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Abstract

Geographic inequity remains a critical barrier to equitable diabetes control under universal health coverage
systems. This study applied geoinformatics-based spatial epidemiology to examine the spatial distribution of
type 2 diabetes burden, healthcare accessibility, and geographic variation in community-based behavioral
intervention outcomes in Health Region 10, northeastern Thailand. A cross-sectional analytical design was
conducted across five provinces, 70 districts, and 611 sub-districts, with an intervention component
implemented in 24 purposively selected communities. Spatial clustering was assessed using Global Moran’s I,
Local Indicators of Spatial Association, and Getis-Ord Gi. Accessibility to diabetes services was quantified
using the Enhanced Two-Step Floating Catchment Area method with Gaussian distance-decay weighting.
Associations between accessibility and glycemic control were examined using multilevel regression, spatial
econometric modeling, and geographically weighted regression. Diabetes burden showed significant spatial
clustering (Global Moran’s I = 0.342, p < 0.001). E2SFCA accessibility scores varied substantially across
sub-districts, with urban areas showing higher accessibility than rural and remote rural areas. Lower
accessibility was significantly associated with poorer glycemic control and a higher likelihood of unchanged
or increased fasting blood sugar. Participants residing more than 20 km from comprehensive diabetes services
had worse glycemic outcomes than those within 5 km. Intervention effectiveness also varied geographically,
with urban communities showing greater glycemic improvement than peri-urban and remote rural
communities. Spatial error modeling confirmed significant spatial dependence (p = 0.28, p < 0.001), while
geographically weighted regression revealed local heterogeneity in the accessibility—glycemic control
relationship. These findings demonstrate that spatial accessibility is both a determinant of diabetes outcomes
and a moderator of intervention effectiveness. Integrating GIS-based accessibility modeling into chronic
disease planning can support spatially targeted, equity-oriented diabetes control in underserved areas.

Keywords: Diabetes Control, Enhanced Two-Step Floating Catchment Area, Geographic Inequity,
Geographically Weighted Regression, Spatial Epidemiology

1. Introduction

Type 2 diabetes mellitus (T2DM) represents one of
the most pressing global health challenges of the 21st
century, affecting more than 537 million adults
worldwide and projected to reach 783 million by
2045 [1]. The disease imposes substantial clinical,
economic, and health-system burdens, particularly in
low- and middle-income countries where healthcare
resources are constrained and access to chronic
disease services remains uneven [2]. In Thailand,
diabetes prevalence has increased markedly over
recent decades, with persistent challenges in
screening, treatment continuity, and glycemic control
[3]. This escalating burden is not only a biomedical
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problem but also a spatial equity challenge, as
diabetes outcomes often vary across geographic and
socioeconomic gradients [4].

Despite Thailand’s achievement of Universal
Health Coverage (UHC) in 2002, formal health
insurance entitlement does not necessarily guarantee
equal spatial access to care. Diabetes management
requires regular clinical monitoring, medication
continuity, lifestyle counseling, and long-term
follow-up. These requirements make geographic
accessibility particularly important for patients living
in rural and peripheral areas. Health Region 10,
located in northeastern Thailand and comprising
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Ubon Ratchathani, Yasothon, Amnat Charoen,
Sisaket, and Mukdahan provinces, exemplifies this
policy-relevant paradox. The region contains
extensive rural settlements, border-adjacent
communities, agricultural livelihoods, and areas
affected by seasonal road accessibility constraints.
Patients in remote rural areas may face long travel
distances to healthcare facilities, limited public
transportation, fragmented service delivery, and
reduced availability of comprehensive diabetes care.
These structural barriers can contribute to delayed
diagnosis, inconsistent medication adherence,
irregular follow-up visits, and poorer glycemic
outcomes compared with urban populations [5] and
[6].

The persistence of geographic inequities in
diabetes care highlights limitations in conventional
health-service planning. Traditional approaches
often rely on administrative boundaries, facility
counts, or population-to-provider ratios, which may
fail to capture real travel impedance, road-network
structure, service-capacity variation, and distance-
decay effects [7]. In this context, geoinformatics
provides a stronger analytical foundation for
identifying where disease burden is concentrated,
where service accessibility is insufficient, and where
interventions may require spatially differentiated
implementation strategies. Spatial epidemiological
methods can determine whether diabetes burden is
randomly distributed or geographically clustered.
Global Moran’s I can quantify overall spatial
autocorrelation, while Local Indicators of Spatial
Association (LISA) and Getis-Ord Gi* statistics can
identify local hotspots, coldspots, and spatial outliers
[8] and [9].

Healthcare accessibility can be further evaluated
using GIS-based spatial accessibility models. The
Two-Step Floating Catchment Area method and its
enhanced form, the Enhanced Two-Step Floating
Catchment Area (E2SFCA), are widely used to
estimate spatial access by integrating healthcare
supply, population demand, catchment thresholds,
and distance-decay weighting [10] and [11].
Compared with simple distance or administrative
coverage measures, E2SFCA is more appropriate for
chronic disease service planning because it
represents both the capacity of healthcare facilities
and the competing demand from populations within
service catchments. In addition, spatial econometric
modeling and geographically weighted regression
(GWR) can address two core methodological
challenges in spatial health research: spatial
dependence and local heterogeneity. Spatial
econometric models reduce bias arising from
spatially correlated residuals, while GWR allows
relationships between accessibility and health
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outcomes to vary across geographic space [12] and
[13].

