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ABSTRACT

Primary Healthcare Centres (PHCs) play a central role in delivering basic public
healthcare services at the district level, yet their service performance varies considerably
across regions. Existing assessments of PHC performance largely rely on descriptive
statistics or survey-based evaluations, which limit objective comparison and predictive
analysis. To address this limitation, this study proposes a data-driven demographic and
climate (DC) framework to assess and predict the Quality of Service (QoS) of PHCs using
district-level administrative data. A continuous quality of service score is constructed from
normalized healthcare indicators and used as the prediction target. The framework integrates
healthcare infrastructure availability, service utilisation measures, and basic climatic factors
such as Temperature and Rainfall. At the same time, population health indicators are used
solely for QoS construction and are excluded from the model predictors to avoid data
leakage. A Light Gradient Boosting Machine (Light GBM) regression model is employed
and evaluated using five-fold cross-validation. Model interpretability is supported through
Shapley Additive explanations (SHAP), which identify key contributors to QoS variation
across districts. The Light GBM model achieved low prediction error (RMSE = 0.87) and a
high coefficient of determination (R? = 0.95) under five-fold cross-validation. The findings
indicate that the proposed framework supports effective comparisons of PHC performance
across districts and provides useful evidence for healthcare planning and policy decisions.

KEYWORDS: Healthcare analytics; Light gradient boosting machine; Machine learning;
Primary healthcare centres; Quality of service.
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INTRODUCTION

Primary Healthcare Centres (PHCs) form an essential part of public healthcare
delivery at the district level. In recent years, government programmes have prioritised the
expansion of PHC infrastructure to enhance access to healthcare services and broaden
population coverage [1], [2]. However, service quality continues to vary across districts, as
reflected in differences in health outcomes and service performance. These differences
highlight uneven service effectiveness despite infrastructure expansion.

The quality of services delivered by PHCs is influenced by a combination of factors,
rather than infrastructure availability alone. Availability of healthcare facilities, adequacy of
medical personnel, patterns of service utilisation, and prevailing population health
conditions together influence service performance [3]. In several districts, indicators such as
infant mortality rate and life expectancy persist even in the presence of primary healthcare
facilities [4]. This suggests that infrastructure development must be accompanied by
effective service delivery and improvements in population health conditions to achieve
better service quality. Healthcare service quality has traditionally relied on patient feedback
and survey-based instruments such as SERVQUAL [5]. While these methods are useful for
understanding patient perceptions, they are inherently subjective and limited in their ability
to support large-scale comparative analysis. Moreover, survey-based approaches do not
fully incorporate objective information, such as facility availability, service utilisation
levels, or population health outcomes, which are important for systematic district-level
performance and planning.

Large volumes of healthcare data are routinely generated through administrative
records and health information systems [6]. These data include information on healthcare
infrastructure, service usage, and population health conditions. However, such data are
primarily used for reporting and monitoring, with limited application in predictive analysis
and service performance assessment [7]. Recent studies have demonstrated that machine
learning techniques can effectively analyse complex healthcare datasets and capture non-
linear relationships that are difficult to model using conventional analytical methods [8], [9].

Despite these advances, relatively little attention to predicting the Quality of Service
of Primary Healthcare Centres at the district level using routinely available administrative
and population-level indicators [10]. Most existing studies focus on clinical outcomes or
specific operational tasks rather than overall service quality.

A data-driven framework to estimate the Quality of Service of Primary Healthcare
Centres using district-level indicators related to healthcare infrastructure, population health
outcomes, service utilisation, and basic environmental factors. A continuous Quality of
Service score is constructed from normalised indicators and predicted using a Light
Gradient Boosting Machine (LightGBM) regression model. The proposed framework
supports comparative assessment across districts and provides insights into the factors that
influence primary healthcare service performance.

LITERATURE REVIEW

Table 1 summarizes the novelty of the proposed framework in comparison with

previous works.

