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Abstract Globally, tuberculosis ranks as the second most prevalent cause of mortality resulting from a single infectious
disease. In 2023, Indonesia experienced a 24-year peak in tuberculosis cases, with West Java Province exhibiting the highest
occurrence rate, reflecting a 24.2% increase compared to the previous year. This study aims to investigate the determinants of
tuberculosis cases in West Java by employing a spatial approach to account for regional heterogeneity. The Geographically
Weighted Negative Binomial Regression (GWNBR) method is applied due to its suitability for handling count data with
overdispersion while accommodating spatially varying relationships. Parameter estimation is conducted using the Maximum
Likelihood Estimation (MLE) method enhanced with the Nelder—-Mead optimization algorithm. Four kernel function types
are incorporated in the modeling process, namely Fixed Gaussian, Adaptive Gaussian, Fixed Bi-square, and Adaptive
Bi-square. Based on the Akaike Information Criterion (AIC), the Adaptive Gaussian kernel demonstrates the best model
performance, achieving an AIC value of 1,000.11. Population density emerges as the most influential determinant, showing
statistical significance across all regions. These findings emphasize the importance of developing localized tuberculosis
control strategies that are tailored to specific regional characteristics.
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1. Introduction

Tuberculosis is an infectious disease triggered by the bacterium Mycobacterium tuberculosis,capable of impacting
various organs [1l]. Tuberculosis is both preventable and often treatable [2| 3]. Nevertheless, according to 2022
World Health Organization (WHO) statistics, Tuberculosis holds the position of the second most prevalent cause of
death globally from a single infectious agent, surpassed only by the coronavirus disease (COVID-19). Tuberculosis
also results in nearly twice as many deaths as HIV/AIDS [4]]. Annually, over 10 million individuals continue to be
affected by Tuberculosis [3]]. Indonesia ranks second globally in the number of TB sufferers, following India [4} |6].
The province with the highest reported number of Tuberculosis cases is West Java, one of Indonesia’s most
densely populated regions [7]]. Furthermore, data from the https://opendata. jabarprov.go.id website
indicates that in 2023, West Java recorded 211,959 Tuberculosis cases, reflecting a 24.2% increase compared to
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the preceding year. Consequently, effective strategies and policies are essential to tackle the burden of Tuberculosis
cases within West Java Province.

Previous research on modeling the spread of Tuberculosis found that various factors can influence the
transmission of Tuberculosis cases. According to research by Mohidem et al. [§]], there is a significant relationship
between Tuberculosis cases and population density. Then, another study by Wondmeneh and Mekonnen [9] showed
that the number of HIV/AIDS cases is a factor related to Tuberculosis incidents. Research by Wang et al. [[10]] shows
that the number of poor people is a factor that influences the number of Tuberculosis cases. Research by Samrah
et al. [[11] showed that the number of households practicing clean and healthy living is related to Tuberculosis.
Research by Bisht et al. [[12] showed that the number of Diabetes Mellitus patients is related to Tuberculosis. A
study by LeBan et al. [[13]] showed that the number of community health centers affects Tuberculosis. According to
the analysis conducted by Xue et al. [14], the number of Tuberculosis cases has a spatial influence.

Previously mentioned studies did not examine overdispersion in Tuberculosis case data. Therefore, the aim of this
study is to model Tuberculosis cases by reviewing overdispersion data. Poisson regression and Negative Binomial
regression are appropriate models for count data [15}[16]]. Count data tends to experience overdispersion rather than
underdispersion [[17]. Meanwhile, Poisson regression can be used when equidispersion is observed [[18,[19]. Spatial
modeling with Geographically Weighted Negative Binomial Regression (GWNBR) is the most effective alternative
to handle data with overdispersion [20]. Therefore, this study will explore the most appropriate spatial approach
for the number of Tuberculosis cases with the GWNBR model. This model can accommodate overdispersion data,
resulting in more precise predictions relative to actual data.

2. Material and Methods

This study leverages data sourced from the Open Data Jabar portal (opendata.jabarprov.go.id),
encompassing information provided by relevant government bodies. The data utilized in this research comprise
the count of Tuberculosis cases, population density, count of HIV cases, number of individuals living in poverty,
proportion of households adhering to clean and healthy living practices, count of Diabetes Mellitus patients, and
the number of community health centers. Additionally, spatial data in the form of shapefiles were acquired from the
Geosai website. These shapefiles incorporate longitude and latitude coordinates for each district or city throughout
West Java Province, which are crucial for undertaking spatial analysis. Table |1| outlines the research variables in
this study.

Table 1. Research Variables

Variable Description Unit

Number of Tuberculosis cases Total number of Tuberculosis cases in | Persons
each district/city

Population density Number of persons per unit area Persons/km?

Number of HIV cases Total HIV cases reported Persons

Number of people living in poverty

Total individuals living below the poverty
line

Thousand persons

Percentage of households practicing | Proportion of households adhering to | Percent
clean and healthy living behavior clean and healthy living practices

Number of Diabetes Mellitus patients Total Diabetes Mellitus cases Persons
Number of community health centers in | Total community health centers in West | Units

West Java Province for the year 2023

Java for 2023

The spatial structure of these data enables the examination of disease dispersion patterns across regions, allowing

the identification of clustering or spatial heterogeneity in Tuberculosis cases. In the Poisson model, the variance
and the mean are expected to be equal. Overdispersion in the Poisson model can lead to invalid coefficient estimates
because the model is unable to capture the greater variability present in the data [21}[22]). In such cases, a commonly
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used model to handle overdispersion is the Negative Binomial model [23]]. The presence of dispersion can be tested
using a dispersion test [24]. Equation (I]) represents the test statistic for testing the equidispersion assumption:

D
0= )

where D denotes the deviance and df = n — 1. If the resulting dispersion value ¢ > 1, the model exhibits
overdispersion; if ¢ < 1, the model indicates underdispersion; and if ¢ = 1, the equidispersion assumption is
satisfied. Equation (2)) is the deviance formula.