Although community-based behavioral
interventions have shown potential for improving
diabetes  self-management, their  real-world
effectiveness may differ across geographic contexts.
Diabetes schools, peer support networks, and
community health volunteer engagement may
produce stronger effects in areas where patients can
regularly attend activities, access follow-up care, and
maintain contact with health personnel. In contrast,
remote rural communities with low service
accessibility may experience lower participation,
weaker implementation fidelity, and reduced
intervention benefit. Thus, geographic accessibility
may operate through two interrelated pathways: first,
as a direct structural determinant of service
utilization, medication continuity, and clinical
monitoring; and second, as a contextual moderator
that shapes the effectiveness of community-based
behavioral interventions [14] and [15].

To address these gaps, this study applies an
integrated spatial-behavioral geoinformatics
framework to examine diabetes control in Health
Region 10, Thailand. The framework positions
geographic context as a structural determinant of
diabetes outcomes and as a moderator of intervention
effectiveness. It combines spatial clustering analysis,
E2SFCA accessibility modeling, spatial econometric
regression, and GWR to generate decision-grade
evidence for precision public health targeting. This
integrated approach is intended to move beyond
routine mapping by linking disease burden, service
accessibility, spatial dependence, and intervention
heterogeneity into a single analytical model for
equity-oriented chronic disease planning.

This study was guided by three primary
objectives: (1) to characterize the spatial distribution
of diabetes prevalence and glycemic control across
Health Region 10 and identify geographic clusters of
high disease burden; (2) to quantify healthcare
accessibility to diabetes services using E2SFCA
methodology and examine its association with
patient-level glycemic control, measured using
fasting blood sugar (FBS); and (3) to evaluate the
effectiveness of a multi-component community-
based behavioral modification intervention and
assess whether intervention effects are moderated by
baseline geographic accessibility. The study
hypothesized that diabetes burden would exhibit
significant positive spatial autocorrelation, lower
spatial accessibility would be associated with poorer
glycemic control after accounting for individual and
community-level covariates, and intervention
effectiveness would be attenuated in low-
accessibility settings where geographic barriers
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constrain  program fidelity
engagement.

The expected contribution of this study is
twofold. First, it advances geoinformatics-based
health equity research by demonstrating how spatial
accessibility, spatial dependence, and intervention
heterogeneity can be analyzed jointly in a chronic
disease context. Second, it provides a practical
spatial decision-support framework for regional
health authorities seeking to prioritize high-burden,
low-access areas, allocate resources more equitably,
and strengthen diabetes control under Thailand’s
UHC system.

and participant

2. Methods

2.1 Study Design and Setting

A cross-sectional analytical study was conducted by
integrating  three ~ complementary  research
components: (1) spatial epidemiological analysis of
diabetes burden and healthcare accessibility patterns;
(2) evaluation of a community-based behavioral
modification intervention, and (3) spatial
econometric modeling to account for spatial
dependence and local heterogeneity. This design was
selected to link disease distribution, spatial access to
diabetes services, and geographically varied
intervention  outcomes  within a  single
geoinformatics-based analytical framework.

The study was conducted in Health Region 10,
northeastern Thailand, covering five provinces:
Ubon Ratchathani, Yasothon, Amnat Charoen,
Sisaket, and Mukdahan (Figure 1). The region covers
approximately 48,138 km? and consists of 70 districts
and 611 sub-districts. It is characterized by
predominantly rural settlement patterns, agricultural
livelihoods, relatively low household income, mixed
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terrain, border-adjacent communities, and flood-
prone areas. These geographic characteristics make
the region suitable for evaluating spatial inequities in
chronic disease control.

Data collection was conducted between January
2023 and December 2024. All spatial datasets,
including sub-district boundaries, healthcare facility
locations, road-network data, and patient residence-
linked spatial units, were georeferenced to the World
Geodetic System 1984 (WGSS84). For spatial
measurement  and  network-based  distance
calculation, the datasets were projected to Universal
Transverse Mercator (UTM) Zone 48N. This
projection was used to ensure metric accuracy in
distance, accessibility, and spatial modeling
procedures.

The study unit for spatial epidemiological
analysis was the sub-district. The intervention
component was implemented in 24 purposively
selected communities representing different levels of
diabetes burden, healthcare accessibility, and urban-
rural context. This multilevel spatial design allowed
the study to examine both regional patterns of
diabetes burden and local variation in intervention
effectiveness.

2.2 Subjects and Ethical Considerations

For the intervention component, 24 communities
were purposively selected to represent variation in
urban-rural context, baseline diabetes burden, spatial
accessibility to diabetes services, and socioeconomic
conditions. This sampling strategy was used to
ensure that the intervention sites reflected the
geographic heterogeneity of Health Region 10 and
allowed comparison of intervention outcomes across
different accessibility contexts.