Table 1
Summary of related studies and identified research gaps
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Previous studies on primary healthcare service quality have mainly relied on patient
survey data and descriptive statistical analysis at the facility level [1], [2]. While such
approaches provide useful insights into patient experience, they are limited in their ability to
support district-level comparison or predictive assessment. More recent work has applied
machine learning techniques to healthcare administrative data for analysing service
utilisation and operational efficiency [3]. however, these studies estimate service outcomes
in isolation rather than providing an integrated Quality of Service measure across districts
and often offer limited interpretability. In contrast, the present work examines Quality of
Service at the district level using aggregated administrative and service delivery indicators.
Unlike the SEEJPH (2023) study, which applies a neural network model to survey data from
a single district, this study adopts a Light Gradient Boosting Machine (LightGBM)
framework to enable comparison across multiple districts using routinely available
healthcare data, thereby supporting district-level planning and policy analysis.
MATERIALS AND METHODS
Framework Overview

The proposed framework adopts a layered, data-driven architecture to predict the
Quality of Service (QoS) of Primary Healthcare Centres using district-level healthcare
indicators. The overall workflow of the system is illustrated in Fig 1.

Feature Selection
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Figure 1. System architecture of the proposed demographic and climate (DC)
framework for district-level Quality of Service prediction in Primary Healthcare Centres
using a LightGBM regression model.

The input layer consists of structured district-level healthcare data collected with a
focused analysis on the Pudukkottai district of Tamil Nadu. The dataset contains basic
healthcare infrastructure details, including the numbers of Sub-Centres, Primary Health
Centres, Community Health Centres, Sub-Division Hospitals, and District Hospitals. In
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addition to these, simple derived measures like total facility count and facility density per
100,000 population are also considered. Population health indicators, including life
expectancy, birth rate, death rate, and infant mortality rate, are included in the dataset. A
continuous Quality of Service score is calculated from normalized indicators and used as the
output for prediction. All the collected data are combined into a single dataset before
analysis. During this stage, missing values are filled using median values, and non-numeric
entries are removed. Only numerical variables related to healthcare facilities and population
health are considered. Variables directly involved in the construction of the Quality of
Service (QoS) score were excluded from the predictor set to reduce the risk of biased
estimation. The remaining variables served as inputs to the Light Gradient Boosting
Machine (LightGBM) regression model.

The model estimates the QoS score from the selected healthcare indicators. Model
parameters were adjusted over several training runs until stable prediction behaviour was
achieved. Model robustness was evaluated using five-fold cross-validation, in which the
dataset was divided into five subsets. Each subset served once as the validation set, while
the remaining subsets were used for training.

Prediction performance was evaluated using Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and the coefficient of determination (R2). Reported results
reflect average values across all validation folds. To improve interpretability, feature
importance scores and SHAP analysis were applied. Feature importance highlights variables
with stronger influence on QoS prediction, while SHAP values explain individual model
outputs. Together, these analyses support the identification of Primary Healthcare Centres
with lower service quality and the factors shaping their performance.

Dataset Description

The dataset includes district-level information collected from publicly available
healthcare records. It captures variations in healthcare infrastructure and population health
conditions across districts, enabling comparison of service performance at the district level.
Infrastructure indicators cover the number of Sub-Centres, Primary Health Centres,
Community Health Centres, Sub-Division Hospitals, and District Hospitals in each district.
In addition to these facility counts, derived measures such as total facility count and facility
density per 100,000 population are included to allow balanced comparison across districts
with different population sizes.

Basic environmental variables, including average Temperature and Rainfall, are
included to account for external conditions influencing healthcare delivery. A continuous
Quality of Service score is obtained from normalized indicators and is used as the target
variable for model training and prediction. The dataset is organized at the district level and
used to study differences in service quality across regions. This dataset provides sufficient
information to analyse and predict the Quality of Service of Primary Healthcare Centres. All
variables are aggregated at the district level, representing overall Primary Healthcare Centre
service performance within each district. The dataset used in this study was compiled from
publicly available statistical health reports published by government health authorities. The
data include aggregated district-level information on healthcare infrastructure, service
utilisation, population health indicators, and basic environmental variables. No individual-
level or patient-identifiable data were used in this study.

Table 2 presents the descriptive statistics of the variables used in the study. The table
summarizes the ranges and averages of healthcare infrastructure, service utilization, and
environmental indicators across districts.

Table 2
Descriptive Statistics of Selected Predictor Variables
Variable Minimum | Maximum | Mean | Standard

Deviation
RESEARCH EXPLORER 191 volume XV, Issue 52
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Facility Density | 16.5 84.9 44.2 15.2
(per 100k)

Total =~ Healthcare | 132 679 353.34 | 121.33
Facilities

Average 24.0 34.0 28.5 2.6
Temperature (°C)

Average  Rainfall | 650 2100 1240 | 410
(mm)

These statistics provide an overview of the dataset before model training.
Data Integration and Preprocessing

Multiple administrative data sources form the basis of the district-level analytical
dataset. The integration stage related to healthcare infrastructure, service utilisation,
population health metrics, and environmental conditions. This structured consolidation
enables consistent cross-district analysis within a unified analytical framework.