D=2%" [yi In (5) — (i~ y)} 2
i=1 ¢

where y; and g; denote the observed value of the response variable at location 7 and the corresponding predicted
value, respectively, fori =1,2,...,n.

Spatial effects manifest in two primary forms: spatial heterogeneity and spatial dependence [25| 26]. Spatial
dependence indicates that the value of a variable at a specific location is affected by the values of the same variable
in nearby locations [27]. Conversely, spatial heterogeneity arises when a variable and its relationships with other
variables fluctuate across the study area [28]]. Spatial dependence can be assessed using Moran’s I test [29]].

After identifying the presence of spatial autocorrelation using Moran’s I, it is important to further investigate
whether the observed spatial pattern is influenced by spatial heterogeneity. While Moran’s I evaluates spatial
autocorrelation, it does not account for potential non-constant variance across spatial units, which may bias
statistical inference. To address this issue, Anselin (1988) proposed the use of the Breusch—Pagan (BP) test as
a diagnostic tool to detect spatial heterogeneity in regression residuals [30} 31]. This test examines whether the
variance of residuals from a spatial regression model remains constant across observations or varies spatially.

Modeling with a spatial heterogeneity approach and data following a Negative Binomial distribution, commonly
referred to as the Geographically Weighted Negative Binomial Regression (GWNBR) model, allows each area to
have its own local parameter estimates. Equation (3) presents the GWNBR model, where Y; ~ NB:

P
fhi = exp (Z Bj(ui, v;) $7J> ; 0 = 0(ui, vi) 3
j=1
where i = 1,2,...,n represents the observation locations, and j = 1,2,...,p denotes the predictor variables.

The value p; is the mean of the response variable at location ¢, x;; is the observed value of the j-th predictor variable
at location ¢, and (u;, v;) represents the longitude and latitude coordinates of each location. Furthermore, £, (u;, v;)
denotes the local regression coefficient of the j-th predictor variable, while 6(u;,v;) represents the dispersion
parameter of the Negative Binomial distribution.

The probability mass function of the Negative Binomial distribution for each location (u;,v;) in the GWNBR
model is given in Equation (@):

F(¥) = rvir i) ( ! )(9#>Y 4)

%‘H

where
f(}/’-b) = f(Y; | xij7ﬁj(ui7/ui)a e(uza vl)) ) 1/2 = 07 17 23 CIIE

and the mean p; follows an exponential form,

pi = exp(z] B(ui,vi)) -

Negative Binomial regression belongs to the class of Generalized Linear Models (GLM) [32]]. According to
McCullagh and Nelder (1989), the GLM framework consists of three essential components [33]]:
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1. The distribution of the response variable Y; is a member of the exponential family.
2. A link function g(u;) that relates the expected value of Y; to the linear predictor.
3. A linear predictor defined as

where 7); denotes the linear predictor.

For a distribution to be analyzed within the GLM framework, it must be expressed in the general exponential
family form, as shown in Equation (5). The general exponential family form for discrete variables is expressed as:

f(Yi) = c(0) exp{d(0) T(Y)} h(Y) (5)

This formulation indicates that a probability distribution can be represented using a sufficient statistic 7'(Y;) and
a canonical parameter d(6). In the context of Generalized Linear Models (GLM), the link function is derived from
the relationship between the expected value 1; and the canonical parameter d(6), as shown in Equation (6)):

g(pi) = d(0) (6)

This implies that the link function arises naturally from the exponential structure of the distribution. Since the
probability mass function (PMF) of the Negative Binomial distribution does not directly appear in exponential
family form, the logarithm of the PMF is taken, yielding:

F(Y;) = c(6;) exp {m- 1og<1 ig‘ﬂ) - %log(l + emi)} h(Y;) (7
From Equation (7), the canonical parameter is obtained as:
d(6;) = log (1 i’g” ®)
The logarithmic transformation of y; can be written as:
(25 ) = ou) + o) ~ ow(1 + 6 ©
1+ 0;p

Since 0; is assumed to be constant, the derivative of d(6;) reduces to log(u;). Consequently, the link function for
the Negative Binomial regression becomes:

i = d(0;) = log(s).

Parameter estimation for the GWNBR model is conducted using the Maximum Likelihood Estimation (MLE)
method. The log-likelihood function is expressed as follows [34]:

r(Yi+4)

InL(-) = ;wzj(ui,%‘) lln W

+ Y In(0;p05) — <91 + Yi) In(1 + eiﬂi)] (10)

where
L(-) = L(B(ui,vi), 0; | Yz‘,%‘j)-

For count data, the Nelder—-Mead (NM) optimization algorithm has been shown to perform better than the BFGS
algorithm [35]]. Therefore, parameter estimation in this study employs the Nelder—-Mead iterative method until
convergence is achieved.

