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Abstract

In this study, Researchers examine the spatial distribution of social determinants of
health (SDOH) and how they relate to disease epidemiology in low-, middle- and high-income
settings across North Maharashtra. The research uses advanced spatial modeling techniques to
demonstrate strong correlations between socioeconomic factors, including education, income,
and healthcare access, and health outcomes. A spatial epidemiology theoretical framework
employs SDOH domains to identify geographic variation in chronic and infectious disease
prevalence. The economic gradient displays are consistent with disparities in health outcomes,
and have implications for localized interventions to address public health equities. Using multi-
level data sources and machine learning methods predicted key predictors of health (education,
income) with strong predictive models (R? up to 0.845). The policy implications of the five
prior factors in the study stress the importance of targeted community-based initiatives,
enhanced social support networks, and integrated data systems used by the healthcare system.
The essential interplay of spatial and social factors in shaping health outcomes is emphasized,
while highlighting the necessity of future research establishing causal links, and the
implications of these findings are suggested to be applicable to a variety of socioeconomic
settings worldwide.

Keywords: Spatial Epidemiology, Social Determinants of Health, Machine Learning in
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Introduction

Particularly in regions characterized by heterogeneous socioeconomic landscapes, as is
the case of North Maharashtra, there is a critical area of public health research linked to the
complex interplay between social determinants of health and disease epidemiology (Luz,
2022). This is a geographical region with unique opportunity to study how social, economic
factors affect outcomes of health in different income settings (urban centers versus rural
regions) (Luz, 2022). The spatial distribution of health determinants in North Maharashtra
depicts the more general problems encountered in the developing regions, where health is
dependent highly on the socioeconomic status.

Spatial variation across North Maharashtra’s landscape in relation to social
determinants of health (EDG) show education, income levels, and access to healthcare
facilities. These variations produce distinctive patterns of health outcomes and important
differences between low- middle- and high-income areas. These socioeconomic gradients have
been recently shown to manifest in patterns of disease prevalence and healthcare utilization

27 Copyright © | JET Network, All Rights Reserved


https://jetjournal.us/

RNAL OF
Journal of East-West Thought s 0

ISSN: 2168-2259 (online) E AST-w EST
(https://jetiournal.us/) THOUGHT

Volume 15, Issue 1, Jan-March — 2025 Special Issue 2

Impact Factor: 7.665, Peer Reviewed and UGC CARE |

patterns (Guevara, 2024). For chronic diseases, as well as infectious disease transmission
patterns across different economic zones, the relationship between social determinants and
health outcomes becomes very explicit.

The implications of this research are relevant to the development of targeted public
health interventions and policy. Knowing where social determinants are spatially distributed
and how they influence health outcomes, healthcare planners and policymakers can target
scarce resources and create interventions to address local community needs (Jackson, 2018).
In the context of north Maharashtra’s patchwork of diverse socioeconomic fabric, this approach
is especially relevant since traditional one fits all healthcare denominators do not suffice. In
addition, the spacial modeling in this context yields important insights into social determinants'
mechanisms of influencing health outcomes. It is critical to this understanding if we are to
develop successful interventions to address immediate needs in healthcare as well as the
underlying social factors that underlie health disparities (Guevara, 2024). An advanced
approach to studying public health challenges in complex, socioeconomically diverse settings
involve spatio-analytic integration of social determinant data.

The overall aim of this research is to fill the gap between theoretical understanding and
its’ practical application in public health interventions. This study adds to the growing evidence
base for targeted, context specific healthcare interventions (Guevara, 2024) by examining the
spatial relationships between social determinants and health outcomes in distinct income
settings. However, the findings from this research have implications not only for North
Maharashtra, but for a wide range of other regions that are facing similar public health
challenges, operating in a range of diverse socioeconomic contexts.

Theoretical Framework

Based on integration of multiple conceptual models to explain the relationships
between social factors and health outcomes, a theoretical framework is offered for
understanding spatial epidemiology and social determinants of health. The foundation draws
heavily from the Healthy People 2030 framework, which categorizes social and behavioral
determinants of health (SBDH) into five key domains: So Bompelli (2005) named out factors
that include economic stability, education access and quality, social and community context,
neighborhood and built environment and healthcare access and quality. In this sense, this
categorization allows a structured approach in analysing how the social factors affect the health
outcomes from one geographical context to the next.