Study Area: Health Region 10, Thailand

Five provinces, 70 districts, 611 sub-districts
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Figure 1: Health Region 10, Thailand
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Eligible participants were adults with diagnosed type
2 diabetes mellitus who met the following inclusion
criteria: (1) diagnosis of T2DM for at least six
months; (2) age between 30 and 70 years; (3)
residence in one of the selected study communities;
(4) at least one recorded fasting blood sugar (FBS)
measurement within three months before baseline
assessment; and (5) provision of written informed
consent. Participants were excluded if they had
severe acute diabetic complications requiring
hospitalization, cognitive impairment that limited
their ability to provide informed consent, pregnancy,
concurrent participation in another structured
diabetes intervention program, or planned relocation
during the study period. The primary clinical
outcome was change in fasting blood sugar between
baseline and follow-up. FBS was measured in mg/dL
using standard enzymatic laboratory methods at
accredited health facilities. Changes in glycemic
status were categorized into three groups: (1)
decreased FBS, indicating improvement; (2)
unchanged FBS, defined as a change within £5
mg/dL from baseline; and (3) increased FBS,
indicating worsening glycemic status. This
categorical classification was adopted because
HbAlc data were not consistently available in
routine surveillance records and because short-term
FBS change was considered suitable for evaluating
community-level behavioral intervention outcomes.

The study was approved by the Ubon Ratchathani
University Human Research Ethics Committee
(protocol HEG64-156). All participants provided
written informed consent before participation.
Patient-level data were de-identified before analysis,
securely stored, and used only for research purposes.
Spatial linkage was performed at aggregated
geographic  levels to  protect  participant
confidentiality. Data management followed the
conditions approved by the institutional ethics
committee and complied with Thailand’s Personal
Data Protection Act B.E. 2562 (2019), which
regulates the collection, use, disclosure, and
protection of personal data [16].

2.3 Spatial Autocorrelation and Cluster Detection

Diabetes prevalence rates were visualized at the sub-
district level using choropleth mapping with quantile
classification. This mapping approach was used to
examine the geographic distribution of diabetes
burden and to provide an initial visual assessment of
spatial heterogeneity across Health Region 10.
Global Moran’s I statistic was calculated to test
whether diabetes prevalence showed significant
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spatial autocorrelation or followed a pattern of
complete spatial randomness. Moran’s I is a global
spatial autocorrelation statistic widely used to assess
whether similar values are spatially clustered,
dispersed, or randomly distributed across geographic
units [17]. The statistic was estimated using a queen-
contiguity spatial weights matrix, in which sub-
districts sharing either a common boundary or vertex
were treated as spatial neighbors. Statistical
significance was assessed using 999 random
permutation tests at a significance level of a = 0.05.

Local Indicators of Spatial Association (LISA)
were then computed to identify local clustering
patterns. LISA enables the decomposition of global
spatial autocorrelation into local spatial association
patterns and is commonly used to identify significant
local clusters and spatial outliers [18]. Sub-districts
were classified into four spatial association
categories: high-high clusters, representing high-
prevalence areas surrounded by high-prevalence
neighbors; low-low clusters, representing low-
prevalence areas surrounded by low-prevalence
neighbors; high-low outliers, representing high-
prevalence areas surrounded by low-prevalence
neighbors; and low-high outliers, representing low-
prevalence areas surrounded by high-prevalence
neighbors. This local cluster analysis was used to
identify priority areas for spatially targeted diabetes
control. Getis-Ord Gi* hotspot analysis was also
applied as a complementary cluster-detection method
using distance-based spatial weights. The Getis-Ord
family of statistics is designed to detect statistically
significant spatial concentrations of high or low
values within a defined neighborhood structure [19].
Areas with significant positive Gi* z-scores were
interpreted as hotspots, while areas with significant
negative Gi* z-scores were interpreted as coldspots.

All spatial autocorrelation and cluster-detection
analyses were conducted using GeoDa 1.20 and
ArcGIS Pro 3.1. GeoDa was used for exploratory
spatial data analysis, global and local spatial
autocorrelation, and spatial weights construction
[20]. ArcGIS Pro was used for -cartographic
visualization, spatial data management, and
supplementary hotspot mapping [21]. The combined
use of Global Moran’s I, LISA, and Getis-Ord Gi*
strengthened the spatial validity of the analysis by
capturing both overall spatial dependence and
localized clustering of diabetes burden. The
illustration of the spatial autocorrelation and cluster
analysis are presented in Figure 2.
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Figure 2: Spatial autocorrelation and cluster detection workflow used to identify global clustering,
local clusters, hotspots, and cold spots of diabetes prevalence in Health Region 10, Thailand

2.4 Healthcare Accessibility Modeling progressively lower weights to distant facilities
Spatial accessibility to diabetes services was within the catchment.

quantified using the Enhanced Two-Step Floating

Catchment Area (E2SFCA) method. This method The primary catchment threshold was set at 30 km,

was selected because it improves conventional corresponding approximately to 45 minutes of local
provider-to-population  ratio and straight-line travel. This threshold was determined based on
distance measures by incorporating healthcare consultation with local health officials and
supply, population demand, catchment thresholds, community representatives. Travel time was
and distance-decay effects within a GIS-based calculated using network analysis on the validated

analytical framework [10] and [11]. In this study, road network. Road speeds were adjusted by road
E2SFCA was used to estimate sub-district-level classification: 80 km/h for highways, 60 km/h for
accessibility to diabetes services across Health provincial roads, and 40 km/h for local roads. To

