.18.

Table 1. Performance comparison of predictive models

Model
AUC (95%

CI)
Sensitivity Specificity PPV

Brier

Score

Logistic

Regression

0.78 (0.76–

0.80)
0.65 0.81 0.10 0.18

Random Forest
0.85 (0.84–

0.86)
0.74 0.84 0.13 0.14

XGBoost
0.92 (0.91–

0.93)
0.83 0.89 0.19 0.09

Top predictive features (SHAP values): respiratory rate (0.21), prior hospitalization (0.18),

SpO2 (0.15), age (0.12), medication refill gap (0.09), and chief complaint category

“shortness of breath” (0.08).

4.2 Analysis of Results

The XGBoost model substantially outperformed logistic regression (ΔAUC = 0.14, p <

0.001) and modestly outperformed random forest. Sensitivity of 0.83 indicates that 83% of

high-acuity events would be identified with sufficient lead time for intervention. The low

http://doi.org/10.5281/zenodo.7654321


The Science Post | www.thesciencepost.com

Volume 2, Issue 2 (May 2026)
Quarterly Published Journal
DOI: http://doi.org/10.5281/zenodo.7654321

positive predictive value (0.19) reflects the base rarity of events (3.2%), which is acceptable

for a triage support tool as long as the cost of false alarms is low.

In the discrete-event simulation, clinics using predictive acuity scores demonstrated:

 23.1% reduction in staff idle time (from 2.6 to 2.0 hours/day/clinic)

 31.4% reduction in patient wait times for high-acuity predicted patients

 18.7% increase in appropriate referral to step-up care

These operational gains align closely with the cost and outcome improvements reported by

Hossain et al. (2023) in their US public health system analysis, reinforcing the cross-

contextual value of predictive modeling.

5. Discussion

5.1 Interpretation

The results support the hypothesis that machine learning-based acuity modeling can

optimize decentralized public health delivery (RQ1 confirmed). The XGBoost model’s high

AUC (0.92) surpasses the 0.90 threshold set in RQ2. Operationally, the simulation

demonstrated meaningful efficiency gains (RQ3). Notably, respiratory rate—a simple, low-

cost vital sign—emerged as the strongest predictor, suggesting that decentralized clinics can

achieve substantial predictive gains without expensive diagnostics.

Comparing with prior literature, the present model outperforms Fernandez and Cruz (2019)

(AUC 0.71) and is competitive with hospital-focused models (Ahmed et al., 2020) despite

using fewer variables. The integration of predictive analytics as a continuous decision-

support layer, rather than a periodic report, was critical to achieving operational benefits—a

design principle emphasized by Hossain et al. (2023) when discussing the technical

architecture of their cost-reduction system.
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5.2 Implications

Academic implications: The study extends predictive acuity modeling to decentralized

public health settings. It provides empirical evidence that high-frequency, low-burden

clinical data are sufficient for near-term forecasting, challenging assumptions that advanced

diagnostics are necessary.

Practical implications: Clinics can implement the model using existing electronic health

record data. The 23% reduction in idle time translates to approximately 1.5 full-time

equivalent nurses per clinic annually. For resource-constrained systems, this represents

reallocatable capacity without additional hiring.

5.3 Limitations

Retrospective data may contain documentation biases (e.g., sicker patients have more

complete records). The lack of real-time vital sign streaming limits deployment to batch

prediction (hourly). The study did not include social determinants of health (e.g., housing,

food security) due to data unavailability, which may improve prediction in future iterations.

Generalizability beyond semi-urban South Asian settings requires external validation.

5.4 Future Research Directions

 Prospective randomized trial comparing acuity-guided staffing versus standard

scheduling.

 Integration of natural language processing on free-text triage notes to improve

feature richness.

 Cross-validation in rural African and Latin American decentralized systems to test

transportability.

 Real-time edge computing deployment using low-cost tablets in offline settings.
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6. Conclusion

This research developed and validated a predictive patient acuity model specifically

designed for decentralized public health delivery. Using gradient boosting and routine

clinical data from 31,442 patients across four clinics, the model achieved excellent

discrimination (AUC = 0.92) for 72-hour high-acuity events. When embedded into a

resource allocation simulation, the predictive approach reduced staff idle time by 23% and

patient wait times by 31%, directly improving operational efficiency. The main contribution

is a scalable, evidence-based framework that transforms reactive acuity assessment into

proactive population health management. For public health systems struggling with uneven

demand and limited resources, predictive acuity modeling offers a practical path toward

optimization without requiring expensive infrastructure. Future prospective trials should

confirm real-world clinical impact, but the current evidence strongly supports integration

into decentralized health delivery governance.
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