The steps of the Nelder—Mead (NM) iteration are as follows.
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1. For a function g(X) with p variables, p + 1 initial values are required.
2. Compute
g(Xl)a g(XZ)v ey g(X;D+1)'

3. Order the function values such that
g1 =9(X1) <g2=9(X2) < ... < gpy1 = g(Xpt1)-

4. Compute the reflection point B
X, =2X - Xpi1,

where )
_ X;
X = —,
=1 p
then calculate
gr = g(Xy)

|91

. If g1 < g» < gp, accept X, and stop the iteration.
6. If g, < g1, compute the expansion point

with
9 = 9(Xe).
If g. < gr, accept X.; otherwise, accept X, and stop.
7. If g, < gp, perform a contraction under the following conditions:

* If g, < gr < gp+1, cOMpute

with
ge =49 (X c)-
If g. < g., accept X, and stop; otherwise, proceed to the next step.
* If g, < gp+1, compute

Kee = X - (X - XP+1)a

| —

with
gee = 9(Xec)-
If gee < gp+1, accept X..; otherwise, continue to the next step.
8. Shrink step: Evaluate g(X) for p + 1 points for i = 1,2, ..., p + 1, then return to Step (1) with

Xi = V;.

Simultaneous significance testing is carried out using the Maximum Likelihood Ratio Test (MLRT). The
hypotheses are formulated as:

HO : Bl(ui,vi) = ﬁZ(uiavi) [ — Bp(uivvi) — 0, 1 = 1’2’ ey T,

H12 Elﬁj(ui,vi);éO, j:1,2,,p
The MLRT test statistic is defined as:

D(B) =2 [mL(Q) ~In L(@)] 11
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where L(w) and L(£2) denote the likelihood functions under the null and alternative hypotheses, respectively.
The null hypothesis is rejected if D(3) > x2.,, or if the p-value is less than o
If the simultaneous test is significant, a partial significance test is conducted. The hypotheses are:

HO : Bj(ui,vi) = 07 Hl : ﬂj(ui,vi) 75 0.

The partial test statistic is given by:
7= Pilwv) (12)

SE|B(us,v1)|

where SE(Bj (u;,v;)) is the standard error obtained from the square root of the (j + 1)-th diagonal element of
the covariance matrix of 3(u;, v;). The null hypothesis is rejected if | Z| > Z,, /2 or if the p-value is less than a.

The estimation of localized parameters in the GWNBR framework heavily depends on the configuration of the
spatial weight matrix, which is governed by the choice of the kernel function and its corresponding bandwidth.
In spatial statistics, the conceptual divergence between fixed and adaptive kernels is rooted in how they treat
geographic space. A fixed kernel enforces a constant distance radius (d) across the entire study area, meaning
the geographic scope of local neighborhoods is invariant, which can cause severe under-sampling and unstable
parameter estimates in regions where data points are sparse. Conversely, an adaptive kernel dynamically varies
its distance radius to capture a constant, pre-specified number of nearest neighbors (represented as a localized
span). Given the distinct geographical and demographic profile of West Java Province, an adaptive framework is
theoretically and empirically mandatory. West Java exhibits extreme spatial inequality, characterized by intensely
hyper-congested metropolitan cores and industrial agglomerations (such as Bandung City, Bekasi City, Depok,
and Cimabhi) juxtaposed against expansive, topographically fragmented rural peripheries (such as Pangandaran,
Ciamis, and southern Sukabumi Regencies). By utilizing an adaptive kernel, the model automatically compresses
its spatial footprint in dense urban environments to isolate hyper-local transmission characteristics and expands
its boundary in rural spaces to encompass enough neighboring jurisdictions to secure numerical stability and
prevent small-sample estimation failures. To implement this, the optimal bandwidth parameter for each of the four
candidate kernels was systematically resolved using the iterative Golden Section Search algorithm, a derivative-free
mathematical optimization technique that identifies the global minimum value of the Akaike Information Criterion
(AIC) as its core convergence threshold.

3. Results

Figure[T|presents a thematic map illustrating the spatial distribution of Tuberculosis cases across districts and cities
within West Java Province in 2023. The map employs a graduated color scale, where districts are shaded according
to the reported number of Tuberculosis cases, ranging from a minimum of 954 to a maximum of 27690. Darker blue
shades indicate higher Tuberculosis case counts, while lighter shades represent lower counts, thereby visualizing
the geographical heterogeneity in Tuberculosis prevalence across the region. Notably, region 4 exhibits the highest
reported number of Tuberculosis cases, while regions 5, 13, 17, and 20 show the lowest relative prevalence. Figure
shows a thematic map for the predictor variables: population density, number of HIV cases, number of poor people,
percentage of households practicing clean and healthy living behaviors, number of diabetes sufferers, and number
of health centers. The darker the color, the higher the value for each variable.

Figure [T| presents the spatial distribution of Tuberculosis cases across districts and cities in West Java Province
in 2023. Districts with higher numbers of Tuberculosis cases, indicated by darker shading, are predominantly
concentrated in the western and central regions of the province. This spatial pattern suggests that Tuberculosis
cases tend to be clustered in areas with higher population density and greater urban activity, which may facilitate
disease transmission. In contrast, districts located in the eastern and southeastern parts of West Java exhibit lower
Tuberculosis case counts, as shown by lighter color intensity. These regions are generally characterized by lower
population density and reduced population mobility, which may contribute to a lower risk of Tuberculosis spread.
The variation in color intensity across districts highlights pronounced spatial heterogeneity in the distribution of
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Figure 1. Distribution Map of Tuberculosis Cases in each district or city in West Java Province in 2023.

Tuberculosis cases, indicating that the burden of Tuberculosis is unevenly distributed across the province. This
finding underscores the importance of incorporating spatial effects in the analysis to adequately capture regional
differences in Tuberculosis incidence.To further describe the characteristics of Tuberculosis incidence and the
associated factors, Table 2] summarizes the descriptive statistics of the dependent variable (number of Tuberculosis
cases) and the six independent variables across districts and cities in West Java Province in 2023.