Region 10. The E2SFCA procedure consisted of two reflect seasonal travel constraints in the study area,
analytical steps. In the first step, a supply-to-demand travel speeds were reduced by 30% during the rainy
ratio was calculated for each healthcare facility by season from May to October. Healthcare supply was
dividing weighted service capacity by the diabetes- weighted by facility service capacity, including the
related population demand within its catchment area. number of consultation rooms, operating hours, and
In the second step, the accessibility score for each availability of diabetes-related clinical personnel.
population location was computed by summing the Population demand was estimated using age-adjusted
distance-weighted supply-to-demand ratios of all diabetes prevalence at the sub-district level.
accessible facilities within the defined catchment. Sensitivity analyses were conducted using alternative
The general distance-decay function was specified in catchment thresholds of 20 km and 40 km and
Equation 1: alternative distance-decay parameters. E2SFCA

d> analysis was implemented in Python 3.9 using
fd;)= EXP[_ﬂﬁJ NetworkX for network-based travel-time estimation
! ) and GeoPandas for spatial data processing and

Equation 1 geospatial integration [22] and [23].

Where dj; represents travel time or travel distance 2.5 Community-Based Behavioral Intervention

between population location i and healthcare facility The community-based behavioral intervention was
J, and dp represents the catchment threshold. A designed to improve diabetes self-management
Gagss1an.dlstance—Qecay function was gpphed to through health education, peer support, and
assign higher weights to nearby facilities and strengthened ~ community  health  volunteer
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engagement. The intervention was developed to
address knowledge, skills, motivation, medication
adherence, social support, and continuity of care,
which are recognized as essential components of
diabetes self-management support [24] and [25]. The

intervention  consisted of three integrated
components.
Component 1: Community Diabetes Schools:

Community Diabetes Schools were conducted
monthly, with each session lasting approximately
two hours. The sessions used interactive and
participatory learning methods. The curriculum
covered diabetes pathophysiology and complications
during months 1-2, dietary modification and meal
planning during months 3—4, physical activity and
exercise during months 5-6, medication
management and adherence during months 7-8, self-
monitoring and foot care during months 9—-10, and
stress management during months 11-12. Sessions
were facilitated by trained nurses and dietitians using
culturally adapted learning materials,
demonstrations, practical activities, and take-home
resources. Attendance was recorded, and make-up
sessions were offered when participants missed
scheduled activities.

Component 2: Peer Support Networks: Peer Support
Networks were organized as biweekly 90-minute
meetings led by trained peer leaders. Peer leaders
were selected from diabetes patients with good
glycemic control, communication skills, and
leadership potential. Activities included experience
sharing, mutual encouragement, problem-solving
discussions, group physical activity, and cooking
demonstrations. Peer leaders received 16 hours of
training in group facilitation, active listening, goal
setting, and recognition of warning signs requiring
referral. Support groups consisted of 8-12
participants and were formed based on geographic
proximity and participant preference.

Component 3: Enhanced Community Health
Volunteer Support: Community health volunteers
received 24 hours of intensive training in behavioral
counseling, medication review, hypoglycemia
recognition, referral protocols, lifestyle counseling,
and complication screening. Trained volunteers
conducted monthly home visits to provide
individualized support, assess medication adherence,
reinforce lifestyle goals, identify barriers to self-
management, and support timely referral when
needed. Volunteers received performance-based
incentives of 300 Baht per completed visit, monthly
supervision, and quarterly refresher training.
Implementation fidelity was monitored using
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attendance logs, session observation records, and
community health volunteer visit documentation. A
random 20% sample of intervention sessions was
observed to assess adherence to intervention
protocols. Baseline assessments included FBS
measurement, dietary behavior, physical activity,
medication adherence, diabetes self-efficacy,
diabetes distress, and perceived social support. These
measures were used to evaluate participant
characteristics and to support interpretation of
geographic variation in intervention outcomes.

2.6 Statistical Analysis
Descriptive statistics were calculated to summarize
participant  characteristics, clinical outcomes,
accessibility measures, and community-level
variables. Continuous variables with approximately
normal distributions were reported as means and
standard deviations, while skewed continuous
variables were reported as medians and interquartile
ranges. Categorical variables were summarized using
frequencies and percentages. Baseline characteristics
were compared across geographic contexts and
accessibility levels to describe the spatial and
demographic structure of the study population.
Multilevel linear regression models were
specified to evaluate intervention effects while
accounting for clustering of participants within
communities. Random intercepts were included at
the community level to account for intra-community
correlation. Fixed effects included time, intervention
exposure, time-by-intervention interaction, E2SFCA
accessibility score, urban-rural classification, and
patient-level covariates including age, sex, diabetes
duration, baseline FBS, and comorbidities. Effect
modification by geographic accessibility was
assessed using interaction terms  between
intervention exposure and E2SFCA accessibility.
Multilevel modeling is appropriate for hierarchically
structured health data because it accounts for
dependence among observations within higher-level
units [26]. To address residual spatial dependence
that may violate the independence assumption of
conventional regression, spatial econometric models
were estimated at the sub-district level. Spatial lag
model (SAR), spatial error model (SEM), and spatial
Durbin model (SDM) specifications were
considered. Lagrange Multiplier diagnostics were
used to guide model selection. A queen-contiguity
spatial weights matrix was constructed and row-
standardized before model estimation. Direct and
indirect effects were calculated where spatial
spillover effects were relevant, particularly for
spatial Durbin specifications. Spatial econometric
modeling was used because spatially correlated
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outcomes can bias conventional regression estimates
and inference [27] and [28].