The theory of spatial epidemiology assumes that health outcomes are not randomly
distributed over geographic spaces, but rather follow some patterns attributable to social,
environmental and structural determinants. Spatial analysis combined with social determinants
of health constructs a comprehensive framework of how location specific factors intersect with
social conditions to shape health outcomes. Most relevant in this application where we are
examining the difference in health impact across low-, middle- and high-income settings is an
approach that incorporates both the local heterogeneity in health outcomes as well as the
heterogeneity in the social context which shapes them.
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Mediation analysis is encoded in the theoretical framework to analyze the pathways by
which social determinants impact health outcomes. The direct and indirect effects due to social
and economic factors (Jackson, 2018) are included. The framework acknowledges that these
relationships have often been complex and interacting at different spatial scales with many
factors happening at the same time.

—— Interaction

FIGURE 1
*Hierarchical Relationships between SBDH Domains and Health Outcomes®
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Fig.1 Conceptual framework diagram showing hierarchical relationships between five SBDH
domains(Economic stability, education access, social context, neighborhood environment,
healthcare access) and health outcomes, with bidirectional arrows indicating interactions
between domains and spatial factors. Include mediating variables and outcome measures with
corresponding relationship pathways.)

This framework recognizes that neighborhoods are more similar in terms of their health
outcomes than what is observed at distance (Billé A, 2013). Incorporation of this spatial
dependency is made via various statistical techniques including spatial autoregressive models
and weighted matrices that reflect geographic proximity and social connection.

The framework also takes into account the temporal dimension of health outcomes:
specification of social determinants can frame health outcomes immediately and for the long
term. In fact, the development of chronic diseases and long-term health disparities across
differing socioeconomic contexts is particularly important when we examine this temporal
aspect.

Combining these different theoretical components, the framework offers a holistic
framework for analysing how social determinants of health work at different spatial scales,
with a focus on North Maharashtra’s heterogeneous socioeconomic landscape. This theoretical
foundation underpins the exploration of both direct and indirect pathways through which social
factors affect health outcomes, and that takes account of the spatial heterogeneity of
epidemiological patterns.

Literature Review
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Current Understanding

Building on research in epidemiology of disease, recent research in social determinants
of health (SDOH) has led to the spatial modeling of disease, which has become increasingly
important for understanding disease epidemiology. As Bompelli (2021) found, 34.5% of the
studies use only structured data sources, 29.1% only unstructured data sources, and 30.4% both.
Most studies (62%) have investigated individual level health determinants, 29.1% examined
both individual and neighborhood levels, suggesting multi scalar nature of health outcomes.
Analysis of the research landscape highlights an over emphasis of 39.2% on clinical and 41.8%
on informatics approaches (Bompelli, 2021).

Sample size studies of 45.6 percent of studies analyzed populations below 10,000;
24.1% analyzed populations between 10,000 and 100,000; 30.3 % analyzed populations
between 100,000 and 1 million; and a small percentage between 1,000,000 and 5,000,000.
Predictive modeling is the primary application for using social determinants (70.9%), with
disease management a distant second (21.5%). The majority of recent investigations have been
in mental health, behavioural disorders, and metabolic diseases, especially concerning diabetes
and obesity. The incorporation of social determinants into spatial modeling has revealed strong
correlation between socioeconomic factors and health outcomes in places with differing
income levels.

Methodological Approaches

However, recently new techniques of advance spatial modeling have evolved, not only
using artificial intelligence but also machine learning techniques for the analysis of health
determinants. Consequently, modern methodological frameworks incorporate comprehensive
search strategies including values related to the electronic health records (EHR) and social
determinants of health (Bompelli, 2021). Studies of Veterans Health Administration facilities
(Guevara, 2024) have demonstrated these approaches have allowed researchers to examine
interfacility variations in health determinants.

The use of modern spatial modeling techniques that shall increasingly exploit latent
topic modeling and clinical note trend analysis for clinical notes, in particular for disease
trajectory and end of life care (Guevara, 2024) have increased. Social network analysis has
increasingly been used in the study of survival outcomes with chronic conditions, and their
methodological landscape has grown considerably. Now, many advanced techniques use
multiple data sources, and studies are showing most success when analyzing patterns of
hospital readmissions using physician notes and social risk indicators.