Median imputation handles missing values while reducing the influence of outliers.
Continuous variables are standardised to ensure comparability across indicators measured
on different scales. Features requiring numerical input for modelling are encoded
accordingly, while district identifiers serve only for aggregation and reference.

Feature Selection

Feature selection reduces the number of healthcare indicators to those that
meaningfully contribute to predicting Quality of Service at the district level. Indicators
involved in constructing the QoS score are intentionally excluded from the predictor set to
avoid information leakage and to ensure that model performance remains unbiased and
reliable. The dataset contains a wide range of variables related to infrastructure, population
health, service utilisation, and environmental conditions; therefore, including all available
indicators offers limited benefit and increases model complexity.

To address this, redundancy was reduced, and potential data leakage was avoided
during the predictive modelling stage. Variables used in constructing the QoS score were
excluded from the predictor set. The remaining indicators were retained based on Pearson
correlation analysis and their relevance to district-level healthcare service delivery.

Let the complete set of input features be represented as

X = {x1,%X9,X3, e X } (@H)

where X denotes the input feature vector for a given district, x; represents the it"
selected district-level healthcare indicator, and m is the total number of predictor variables.

The final predictor set includes infrastructure indicators, such as the number and
density of healthcare facilities, service utilisation measures, including outpatient visits and
the availability of specialist doctors, and environmental variables, such as average
Temperature and Rainfall. Variables directly involved in QoS score construction, along with
non-numeric attributes, were removed before model training to ensure unbiased prediction.
Correlation Analysis of Input Variables

Correlation analysis is carried out to examine the relationships among the selected
input variables used for Quality of Service prediction.

Table 3
Correlation Matrix of Selected Input Variables

Variable Facility | Total Outpatient | Specialist | Avg. Avg.

Density | Facilities | Count Doctors Temp | Rainfall
Facility 1.000 0.782 0.701 0.654 -0.146 | 0.173
Density
Total 0.782 1.000 0.735 0.689 -0.128 | 0.156
Healthcare
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Facilities

Outpatient 0.701 0.735 1.000 0.612 -0.101 | 0.129
Count

Specialist 0.654 0.689 0.612 1.000 -0.117 {0.142
Doctors

Average -0.146 -0.128 -0.101 -0.117 1.000 | -0.362
Temperature

Average 0.173 0.156 0.129 0.142 -0.362 | 1.000
Rainfall

Table 3 summarises the correlation structure among the selected predictor variables.
The analysis highlights moderate positive associations among infrastructure-related
indicators, most notably between facility density and total healthcare facilities (r = 0.782)
and between total healthcare facilities and outpatient count (r = 0.735). In contrast,
environmental factors, including average Temperature and Rainfall, exhibit weak to
moderate relationships with infrastructure indicators.

The correlation values remain below commonly accepted thresholds for severe
multicollinearity (|r| > 0.85), indicating that excessive linear dependence among predictors is
not present. Given the tree-based nature of the Light Gradient Boosting Machine
(LightGBM), which is well-suited to handling correlated inputs, all selected variables were
retained for subsequent model development.

Correlation Heatmap of Selected Predictor Variables

Facility Density 1.00 1.00
[ 0-75

- 0.50

Total Facilities

Qutpatient Count - 0.25

- 0.00

Specialist Doctors - —0.25

- —0.50
Avg Temperature -  -0.15 -0.13 -0.10 -0.12 1.00 -0.36
l ~0.75
Avg Rainfall - 0.17 0.16 0.13 0.14 -0.36 —1.00
1 1 1 1 1

Figure 2 Correlation heatmap of healthcare infrastructure, population health, service
utilization, and environmental variables.

Figure 2 provides a visual representation of these relationships through a correlation
heatmap, and confirming the absence of strong multicollinearity among the predictors and
supporting their inclusion in the model training process.

LightGBM Regression Model Formulation

Predicting the Quality of Service (QoS) of Primary Healthcare Centres involves
capturing complex and often non-linear interactions among healthcare infrastructure, service
utilisation, population health, and environmental indicators. Earlier research has primarily
relied on perception-based surveys or computationally intensive neural network models.