Geographically weighted regression (GWR) was
employed to examine local spatial heterogeneity in
the relationship between healthcare accessibility and
FBS outcomes. Unlike global regression models,
GWR allows parameter estimates to vary across
geographic locations, making it suitable for
identifying areas where accessibility has stronger or
weaker associations with glycemic control. The
optimal bandwidth was selected using corrected
Akaike Information Criterion (AICc), and adaptive
bisquare kernels were applied to accommodate
variation in spatial density across the study area.
Local coefficient estimates were mapped to visualize
geographic variation in the accessibility—FBS
relationship. GWR and related geographically
weighted models are widely used to explore spatial
non-stationarity in relationships between explanatory
variables and outcomes [29] and [30].

All statistical tests were two-tailed, with
statistical significance set at o = 0.05. Missing data,
which accounted for less than 5% of most variables,
were handled using multiple imputation with 20
imputed datasets under the missing-at-random
assumption. Multiple imputation by chained
equations was applied to reduce bias associated with
incomplete covariate data [31]. Statistical power
calculations indicated 80% power to detect an
intervention effect size of Cohen’s d = 0.35 and an
accessibility association equivalent to R? = 0.15,
given the study sample size and design. Statistical
and spatial analyses were conducted using Stata 17,
R 4.2, Python 3.9, and relevant spatial analysis
packages, including spatialreg and GWmodel.

3. Results

3.1 Baseline Characteristics and Sample Description
A total of 1,847 patients with type 2 diabetes from 24
communities participated in the intervention
evaluation. Complete baseline and follow-up data
were available for 1,692 participants, corresponding
to a retention rate of 91.6%. The study sample was
predominantly female, with women accounting for
63.2% of participants. The mean age was 58.4 years
(SD = 8.9; range: 30-70 years), and the mean
duration of diabetes was 7.3 years (SD = 4.8).

At baseline, the mean FBS level was 8.6% (SD =
1.4%), and 78.3% of participants were classified as
having poor glycemic control using the study-
defined threshold of FBS > 7%. Most participants
were enrolled in the Universal Coverage Scheme
(82.1%), followed by the Civil Servant Medical
Benefit Scheme (13.4%) and the Social Security
Scheme (4.5%). Educational attainment was
generally low: 45.8% of participants had completed
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only primary education, while 31.2% had no formal
education. Most participants were engaged in
agricultural occupations (71.4%). The median
monthly household income was 8,500 Baht (IQR:
5,000-15,000 Baht). Common comorbidities
included hypertension (68.9%), dyslipidemia
(52.3%), and obesity, defined as BMI > 25 kg/m?
(41.7%). These baseline characteristics indicate that
the intervention population represented a
predominantly rural, socioeconomically vulnerable
diabetes population with a high burden of
uncontrolled  glycemia and  cardiometabolic
comorbidity. Detailed baseline characteristics by
intervention group and geographic context are
presented in Table 1.

Table 1: Mean HbAlc levels by healthcare
accessibility quintile

Accessibility quintile Mean HbAlc (%) £SD
QI (Lowest) 84+1.2
Q2 79+1.1
Q3 7.5+1.0
Q4 72+09
Q5 (Highest) 6.9 £0.8

3.3 Healthcare Accessibility and Glycemic Control
E2SFCA accessibility scores showed substantial
spatial variation across sub-districts, indicating
marked geographic inequity in access to diabetes
services. Lower healthcare accessibility was
consistently associated with poorer glycemic control.
Mean HbAlc levels decreased progressively from
the lowest to the highest accessibility quintile,
suggesting a clear accessibility—glycemic control
gradient. Multilevel regression analysis further
confirmed the independent association between
spatial accessibility and glycemic control. After

adjustment for age, sex, diabetes duration,
comorbidities, socioeconomic status, and
community-level clustering, higher E2SFCA

accessibility was significantly associated with lower
HbAlc levels (f =-0.23, 95% CI: -0.35t0 -0.11, p <
0.001). This result indicates that each one-unit
increase in the E2SFCA accessibility score was
associated with a 0.23 percentage-point lower
HbAlc value.

Distance-band analysis showed a similar pattern.
Participants residing more than 20 km from
comprehensive diabetes services had significantly
poorer glycemic control than those living within 5
km of such services, with an adjusted mean HbAlc
difference of +1.1 percentage points (95% CI: 0.8 to
1.4, p < 0.001). These findings indicate that spatial
accessibility to diabetes services is strongly
associated with glycemic outcomes, even after
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controlling for individual-level and community-level
factors.