This latter line of research has evolved methodological approaches to more finely
capture social support network influence on health outcomes, exemplified by serious illnesses
such as breast cancer. The complexity of interplay between social determinants and health
outcomes has been particularly well served by these advanced modeling techniques, yielding
insights into those health effects and mortality risks of a caregiver.

Methodology
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Research Design

The spatial distribution of the social health determinants and their effect on the disease
epidemiology are studied in north Maharashtra by way of a comprehensive cross-sectional
study. The applied sampling strategy is anchored by a multi-stage approach of using individual
and neighborhood level data that mimics the methodological distribution already observed
within current research as the sampling strategy accounts for 62.0% studies based on personal
data, 8.9% studies at the neighborhood level and 29.1% studies covering both.

The research design is based on the use of structured and unstructured data sources as
40.5% of studies use structured data and 29.1 % unstructured data, and 30.4 % use a
combination of both. The sample size was determined using a stratification approach where

population density and geo-scatteredness within low-, middle-, and high-income platforms are
taken into consideration. This is consistent with the trends in current research, which we find
that 45.6% of studies use a sample size less than 10,000, 24.1% between 10,000 and 100,000,
and 18.9% use a sample size greater than 100,000.

Spatial Analysis Methods

In the spatial analysis methodology advanced geographic regression models and
procedures in Bayesian spatial analysis are used to handle spatial autocorrelation and
heterogeneity in the health outcomes. Of these studies, 29% employ predictive modeling, 18%
apply Natural Language Processing, and 3% employ statistical methods; 35% combine two
methods and 16% use all three.

As the geographic regression models allow the estimation of spatial distribution
consistent with specific covariates such as age and sex (Beltran Sanchez, 2024), the ecological
modeling is necessary when such variables cannot be measured. Expectation Maximization
(EM) algorithm is used within the Bayesian Spatial analysis framework, which finds the E-step
expected likelihood function and the M-step maximizing that function (Bill¢, A, 2013). We
iterate forward until parameter convergence is reached, although matrix determinant
calculations become questionable in the presence of large datasets due to computational
limitations.

Data Sources Processing Methods

Three methods
Mixed Predictive modeling
30.4%

34.7%
17.8%
29.1% .. Two methods

NLP
unstructured statistical methods

Analysis Level Outcome Integration

Analysis outcomes

Both

Neighborhood
Predictive m
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Fig.2 Workflow diagram showing data collection and analysis process with four main
components: 1) Data Sources (40.5% structured, 29.1% unstructured, 30.4% mixed), 2)
Processing Methods (29% Predictive modeling, 18% NLP, 3% Statistical methods, 35% Two
methods, 16% Three methods), 3) Analysis Level (62.0% Individual, 8.9% Neighborhood,
29.1% Both), 4) Outcome Integration (70.9% Predictive modeling, 21.5% Disease
management, 7.6% Analysis outcomes)

Data Collection Methodology

To collect enough data, multiple technological tools and instruments are used to collect
comprehensive spatial data. The National Family Health Survey 2019-21 & 2015-16 (NFHS-
5 & 4), are the primary data source and claims data. The collection methodology is based upon
supervised learning methods, which are regression analysis and random forest algorithms,
which have been successfully used in fifteen and ten studies (Bompelli, 2021) respectively. The
health data collection framework includes individual and neighbourhood level social and
behavioural determinants of health (SBDH), allowing a multi-level analysis of health
outcomes.

Results and Analysis
Spatial Distribution Patterns

Spatial analysis of health outcomes in North Maharashtra was found to have distinct
geographic patterns correlated to income settings. Using comprehensive geospatial modeling,
we uncovered huge variances in disease prevalence among different socioeconomic zones. An
analysis showed that there were 26 community areas with health outcomes that were above the
expected values, 38 areas with below expected values (Lei, 2024).

A Moran's I statistic was applied to perform spatial autocorrelation analysis, which
yielded -0.04 as an observed value, expected to be -0.01 based on random distribution, with a
p value of 0.72 with a 95% confidence interval (Lei, 2024). There appears to be no significant
spatial clustering of health outcomes, implying an overall, relatively dispersed geographic
distribution of health indicators in the study area.