The LightGBM technique captures complex, non-linear relationships among
healthcare indicators while maintaining computational efficiency. Its suitability for
structured numerical data allows diverse healthcare variables to be integrated within a single
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analytical framework, thereby supporting reliable estimation of district-level Quality of
Service.

The predicted QoS score is formulated as an additive combination of decision trees
represented as

K
yi = ka(xi) (2)
k=1

where 9i represents the predicted Quality of Service score for the i**, f,(x;)
represents the k*"decision tree in the LightGBM ensemble, and K is the total number of
trees used in the model.

Five-Fold Cross-Validation

Model performance is evaluated using five-fold cross-validation. The dataset is
divided into five equal parts, with four parts used for training and one for validation, and the
validation part rotating across rounds. The results from all five rounds are averaged to
obtain the final performance estimate, reducing dependence on a single split and providing a
more reliable assessment of predictive accuracy.

Performance Metrics

Performance Metrics was assessed using standard regression metrics, including Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and the coefficient of
determination (R?2).

N
1
RMSE = & > 390 (3)
i=1

where y; is the actual QoS value, ¥ is the predicted value, and N is the total number
of samples. Lower RMSE values indicate better prediction performance.

MAE measures the average absolute difference between the predicted and actual
QoS values and is calculated as

N
1
MAE =< Yy -9l (4
i=1

Smaller MAE values indicate more accurate predictions.
The coefficient of determination, R? indicates the model explains the variation in the
observed QoS values and is defined as
N_ R 2
RZ =1- Zl];l(yl }22 (5)
i=1(Vi-¥)

where y;is the actual value ¥, is the predicted value, y'is the mean of the observed
QoS values, and N is the number of observations.

These metrics are calculated for each fold in the five-fold cross-validation, and the
final results are reported as averages across all folds. These lower QoS values are usually
linked with unfavourable health outcomes such as higher infant mortality and lower life
expectancy.

Only a small number of observations fall in the Average category, suggesting that
PHCs tend to perform either well or poorly rather than remaining at a middle level. The
distribution of predicted Quality of Service (QoS) levels enables the identification of PHCs
requiring targeted intervention, while higher-performing centres may serve as benchmarks
for service improvement.
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Explainable Al Analysis Using SHAP

SHAP values support interpretation of the LightGBM model by quantifying the
contribution of each variable to predicted Quality of Service scores. The evaluation includes
infrastructure, service utilisation, and environmental indicators at the district level. This
approach clarifies variation in QoS across districts and highlights the variables greater
influence on prediction outcomes.
RESULTS AND DISCUSSIONS
Distribution of Quality of Service Levels

The LightGBM model produces continuous Quality of Service (QoS) scores for each
Primary Health Centre.

Distribution of Predicted Quality of Service Levels

100 +

380

60

40

Number of Observations

20

Good Average Poor
Quality of Service Category

Figure 3. Distribution of predicted Quality of Service (QoS) levels across Primary
Health Centre observations.

Figure 3 illustrates the distribution of predicted Quality of Service (QoS) levels
across Primary Healthcare Centre observations. PHCs divided into the Good and Poor
categories, while relatively fewer observations appear in the Average category. This
distribution indicates noticeable variation in service quality across districts and highlights
the presence of both well-performing and underperforming centres.

Predictive Performance of the LightGBM Model

The performance of the proposed LightGBM model is compared with commonly
used regression models, including Linear Regression, Support Vector Regression, Random
Forest, and XGBoost. All models are trained using the same dataset and evaluated using
five-fold cross-validation. RMSE, MAE, and R? are used to measure prediction
performance.

The comparison results are presented in Table 4. Linear Regression shows higher
error values than the other models, indicating lower predictive accuracy. Support Vector
Regression, Random Forest, and XGBoost produce lower RMSE and MAE values,
indicating improved predictive performance.

Table 4
Comparative predictive performance of regression models for Quality of Service (Qo0S)
prediction
Model RMSE MAE R2
Linear Regression 1.942 1.376 0.8212
Support Vector Regression 1.214 0.891 0.8526
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Random Forest Regression 0.964 0.682 0.8928
XGBoost Regression 0.903 0.621 0.9114
LightGBM Regression 0.872 0.546 0.9519

Among all models considered, LightGBM achieved the lowest RMSE and MAE
values and the highest R2. This shows that LightGBM produces more accurate Quality of
Service predictions for the given dataset.