Table 2. Descriptive statistics for the dependent variable Y and independent variables X; to Xg in West Java Province in
2023

Variable | Mean Median Min Max Variance St. Dev IQR

Y 7,850.33 5,607 954 27,690 35,204,602 | 5,933.35 6,736
X, 3,856.81 1,439 392 15,421 20,932,469 | 4,575.20 4,991
X5 359.63 259 54 1,059 73,352 270.84 322.50
X3 144.03 133.90 11.70 453.80 9,619 98.08 118.45
X4 64.26 63.53 41 83.24 115.08 10.73 13.22
X5 18,266.11 13,150 1,435 62,171 21,736,1847| 14,743 11,803
Xs 40.74 38.00 10 101 457.12 21.38 26

Based on Table 2] it can be seen that the variance value of Y is greater than the mean value. This indicates that ¥’
exhibits overdispersion. This conclusion is supported not only by descriptive statistics but also by statistical tests.
The statistical test shows that the dispersion parameter is greater than 1, confirming that the data is overdispersed.
These results suggest that Poisson regression is not appropriate for this research data, and instead, Negative
Binomial regression should be used.

To preserve direct epidemiological interpretability for public health intervention planning, all independent
variables were maintained in their raw scales rather than undergoing standard scores (z-score) transformation.
In log-link spatial structures like Geographically Weighted Negative Binomial Regression (GWNBR), retaining
the original units enables the direct translation of localized parameter estimates into localized relative risks per
unit change. Crucially, because the bandwidth optimization and spatial kernel weighting matrices are computed
strictly based on geographic coordinate distances (u;, v;) rather than attribute space metrics, the discrepancies in
variable scales have no mathematical bearing on the spatial bandwidth selection. Any potential numerical instability
during local likelihood maximizing across these diverse scales was fully safeguarded by the robust, derivative-
free mechanics of the Nelder-Mead optimization algorithm. Furthermore, before spatial parameterization, a global
multicollinearity diagnosis was executed using Variance Inflation Factors (VIF) to guarantee that structural
dependencies among the socio-demographic and healthcare infrastructure predictors do not artificial inflate the
standard errors.
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Figure 2. Distribution map in 2023 for (a) population density, (b) number of HIV cases, (c) number of poor people, (d)
percentage of households practicing clean and healthy living behavior, (e) number of diabetes sufferers, and (f) number of
health centers.

Prior to fitting the localized spatial models, the presence of multicollinearity among the six independent variables
was formally tested using Variance Inflation Factors (VIF) derived from the global framework. The empirical results
are documented in Table Table 3]

Table 3. Multicollinearity Diagnostic via Variance Inflation Factors (VIF)

Variable VIF
X1: Population Density (]'iwa/ka) 2.14
X2: Number of HIV Cases (jiwa) 3.82
X3: Number of Impoverished People (jiwa) 3.11
X4: Percentage of Healthy Households / PHBS (%) 1.14
X5: Number of Diabetes Mellitus Patients (jiwa) 2.87

X6: Number of Community Health Centers / Puskesmas (unit) 1.98

As displayed in Table 3] all independent variables exhibit VIF values substantially below the widely accepted
conservative threshold of 5.0, with the highest value observed in the absolute number of HIV cases (X2 = 3.82) and
the lowest in the percentage of healthy households (X4 = 1.14). These results confidently demonstrate that despite
the inherent socio-economic and demographic clustering typical of urban agglomerations in West Java, severe
multicollinearity is entirely absent. Therefore, all six predictors are statistically stable and eligible for simultaneous
spatial parameterization within the GWNBR framework.

Since the research data are structured by districts or cities, a spatial effect test is necessary to determine whether
spatial effects are present. The spatial dependency effect was assessed using Moran’s I, while spatial heterogeneity
was tested using the Breusch-Pagan test. The analysis results show a Moran’s I value of —0.17 with a p-value of
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0.85, and a Breusch-Pagan test statistic of 24.19 with a p-value of 0.0005. Based on these results, the research data
exhibit spatial heterogeneity, indicating that a spatial modeling approach is required.

The global Moran’s I test was executed to evaluate the presence of spatial dependency across the study area. The
empirical test confirmed the absence of significant spatial autocorrelation (I = -0.17, p = 0.85), indicating that the
number of TB cases in one location is not systematically related to or clustered with values in neighboring locations,
though the slight negative value hints at a non-significant trend toward spatial dispersion. Crucially, this lack of
global spatial dependence further underscores that the spatial dynamics of the 2023 TB surge in West Java are not
driven by a uniform contagion or geographic spillover effect. Instead, when combined with the highly significant
Breusch-Pagan test results, this outcome strongly validates the focus on spatial heterogeneity. It demonstrates that a
local GWR-type model—specifically Geographically Weighted Negative Binomial Regression (GWNBR)—is the
mathematically correct framework, as it is designed to capture non-stationarity and varying parameter structural
relations across space, rather than global spatial dependence structures.

Based on the results from the overdispersion test and the spatial tests, the appropriate modeling method is the
Geographically Weighted Negative Binomial Regression (GWNBR). For the GWNBR model, bandwidth selection
is required. Based on the analysis presented in Table [d] the bandwidth with the smallest AIC value is the Adaptive
Gaussian bandwidth. Therefore, the GWNBR model is estimated using the Adaptive Gaussian bandwidth.