3.2 Spatial Distribution and Clustering of Diabetes

Burden
Sub-district-level diabetes prevalence in Health
Region 10 ranged from 3.2% to 14.8%, with a
regional mean of 8.9% (SD = 2.3%). The choropleth
visualization revealed a non-uniform spatial pattern
of diabetes burden across the 611 sub-districts, with
higher-prevalence areas concentrated in specific
geographic zones rather than evenly distributed
across the region (Figure 3). Global spatial
autocorrelation analysis confirmed that diabetes
prevalence was significantly clustered. Global
Moran’s I was 0.342 (p < 0.001), indicating positive
spatial autocorrelation and rejecting the null
hypothesis of complete spatial randomness. This
result demonstrates that sub-districts with similar
diabetes prevalence values were more likely to be
located near one another.

Local cluster analysis further identified distinct
spatial patterns of diabetes burden. LISA results
classified 187 sub-districts (14.9%) as high-high
clusters, indicating high-prevalence sub-districts
surrounded by neighboring sub-districts with
similarly high prevalence. These clusters were
predominantly located in border-adjacent districts of
Ubon Ratchathani and Sisaket provinces. In contrast,
142 sub-districts (11.3%) were classified as low-low
clusters, indicating low-prevalence sub-districts
surrounded by neighboring sub-districts with
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similarly low prevalence, mainly in central urban
areas.

Spatial outlier patterns were also detected. A total
of 23 sub-districts were classified as high-low
outliers, representing high-prevalence sub-districts
surrounded by lower-prevalence neighboring areas.
Another 31 sub-districts were classified as low-high
outliers, representing low-prevalence sub-districts
surrounded by higher-prevalence neighboring areas.
These outlier locations indicate local discontinuities
in the spatial distribution of diabetes burden. Getis-
Ord Gi* hotspot analysis supported the LISA
findings. Statistically significant hotspots (Gi* >
1.96, p < 0.05) were concentrated in peripheral rural
zones, while coldspot patterns were observed in areas
with relatively lower diabetes prevalence. Taken
together, the choropleth mapping, Global Moran’s I,
LISA, and Getis-Ord Gi* analyses demonstrate clear
spatial dependence and localized clustering of
diabetes burden in Health Region 10.

3.3 Healthcare Accessibility and Glycemic Control
E2SFCA accessibility scores varied widely across
sub-districts, ranging from 0.08 to 4.73, with a mean
score of 1.42 (SD = 0.89). This variation indicates
substantial geographic inequity in access to diabetes
services across Health Region 10. Urban sub-districts
demonstrated markedly higher accessibility scores
(mean = 3.21) than rural sub-districts (mean = 1.08)
and remote rural sub-districts (mean 0.45).
Glycemic control also showed notable geographic
variation.
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Figure 3: Spatial distribution and clustering of diabetes prevalence in Health Region 10, Thailand:
(a) diabetes prevalence by sub-district, (b) Global Moran’s I scatterplot,
(c) LISA cluster map, and (d) Getis-Ord Gi hotspot

International Journal of Geoinformatics, Vol. 22, No. 6, June, 2026
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



Mean HbAlc levels across sub-districts ranged from
6.8% to 9.2%, with a regional mean of 7.8% (SD =
0.6%). Lower healthcare accessibility was
consistently associated with poorer glycemic control.
When stratified by E2SFCA accessibility quintiles,
mean HbA1c declined progressively from the lowest
to the highest accessibility quintile. The lowest
accessibility quintile (Q1) had the highest mean
HbA1c level at 8.4% (SD = 1.2), whereas the highest
accessibility quintile (Q5) had the lowest mean
HbAlc level at 6.9% (SD = 0.8), demonstrating a
clear accessibility—glycemic control gradient (Table
1).

Multilevel regression analysis confirmed the
independent association between spatial accessibility
and glycemic control. After adjustment for age, sex,
diabetes duration, comorbidities, socioeconomic
status, and community-level clustering, higher
E2SFCA accessibility was significantly associated
with lower HbAlc levels (f = -0.23, 95% CI: -0.35
to -0.11, p < 0.001). This finding indicates that each
one-unit increase in the E2SFCA accessibility score
was associated with a 0.23 percentage-point
reduction in HbA1c. Distance-band analysis showed
a consistent pattern. Participants residing more than
20 km from comprehensive diabetes services had
significantly poorer glycemic control than those
living within 5 km, with an adjusted mean HbAlc
difference of +1.1 percentage points (95% CI: 0.8 to
1.4, p < 0.001). These findings demonstrate that
spatial accessibility to diabetes services was strongly
associated with glycemic outcomes, even after
adjustment for individual-level and community-level
covariates.