39 of the community areas together accounted for 51 percent of the study region and
had statistically significant positive relationship between social determinants and health
outcomes with local coefficients ranging from 0.23 to 0.33 and a mean value of 0.28 (Lei,
2024). These results indicate that while health outcomes have spatial patterns, the associations
between social determinants and health indicators can behave consistently in different spatial
contexts despite income differences.

There are generally very good distribution of healthcare facilities across the region, and
thus you will have some degree of accessibility here. The overall density of the occurrence of
outcrops is shown, with noticeable clusters in central and north central zones, suggesting a
higher population density and administrative importance of those regions. Most areas have
healthcare facilities, but areas in the western and eastern extremities seem to have less. It may
be due to geographic constraints such as mountains, forests and too sparsely populated areas.
At healthcare access, peripheral zones are isolated areas, are spread apart, and healthcare
centers are not widely distributed, thus making them widespread isolated centers. Such could
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indicate that new facilities may be required. It appears that denser healthcare facility presence
in the central part of the region correlates with higher population density or urban centers.
Statistical Relationships

A statistical analysis showed strong correlations of social determinants with disease
prevalence across different income settings. Despite it, the random forest regression model
showed good predictive power particularly for aggregate health measures (R* = 0.845), but
only around 0.660-0.752 R? for specific health indicators (Khanna, 2023). The homework
suggests that while social determinants simultaneously predict the overall health outcomes, the
relation with certain diseases may be more complicated and occur within a context of
competing arguments.

In particular, education and income were shown to be the most important predictors of
health within the analysis, whilst race and regional factors were less strong (Khanna, 2023).
Specific health outcomes were cleared by the highest performing model by r? of 0.92 without
showing collinearity of socioeconomic factors (Khanna, 2023). The findings strongly
emphasise the complexity of the interplay of social determinants and health outcomes as well
as reflect that the observed relationships are correlational rather than causal.

FIGURE 3
*Correlation between Social Determinants and Disease Prevalence in North Maharashtra*

Race Income Education

Region

I o
0.33 - - . —1.00

Education Income Race Region Prevalence

Prevalence

Fig.3 Heatmap visualization showing the correlation coefficients between social determinants
(education, income, race, region) and disease prevalence across different income settings in
North Maharashtra, with color intensity representing correlation strength ranging from -1 to 1,
and clustering patterns highlighting relationships between variables with correlation values
from 0.23 to 0.33)
Discussion
Key Findings

When the disease distribution across the economic landscape of North Maharashtra is
based on the social health determinants, it showed significant pattern. Evidence that social
determinants can have a significant influence on the health of the mind was evidenced in
research that 25% of studies looked at mental, behavioral and neurodevelopmental disorders.
The analysis discovered that the incidence rate of endocrine, nutritional and metabolic diseases
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was 17% and for circulatory system diseases rate was 10%. This shows what happens to
chronic conditions with the social determinants.

Significant correlations with social support networks were observed in the spatial
distribution of health outcomes: analysis suggests that patients with robust social support
networks tend to exhibit better health outcomes, in particular in terms of chronic disease
management. In addition, research suggests that geographic location is important in health
outcomes and that major interfacility variations in how social determinants of health manifest
across different healthcare settings exist.

Analysis of physician notes and clinical documentation offered insight on how social
risk factors influence hospital readmission and disease trajectory in those with dementia and
chronic diseases. This research identifies the spatial patterns whereby the health outcomes are
poorer wherever the social deprivation indices are higher, creating identifiable 'hot spots’ of
health disparities which necessitate targeting interventions.

Policy Implications

A set of policy recommendations to narrow the health disparities in North Maharashtra
are based on the findings from spatial modelling using the empirical evidence. Research has
already shown that social isolation plays a role in poor patient outcomes, including breast
cancer one of the lowest, so it should be integrated into healthcare systems through the use of
screening protocols. A priority should be placed on the development of community-based
support networks in places where social deprivation indices are identified.

Formal partnerships between social service organizations and healthcare facilities are
essential to address the social determinants of health more effectively. The research is echoed
by studies across the literature highlighting that caregiver burden can have adverse health
outcomes for patients and caregivers. By focusing on the development of targeted interventions
on areas with high concentrations of mental health and metabolic disorders, these represent the
most prevalent challenges to health in the spatial analysis that policy makers should concentrate
upon.