Contribution of Individual Features

Feature importance values are used to examine the contribution of different variables
to the Quality of Service prediction using the LightGBM model. These values are obtained
from the trained model and indicate how frequently each variable is used during prediction.
The results presented in Table 5 indicate that infrastructure-related indicators, particularly
facility density and outpatient utilization, contribute most significantly to QoS prediction,
highlighting the importance of healthcare accessibility. The results indicate that service-
related and environmental variables contribute more strongly to Quality of Service
prediction than infrastructure indicators alone.

Table 5
Feature Importance Scores for QoS Prediction
Rank Feature Importance

Average Temperature (°C) 624
Average Rainfall (mm) 512
Specialist Doctors Available 468
PHCs 326
Subcentres 317
Outpatients Count 289
CHCs 132
Facility Density per 100k 94

The feature importance results indicate that service-related and environmental
variables contribute significantly to Quality of Service prediction. Environmental factors
such as Temperature and Rainfall reflect external conditions that may influence healthcare
demand and operational effectiveness. Service-related variables, including outpatient counts
and the availability of specialist doctors, reflect the role of patient load and workforce
availability. Infrastructure indicators, such as the number of PHCs, Sub-Centres, and facility
density, are comparatively less important, suggesting that infrastructure alone does not
strongly influence QoS unless supported by effective service delivery.

Average Temperature (°C)

Average Rainfall (mm)

Specialist Doctors Available

PHCs

Feature

Sub Centres

Qutpatients Count

CHCs

Facility Density per 100k

o 100 200 300 400 500 600
Importance Score
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Figure 4 Feature Importance Bar Chart Showing Relative Contribution of Variables.

Figure 4 shows that service-related and environmental variables contribute more
strongly to Quality of Service prediction than infrastructure variables alone.
SHAP-Based Interpretation of QoS Drivers

Figure 5 presents the SHAP summary plot illustrating the relative contribution of
district-level healthcare infrastructure indicators to Quality of Service prediction using the
LightGBM model. Infrastructure-related variables, particularly the availability of Primary
Health Centres and Sub-Centres, exhibit wider SHAP value distributions, indicating a
stronger influence on the model output.

High
PHcs 0 o hewp | o0 fawo
Sub_Centres v |'|8||"“! ’l ' i
Sub_Division_Hospitals *' () %
Total_Facilities © {‘- g
CHCs -II. E
District Hospital I
Facility Density per 100k l
Low

2 1 0 1 2 3
SHAP value (impact on model output)
Figure 5 SHAP summary plot showing the contribution of district-level healthcare
infrastructure indicators to Quality of Service (QoS) prediction using the LightGBM model.
In contrast, indicators such as district hospitals and facility density show more
limited impact, suggesting a comparatively smaller contribution to QoS prediction.
Ablation Study
The ablation results show that the LightGBM model performs best when all feature
groups are used together. Table 6 presents the ablation study for the proposed method.

Feature Set Used RMSE | MAE | R?

Full Feature Set 0.87 0.55 |0.99
Without Environmental Variables | 0.94 0.61 |0.97
Without Service Variables 0.98 0.66 | 0.96

Removing environmental or service-related variables leads to a moderate increase in
prediction error. The ablation results show that removing service-related or environmental
variables leads to a moderate increase in prediction error, indicating that these feature
groups play an important role in estimating Quality of Service.

Study Limitations and Future Research Directions

The study relies on district-level administrative records, which limits observation of
variation at the facility or patient level. The Quality of Service score is derived from the
indicators available in these records, and its reliability depends on the completeness and
consistency of routine reporting. The analysis also includes a limited set of environmental
variables and does not incorporate direct measures of patient experience.

Future research can integrate more detailed facility-level or patient-level data and
expand the range of socioeconomic and environmental indicators. Application of the
framework to other regions or national datasets helps assess its broader applicability.
Comparison with other interpretable machine learning models provides additional insight
into differences in predictive performance and model interpretation.
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CONCLUSION

The quality of services provided by Primary Healthcare Centres is closely linked to
the effectiveness of the public healthcare system. Although healthcare infrastructure has
expanded in many districts, the service quality continues to vary due to differences in
population health conditions, service utilisation, workforce availability, and environmental
factors. This study presented a data-driven framework to estimate PHC Quality of Service
using district-level indicators and a Light Gradient Boosting Machine regression model. The
findings indicate that variations in primary healthcare performance are more strongly
associated with service delivery capacity and environmental conditions than with facility
expansion alone.
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