3.4 Intervention Outcomes and Geographic

Moderation
Implementation fidelity varied substantially across
geographic  contexts. Urban and peri-urban
communities achieved higher mean session
attendance rates (78.4%, SD = 12.3%) than remote
rural communities (51.7%, SD = 18.9%; p < 0.001),
indicating unequal program participation across
accessibility settings. Overall, the community-based
behavioral intervention produced a significant
reduction in fasting blood sugar (FBS) from baseline,
with a mean change of -0.9 mg/dL (95% CI: -1.1 to -
0.7; p <0.001). However, intervention effectiveness
showed clear geographic heterogeneity. Urban
settings demonstrated the largest FBS reduction
(mean = -1.2 mg/dL, 95% CI: -1.5 to -0.9), followed
by peri-urban areas (mean = -0.8 mg/dL, 95% CI: -
1.1 to -0.5) and remote rural sites (mean = -0.4
mg/dL, 95% CI: -0.7 to -0.1).

Multilevel models testing effect modification
showed a statistically significant interaction between
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baseline E2SFCA accessibility and intervention
effectiveness (Binteraction = 0.18, p = 0.003). This
result indicates that intervention benefits were
attenuated in low-accessibility settings. In other
words, communities with lower spatial accessibility
to diabetes services experienced  smaller
improvements in FBS after the intervention than
communities with higher accessibility. These
findings demonstrate that geographic accessibility
moderated intervention effectiveness. Although the
behavioral intervention improved  glycemic
outcomes overall, its impact was weaker in remote
rural communities where lower accessibility may
have constrained participation, continuity of support,
and implementation fidelity.

4. Discussion

This geospatial analysis demonstrates that diabetes
burden, healthcare accessibility, and intervention
effectiveness in Health Region 10 are strongly
structured by geographic context. The findings show
three major patterns: first, diabetes prevalence was
spatially clustered rather than randomly distributed,
second, lower E2SFCA accessibility was associated
with poorer glycemic control, measured by HbAlc;
and third, the effectiveness of the community-based
behavioral intervention varied by geographic
accessibility. Together, these results indicate that
geographic inequity is not only a background
characteristic of diabetes care but also a measurable
determinant of clinical outcomes and a moderator of
intervention impact.

Recent studies published in the International
Journal of Geoinformatics have emphasized the
growing role of GIS in health disparity analysis,
disease surveillance, healthcare service coverage,
spatial disease modeling, and health preparedness
[32][33][34][35] and [36]. These studies support the
use of geospatial methods to identify where health
risks are concentrated, where service coverage is
inadequate, and where policy responses should be
spatially prioritized. The present study extends this
line of geoinformatics research by applying spatial
clustering analysis, E2SFCA accessibility modeling,
spatial econometric modeling, and geographically
differentiated intervention assessment to diabetes
control in northeastern Thailand. The significant
positive  spatial autocorrelation of diabetes
prevalence, indicated by Global Moran’s I, confirms
that high-burden and low-burden sub-districts were
geographically patterned. LISA and Getis-Ord Gi*
analyses further identified local clusters, spatial
outliers, hotspots, and coldspots. These findings are
consistent with recent IJG health-geoinformatics
studies showing that GIS-based disease surveillance
can reveal spatial concentrations and temporal-
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spatial disease patterns that are not visible through
conventional aggregate reporting [35] and [36]. For
diabetes control, this means that regional averages
may conceal localized high-burden areas that require
intensified screening, follow-up, health education,
and resource allocation.

The E2SFCA results provide additional evidence
that diabetes service accessibility is unevenly
distributed across Health Region 10. Urban sub-
districts had substantially higher accessibility scores
than rural and remote rural sub-districts, reflecting
differences in facility availability, service capacity,
travel distance, and road-network connectivity. The
observed accessibility HbAlc gradient indicates that
patients in lower-accessibility areas experienced
poorer glycemic control. This finding is aligned with
1JG evidence showing the utility of GIS for analyzing
health center service coverage, spatial health
disparities, hospital coverage areas, and response-
time constraints [32] and [33]. In the context of
Thailand’s Universal Health Coverage system, the
present findings suggest that legal or financial
entitlement to care must be complemented by
spatially realistic access to services.

The intervention results demonstrate that
community-based behavioral programs may not
produce uniform effects across space. Although the
intervention significantly reduced HbAlc overall,
urban communities experienced larger
improvements than peri-urban and remote rural
communities. The significant interaction between
baseline E2SFCA accessibility and intervention
effectiveness suggests that geographic accessibility
moderated intervention outcomes. Low-accessibility
settings may reduce attendance, weaken
implementation fidelity, limit continuity of follow-
up, and constrain the ability of community health
volunteers to provide consistent support. This finding
strengthens the argument that behavioral
interventions should be geographically adapted
rather than implemented as a uniform package across
heterogeneous rural-urban contexts.

From a geoinformatics perspective, the main
contribution of this study is the integration of spatial
clustering analysis, E2SFCA accessibility modeling,
spatial econometric regression, and geographically
weighted regression into a single decision-support
framework. This approach moves beyond descriptive
mapping by linking disease burden, service
accessibility, spatial dependence, and intervention
heterogeneity. Recent 1JG studies have similarly
demonstrated that GIS can support public health
decision-making by integrating spatial data, health
indicators, service infrastructure, and disease-risk
information into operational planning frameworks
[32][34] and [36]. The present study advances this
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direction by showing how spatial methods can be
applied not only to disease surveillance but also to
chronic disease intervention evaluation.