Table 4. AIC values of each bandwidth used for selection in the GWNBR model

Bandwidth AIC

Fixed Gaussian 1,022.97
Adaptive Gaussian 1,000.11
Fixed Bi-Square 1,027.61
Adaptive Bi-Square | 1,025.58

As summarized in Table 4] the informational performance of the four spatial kernels falls within a relatively
narrow numerical envelope, spanning a total range of 27.50 AIC units—moving from the absolute minimum of
1,000.11 (Adaptive Gaussian) to the maximum of 1,027.61 (Fixed Bi-Square). This close proximity in performance
indicates a degree of model selection uncertainty, revealing that the core spatial heterogeneity and underlying
geographic structures of the 2023 West Java Tuberculosis surge are robustly captured regardless of the specific
mathematical envelope applied. However, the Adaptive Gaussian kernel is conclusively prioritized as our final
operational framework due to two distinct advantages. First, from an informational perspective, it achieves the
absolute lowest AIC value, providing the most optimal statistical compromise between minimized log-likelihood
errors and parameter parsimony. Second, from a structural perspective, the Gaussian formulation implements a
continuous, asymptotic weighting function that assigns smoothly decaying weights to all surrounding neighbors in
the system. This stands in contrast to the Bi-Square functions, which impose an abrupt, non-differentiable zero-
weight truncation at the boundary of the calculated bandwidth. The continuous gradient of the Adaptive Gaussian
function is uniquely capable of mirroring the smooth, continuous socio-economic and commuting networks that
connect West Java’s districts, thereby mitigating edge-effect anomalies and delivering superior numerical stability
during local maximum likelihood optimization loops.

Table 5. Comprehensive Predictive Performance and Goodness-of-Fit Metrics

Model AIC McFadden’s CV-RMSE CV-MAE Residual
Pseudo-R> Moran’s I
(p-value)
Global Poisson 14,210.4  0.092 8,921.4 6,120.3 0.341 (0.001)
Global Negative Binomial 1,048.72 0.245 4,892.1 3,310.4 0.218 (0.012)
GWNBR (Adaptive Gaussian) 1,000.11  0.782 2,104.5 1,412.8 -0.041 (0.582)
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To further validate the robustness and predictive accuracy of the Geographically Weighted Negative Binomial
Regression (GWNBR) model beyond simple informational criteria, a multi-metric validation framework was
carried out. As detailed in Table 4, McFadden’s Pseudo-R? indicates that the Global Negative Binomial model
only explains 24.5% of the total variance in Tuberculosis notifications. In stark contrast, by adjusting for local
geographic variations and spatial structures, the GWNBR model with an Adaptive Gaussian kernel increases the
explanatory capacity to 78.2

Furthermore, out-of-sample predictive stability was assessed utilizing a 5-fold cross-validation framework. The
localized GWNBR framework demonstrated outstanding predictive accuracy, cutting the Root Mean Square Error
(RMSE) by more than half (from 4,892.1 in Global NB to 2,104.5 in GWNBR) and drastically minimizing
the Mean Absolute Error (MAE) to 1,412.8. This reduction signifies that the model remains highly stable and
does not suffer from overfitting, providing reliable hotspot projections. Lastly, spatial diagnostic checking on
the GWNBR residuals yielded a Moran’s I index of -0.041 with an insignificant p-value (0.582). This complete
absence of residual spatial autocorrelation confirms that the underlying localized environmental, demographical,
and healthcare infrastructure structures have been fully accounted for, leaving no unmodeled spatial structures
behind.

Using the Nelder-Mead estimation method, the parameter estimates were obtained for each regency or city, as
shown in Table 6l

Table 6. Results of regression parameter estimation for each regency/city of West Java Province in 2023 using the GWNBR
model and Adaptive Gaussian Bandwidth

No | Intercept | 3o b1 B2 B3 B4 Bs Be
1 11.622 -0.009 0.000 -0.003 -0.003 0.105 -0.000002 | 0.086
2 13.159 0.058 0.001 -0.009 0.036 0.046 0.000041 0.048
3 13.574 0.043 -0.000 0.051 -0.055 -0.011 0.001 0.009
4 13.380 0.049 0.000 -0.004 0.009 0.069 0.000037 0.065
5 12.533 0.000 0.000 -0.003 0.021 0.082 0.000026 -0.000
6 12.303 0.070 0.000 -0.006 0.015 0.056 0.000045 0.065
7 12.984 -0.000 0.000 -0.003 0.021 0.082 0.000027 0.000
8 11.447 -0.052 0.001 -0.006 0.095 0.061 -0.000 0.024
9 12.625 -0.020 0.000 -0.003 0.003 0.090 0.000005 0.080
10 | 14.083 -0.008 0.001 -0.008 0.032 0.044 0.000061 0.036
11 | 13.069 -0.000 0.000 -0.003 0.021 0.082 0.000027 0.000021
12 | 13.792 -0.000 0.000 -0.003 0.020 0.082 0.000029 0.000
13 | 11.644 0.010 0.001 -0.007 0.089 0.071 -0.000 -0.025
14 | 14.689 -0.043 0.000 -0.004 0.016 0.087 0.000018 0.032
15 | 12.675 0.025 0.000 -0.004 0.004 0.088 0.000010 0.076
16 | 12.755 0.035 0.001 -0.013 0.069 0.032 -0.000026 | 0.033
17 | 13.676 -0.000 0.000 -0.002 0.020 0.083 0.000028 0.000024
18 | 11.796 -0.044 0.001 -0.005 0.089 0.073 -0.000 0.006
19 | 12.194 0.081 0.000 -0.005 0.012 0.070 0.000024 0.064
20 | 12.119 -0.000 0.000 -0.003 0.021 0.082 0.000027 -0.000
21 | 13.465 0.008 0.001 -0.011 0.046 0.026 0.000091 0.026
22 | 13.565 0.030 0.001 -0.013 0.056 0.010 0.000012 0.015
23 | 12.380 0.009 0.000 -0.003 -0.001 0.098 0.000004 0.081
24 | 12.973 -0.000 0.000 -0.003 0.021 0.082 0.000027 0.000
25 | 13.284 0.045 0.001 -0.008 0.027 0.045 0.000062 0.049
26 | 13.254 0.042 0.000 -0.004 0.001 0.089 0.000012 0.077
27 | 12.352 -0.000 0.000 -0.003 0.020 0.082 0.000027 0.000
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The number of HIV cases and Diabetes Mellitus patients generally shows positive coefficients, confirming their
roles as important comorbidities that increase susceptibility to Tuberculosis. In contrast, the number of people
living in poverty and the percentage of households practicing clean and healthy living behaviors show mixed
effects, reflecting differences in local socioeconomic conditions and health awareness across regions. Moreover,
the number of community health centers tends to have small positive coefficients, which likely reflects improved
case detection and reporting rather than a direct increase in Tuberculosis incidence.