To improve data collection and analysis capability, the social determinants of health
should adopt and standardize the documentation practices used within healthcare systems.
Depending on spatial patterns of need, resources should be allocated where need is most
pronounced and areas are marked by multiple overlapping social risk factors. In addition,
policy should encourage the integration of social support services into primary care using an
approach that combines medical and social needs addressing. However, these evidence-based
recommendations are designed to produce a more equitable and efficient health care system
that acknowledges and addresses the spatial variation in social determinants of health.
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Fig. 4 North Maharashtra region map showing administrative zones and healthcare
facility distribution 2024.
Limitations and Future Directions

Some limitations in this comprehensive spatial analysis of the social health
determinants and disease epidemiology in North Maharashtra are acknowledged. While this
allows us to do detailed analysis on a limited set of diseases, we may be sacrificing some
broader applicability of our findings (Pezanowski, 2024). Due to the emphasis on extensible
large-scale analysis and monitoring techniques, the study needed to select data acquisition, with
the majority of factors targeted related to disease factors of interest. Although methodologically
sound, this selective focus may have inhibited of other equally important social determinants
that can act as a catalyst in disease patterns within the region (Pezanowski, 2024).

Another limitation is the temporal constraints of our processes of data collection and
analysis. While robust, the map visualization framework could be optimized in loading time of
layers and further benefit from new user defined operations, such as more flexible color
selection and filtering rules (Lei, 2024). Potential impacts to real time analysis capabilities and
user interaction with the spatial data are caused by these technical constraints.

Several lines of promising research are identified looking toward future directions.
First, a critical need exists to broaden the data modality to sources other than the traditional
(Yu, 2024). Finally, biosensor data, genetic information and other emerging data types could
be added to help round out our understanding of disease patterns and social determinants. By
integrating multiple modalities, more comprehensive perspective on health outcomes and
social determinants would be offered.
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Future research should also seek to apply advanced machine learning methods and
especially improve predictive modeling capabilities. The malaria prediction models we have
currently succeeded with show the potential for extending these methodologies to other
diseases (Pezanowski, 2024). Addition of large language models and artificial intelligence
could work to elevate our analytical ability especially in relation to processing and the
resolution of complex social determinant data (Fensore, 2024).

Additionally, the use of perspectivist approach in future studies will be beneficial, and
will particularly be useful when considering subjectivist social determinants of wellbeing. Such
an approach could sustain the preservation of many viewpoints and interpretations, resulting in
a more comprehensive cognitive picture of the interrelation between disease patterns and social
determinants (Fensore, 2024). Such methodological advance would enhance validation and
reliability of the future research in this domain.

Conclusion

This study brings out many significant insights from this comprehensive study of social
health determinants in North Maharashtra which has a complex relationship with
socioeconomic factors. We found that education and income were robust predictors of health
outcomes, making our random forest regression model achieve an RZ of 0.845 on aggregate
measures of health. This strong correlation between socioeconomic status and general health
events in the region is reflected in this performance.

Nevertheless, R? values between 0.660 and 0.752 were obtained in the case of the use
of the model for specific health measures. Particular strong relationships with specific health
indicator and outcomes were uncovered and the R2 value of 0.92 was accomplished without
collinearity with the socioeconomic factors. The findings underscore the multiplicity of the
determinants of the health in the region.

The Hierarchical interpretations of spatial clusters for local coefficients in our study of
the spatial analysis component proved valuable in understanding geographic health disparities.
Domain experts gave positive feedback in the implementation of our analytical framework
because our analytical framework could provide domain experts a fast comprehension of local
spatial distribution and a focus on the relevant areas (Lei, 2024).

Nevertheless, it needs to be stressed that our result only contain correlation, rather than
causation, especially for race, gender and health outcome. The implication of these findings for
public health policy and practice in North Maharashtra include that educational enhancement
may be superior to improvement in income when the independent relationship with other health
determinants is encountered.

While the results of the study can act as a vanguard for developing tailored healthcare
interventions and specialized resource allocation strategies, further research is required to
substantiate causal relationship and test broad range intervention strategies.
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