The use of spatial econometric modeling and
geographically  weighted  regression  further
strengthens the methodological contribution of the
study. Spatial econometric analysis accounts for
spatial dependence that may bias conventional
regression estimates, while GWR enables the
identification of local variation in the relationship
between healthcare accessibility and glycemic
control. This is particularly important for chronic
disease management because accessibility effects
may not be spatially uniform. Areas with low
baseline accessibility may experience greater
marginal benefit from service expansion, mobile
clinics, or strengthened community health volunteer
support. This local heterogeneity is central to
precision public health and spatially targeted
resource allocation.

These findings have direct policy implications for
diabetes control in Health Region 10. First, high-
burden and low-accessibility sub-districts should be
prioritized for targeted resource allocation. Second,
remote rural communities may require additional
implementation support, including mobile diabetes
clinics, transport-sensitive appointment systems,
strengthened community health volunteer coverage,
and digitally supported follow-up. Third, regional
health authorities should consider establishing a GIS-
based diabetes monitoring dashboard that integrates
diabetes prevalence, HbAlc outcomes, facility
capacity, road-network accessibility, E2SFCA
scores, and intervention performance indicators.
Such a system would support continuous monitoring
of spatial inequities and provide evidence for
adaptive resource allocation.

This study has several limitations. First, the
cross-sectional analytical component limits causal
interpretation of the association between spatial
accessibility and glycemic control. Second, although
E2SFCA improves accessibility measurement,
travel-time estimates may still be affected by
unmeasured local conditions such as seasonal
flooding, informal transport routes, and household-
level mobility constraints. Third, the intervention
communities were purposively selected rather than
randomly sampled, which may limit generalizability.
Fourth, routine health data may contain measurement
variation across facilities. Nevertheless, the
integration of multiple geospatial analytical methods
provides robust evidence that geographic context

matters for diabetes control and intervention
implementation.
Consistent with this interpretation, related

geospatial and community health studies in Thailand
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have demonstrated that spatial information,
surveillance-system  design, service delivery
assessment, and community-based implementation
capacity are important for localized public health
action. A dengue hemorrhagic fever surveillance
model in Si Sa Ket Province showed that GIS can
support the identification of disease-risk populations
and provincial surveillance-system development
[37]. Evidence from COVID-19 crisis-management
systems, vaccination-service assessment, and risk
perception with preventive behaviors further
indicates that public health responses require
integration of disease burden, service capacity,
community behavior, and operational preparedness
[38][39] and [40]. In addition, evidence on public
health professional competencies and community-
based self-care intervention highlights the
importance of local implementation capacity when
health outcomes depend on service access, patient
behavior, and continuity of support [41] and [42].
These studies reinforce the present study’s argument
that spatially explicit analysis can be extended from
infectious disease surveillance to chronic disease
equity, healthcare accessibility assessment, and
geographically differentiated intervention planning.

Overall, the results support a shift from uniform
chronic disease programming toward spatially
targeted diabetes control. Geographic accessibility
should be treated as a structural determinant of
diabetes outcomes and as a key consideration in
intervention design. For Health Region 10,
improving diabetes equity will require not only
community-level behavioral interventions but also
spatially explicit service planning that prioritizes
high-burden, low-access areas. This geoinformatics-
based approach can strengthen evidence-based
resource allocation and support more equitable
chronic disease management under Thailand’s
Universal Health Coverage system.

5. Conclusions

Health Region 10 exhibits pronounced spatial
inequities in  diabetes burden, healthcare
accessibility, and glycemic control. Diabetes
prevalence was spatially clustered across sub-
districts, and lower E2SFCA accessibility was
associated with poorer HbAlc outcomes. The
findings also showed that community-based
behavioral intervention effects were geographically
heterogeneous, with weaker improvements observed
in low-accessibility and remote rural settings.
Geographic accessibility therefore functions as both
a structural determinant of diabetes outcomes and a
moderator of intervention effectiveness. These
results indicate that uniform diabetes intervention
models are insufficient for achieving equitable
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glycemic control across spatially diverse settings.
Under Thailand’s Universal Health Coverage
system, equity in health entitlement should be
complemented by equity in practical geographic
access to diabetes services.

Achieving equitable diabetes control in Health
Region 10 requires spatially targeted strategies,
including prioritizing high-burden and low-
accessibility hotspots, strengthening implementation
support in remote rural communities, expanding
mobile or outreach diabetes services, enhancing
community health volunteer capacity, and
integrating GIS-based monitoring into routine
chronic disease management. A spatial decision-
support system combining diabetes prevalence,
HbA 1c outcomes, healthcare facility capacity, road-
network accessibility, E2SFCA scores, and
intervention performance indicators would support
more precise resource allocation and continuous
monitoring of health inequities. Overall, this study
demonstrates the value of geoinformatics for chronic
disease control. By integrating spatial clustering
analysis, accessibility modeling, spatial econometric
analysis, and  geographically  differentiated
intervention evaluation, the study provides evidence
that place matters in diabetes management. Spatially
explicit planning should therefore be embedded into
regional diabetes control policy to improve equity,
strengthen intervention effectiveness, and support
precision public health under universal health
coverage.
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