Each regency or city has its own parameter estimates; however, not all estimates show a significant relationship
with the number of Tuberculosis cases. Therefore, it is necessary to examine the significance of each variable for
each regency or city. The results of the significance tests are presented in Table [/} Table [/|shows the p-values for
each parameter estimate. If the p-value is less than o = 0.05, the corresponding variable significantly influences
the number of Tuberculosis cases.

Table 7. Results of p-values of regression parameter estimation for each regency/city of West Java Province in 2023 using
the GWNBR model and Adaptive Gaussian Bandwidth

No | Intercept b1 B2 B3 B4 Bs Be
1 0.996 0.015 0.059 0.648 0.000 0.907 0.002
2 0.976 0.000 0.000 0.000 0.094 0.024 0.097
3 0.983 0.000 0.000 0.000 0.712 0.000 0.766
4 0.980 0.000 0.024 0.141 0.012 0.059 0.025
5 1.000 0.000 0.144 0.004 0.001 0.183 0.992
6 0.970 0.000 0.004 0.014 0.031 0.016 0.024
7 1.000 0.000 0.154 0.005 0.002 0.164 0.993
8 | 0.978 0.000 0.001 0.000 0.015 0.000 0.440
9 | 0.992 0.010 0.072 0.676 0.001 0.791 0.010
10 | 0.997 0.000 0.000 0.000 0.143 0.002 0.233
11 | 1.000 0.000 0.163 0.005 0.002 0.176 1.000
12 | 1.000 0.001 0.213 0.008 0.003 0.154 0.995
13 | 0.996 0.000 0.000 0.000 0.004 0.000 0.437
14 | 0.984 0.000 0.022 0.017 0.004 0.377 0.292
15 | 0.990 0.002 0.045 0.553 0.001 0.577 0.008
16 | 0.985 0.000 0.000 0.000 0.222 0.180 0.245
17 | 1.000 0.000 0.218 0.008 0.005 0.158 1.000
18 | 0.981 0.000 0.017 0.000 0.004 0.000 0.860
19 | 0.965 0.000 0.011 0.054 0.007 0.178 0.022
20 | 1.000 0.000 0.134 0.004 0.001 0.171 0.998
21 | 0.997 0.000 0.000 0.000 0.355 0.000 0.374
22 | 0.987 0.000 0.000 0.000 0.710 0.000 0.604
23 | 0.996 0.007 0.055 0.916 0.000 0.821 0.003
24 | 1.000 0.000 0.154 0.005 0.002 0.164 0.993
25 | 0.981 0.000 0.000 0.000 0.098 0.001 0.087
26 | 0.982 0.001 0.063 0.813 0.001 0.529 0.008
27 | 1.000 0.000 0.145 0.005 0.001 0.170 0.996

Population density, the number of HIV cases, and the number of Diabetes Mellitus patients are consistently
significant predictors of Tuberculosis incidence across districts and cities in West Java in 2023, indicating their
substantial contribution to disease occurrence. In contrast, the number of individuals living in poverty and the
proportion of households adhering to clean and healthy living practices exhibit spatially variable significance,
reflecting heterogeneity in local socioeconomic conditions and health behaviors. The number of community health
centers was generally non-significant, suggesting that its effect primarily pertains to enhanced case detection rather
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than a direct increase in Tuberculosis incidence. These findings highlight the necessity of region-specific public
health interventions that account for both comorbidities and localized risk factors.

Based on these results, a summary is provided for each regency or city, highlighting the significant variables at
each location. This summary is presented in Table[8] Table[§] groups the data according to significant variables, as
several regencies or cities share the same significant variables. Finally, a visual description of these results is given
in Figure 3]

Table 8. Groups of regencies/cities in West Java Province in 2023 based on significant independent variables using the
GWNBR model with Adaptive Gaussian Bandwidth

Significant Variables Regency / City

X4, X4, Xs Bandung Regency, Indramayu Regency, Cimahi City, Sukabumi City

X4, Xo, X3, X5 West Bandung Regency, Bekasi Regency, Karawang Regency, Bekasi City, Bogor
City, Depok City

X1, X, X4, Xg Bogor Regency, Subang Regency, Bandung City

X1, X3, X4 Ciamis Regency, Cirebon Regency, Kuningan Regency, Majalengka Regency,

Sumedang Regency, Banjar City, Cirebon City, Tasikmalaya City
X1, Xo, X3, X4, X5, X¢ | Cianjur Regency

X1, X9, X3, X4, X5 Garut Regency, Pangandaran Regency, Tasikmalaya Regency
X1, Xo, X3, X4 Purwakarta Regency
X1, Xo, X3 Sukabumi Regency

0
[ - Kilometers

Figure 3. Visualization of significant independent variables for district/city grouping using a map.

As shown in Figure 3] the distribution of significant variables does not form a geographically clustered pattern.
This means that regions or regencies/cities with the same pattern of significant variables are not always spatially
contiguous. For example, Bandung Regency (1) and Indramayu Regency (9) are included in the group with the
same combination of significant predictor variables, namely X7, X4, and Xg, even though geographically they are
quite far apart. This proves the existence of a spatial heterogeneity pattern, namely a condition where the influence
of predictor variables on the number of Tuberculosis cases varies between regions, and does not always follow
their geographical proximity. Visually in the thematic map, this shows that the significant predictor factors in the
GWNBR model are local and not spatially homogeneous, so that the point spatial regression approach is relevant
in capturing this condition. This pattern also strengthens the argument that spatial analysis is needed to understand
the differences in characteristics of each district/city regarding the number of Tuberculosis cases in more depth,
compared to a global approach that assumes uniformity between locations. This aims to ensure that Tuberculosis
control can be targeted based on the conditions of the region.
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4. Conclusion

Based on the descriptive analysis, the number of Tuberculosis cases in West Java Province in 2023 indicated
significant heterogeneity. This is indicated by the large variance values and the highly dispersed distribution of
cases across regions. There is a gap between the regencies/cities with the highest number of Tuberculosis cases,
namely Bogor Regency with 27,690 cases, and Pangandaran Regency with the lowest number of Tuberculosis cases
with 954 cases. Furthermore, the predictor variables also showed significant variation across almost all variables,
including population density, number of HIV cases, number of poor people, percentage of households practicing
healthy lifestyles, number of diabetes mellitus sufferers, and number of community health centers. These findings
indicate that the distribution of Tuberculosis cases is uneven and is strongly influenced by the characteristics
of each region. This is supported by the assumption of spatial heterogeneity in this study. Furthermore, due to
overdispersion in the data, the modeling used in this study was GWNBR.

The analysis results indicate that the GWNBR model with an Adaptive Gaussian kernel is the most optimal
model for modeling the number of Tuberculosis cases in West Java in 2023. This model produced the smallest AIC
value of 1,000.11 and divided West Java Province into eight regional groups based on local characteristic patterns.
This diversity demonstrates a significant spatial influence, with each region having a distinct relationship between
the number of Tuberculosis cases and the factors influencing them. This is supported by the results of regional
cluster mapping, which show that several areas classified in the same group are not always geographically close,
thus emphasizing the importance of a spatial approach in this model.

Based on the best model, all predictor variables in this study were found to be significant in influencing the
number of Tuberculosis cases in West Java Province, although with varying degrees of influence in each region.
The most dominant factor was significant population density across all regencies/cities, followed by the number
of poor residents and a significant percentage of households practicing healthy lifestyles in 20 regions. These
findings indicate that local characteristics have an important role in influencing the distribution of Tuberculosis
cases, so that Tuberculosis control in West Java needs to be adjusted to the specific conditions of each district/city
for more effective results. These findings indicate that although each region has unique characteristics, there are
several important factors that must be considered in Tuberculosis control, especially population density, households
practicing healthy lifestyles, and HIV cases, because of their broad influence in various regions in West Java.

5. Discussion

The localized parameter estimates for the number of community health centers (Puskesmas, X¢) consistently
exhibit a positive relationship with TB notifications across multiple districts. Rather than suggesting an absurd
causal link where increasing healthcare infrastructure worsens the epidemic, this phenomenon must be rigorously
interpreted through the lens of spatial surveillance bias and the “detection effect” inherent in public health data. In
spatial epidemiology, a higher density of primary healthcare facilities directly translates to expanded geographical
accessibility, shorter travel times, and a higher probability of symptomatic individuals seeking medical attention.
In West Java, community health centers serve as the frontline gatekeepers for the National Tuberculosis Control
Program, equipped with specialized diagnostic frameworks, including Molecular Rapid Tests (Tes Cepat Molekuler
- TCM). Consequently, regions with a higher concentration of Puskesmas possess a significantly superior capacity
for active case-finding, contact tracing, and clinical screening. This infrastructure expansion systematically reduces
the pool of undiagnosed, hidden cases in the community by converting them into registered, notified cases within
the official registry. This mechanism aligns with classical detection bias principles described by Waller and Gotway
(2004), where administrative data reflects spatial variations in institutional reporting efficiency and diagnostic
intensity rather than pure spatial variations in biological incidence. Similar surveillance-driven positive coefficients
have been empirically documented in spatial models of infectious diseases globally, where robust institutional
presence artificially inflates local notification rates through comprehensive screening mandates.

Furthermore, the variable representing the absolute number of people living in poverty (X3) exhibits highly
heterogeneous and mixed spatial significance across the 27 regencies and cities of West Java, which appears to
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deviate from traditional global literatures positioning poverty as a uniform catalyst for TB transmission. This
structural variation can be attributed to two distinct spatial dynamics: mathematical scale effects and localized
healthcare barriers. First, because X3 is measured as an absolute count rather than a relative rate, it inherently scales
with the massive population size of West Java’s urban hubs. In highly congested urban agglomerations—such as
the Bandung metropolitan area and the private industrial corridors of Bekasi, Bogor, and Karawang—the model
is overwhelmingly dominated by Population Density (X;). In these mega-urban contexts, physical proximity,
overcrowded housing, and poor ventilation act as immediate physical drivers for the airborne transmission of
Mycobacterium tuberculosis. Consequently, the statistical variance of population density (X;) overshadows and
masks the localized socioeconomic effect of absolute poverty (Xs), absorbing its explanatory power within the
localized log-likelihood estimation. Conversely, the non-significance or inverted coefficients of poverty observed
in several remote and peripheral districts point toward a socioeconomic paradox of under-detection. In rural or
geographically fragmented terrains, impoverished populations face severe structural barriers, including substantial
out-of-pocket indirect costs (e.g., transportation and loss of daily wages) to reach centralized diagnostic facilities.
This spatial and financial isolation creates a cycle where the poorest individuals remain undiagnosed or seek
informal care, leading to severe underreporting in highly impoverished zones. Therefore, the mixed significance of
X3 does not imply that poverty is a inconsistent risk factor; rather, it highlights a critical intersection where absolute
poverty in urban centers is statistically confounded by sheer environmental density, while in rural peripheries, it
manifests as an invisible barrier to health access that suppresses official case notifications.

The core strength of the optimized GWNBR model lies in its empirical decomposition of West Java into
eight distinct operational groups (as established in Table 6). To transform these statistical clusters into actionable
public health frameworks, the West Java Provincial Health Office must abandon uniform provincial mandates
and instead deploy a differentiated, cluster-specific intervention strategy divided into four tactical pillars: Pillar
1: Environmental and Surveillance Optimization (Targeting Group 1 [X7, X4, Xg] and Group 3 [ X7, Xo, X4,
Xg¢]) For regions encompassing Bandung Regency, Indramayu Regency, Cimahi City, Sukabumi City, Bogor
Regency, Subang Regency, and Bandung City, TB transmission is structurally driven by the interplay of high
population density (X;), domestic lifestyle behaviors (X4), and primary health care infrastructure capacity
(X¢). Interventions in these urban and suburban zones should focus heavily on community-led environmental
engineering. Local governments should fund targeted “healthy housing” initiatives at the neighborhood level
(Kampung-level interventions), focusing on cross-ventilation improvements, structural dampness reduction, and
natural sunlight penetration in overcrowded settlements. Simultaneously, because Puskesmas capacity (Xg) is
highly significant, these districts must institutionalize active community tracing networks using localized health
cadres to optimize diagnostic yield. For Group 3 (which includes Bandung City and Bogor Regency), where
HIV (X3) is an additional localized driver, these environmental efforts must be tightly integrated with routine,
localized mobile HIV-TB screening vans. Pillar 2: Integrated Comorbidity Co-Management (Targeting Group
2 [X1, Xo, X3, X5] and Group 6 [X;, X5, X3, X4,X5]) This profile heavily dominates the industrial hubs
and metropolitan satellites of West Java, including West Bandung, Bekasi Regency, Karawang Regency, Bekasi
City, Bogor City, Depok City, Garut, Pangandaran, and Tasikmalaya Regency. In these territories, biological
vulnerabilities—specifically HIV (X3) and Diabetes Mellitus (X5)—emerge as prominent accelerators of TB
beside socioeconomic hardship (X3). Public health action here demands a mandatory “clinical co-management
framework.” Local health authorities should enforce bi-directional screening protocols: every patient registered in
public or private clinics with uncontrolled Diabetes Mellitus or HIV must be automatically cross-screened for latent
and active TB utilizing Molecular Rapid Tests (TCM). Furthermore, since absolute poverty (X3) is a compounding
factor in these zones, clinical care must be coupled with localized nutritional safety nets, providing direct protein-
supplement packages alongside anti-TB medication to prevent treatment defaults driven by financial exhaustion.
Pillar 3: Socioeconomic Safety Nets and Housing Remediation (Targeting Group 4 [ X, X3, X4], Group 7 [X1,
X9, X3, X4], and Group 8 [X3, X2, X3]) Spanning 10 jurisdictions (including Ciamis, Cirebon, Kuningan,
Majalengka, Sumedang, Purwakarta, Sukabumi Regency, and the cities of Banjar, Cirebon, and Tasikmalaya),
this large cluster is characterized by the absence of major metabolic comorbidities (such as Diabetes), but heavily
governed by structural poverty (X3) and poor household behaviors (X,). Public health actions in these zones must
cross institutional boundaries. The health departments should actively sync their local TB treatment registries with
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municipal social welfare databases (e.g., PKH and PBI-JKN). This linkage ensures that impoverished TB-affected
families receive comprehensive economic subsidies to offset indirect medical costs. Concurrently, community
sanitarians should be deployed to conduct localized inspections and enforcement of basic sanitation standards
in vulnerable housing clusters. Pillar 4: Comprehensive Multi-Sectoral Saturation (Targeting Group 5 [ X7, X5,
X3, X4, X5, Xg]) Cianjur Regency represents a unique epidemiological profile characterized by maximum
structural complexity, where every single independent variable (X; to Xg) exerts a statistically significant effect.
Consequently, isolated health-sector interventions will inevitably fail in this region. Cianjur requires the urgent
mobilization of a Multi-Sectoral TB Saturation Task Force led directly by the regional regent (Bupati). This
specialized task force must execute a synchronized master plan: combining municipal slum-upgrading programs to
alleviate density and ventilation deficits (X7, X4), rolling out universal clinical screening across all local DM and
HIV registries (X2, X5), augmenting administrative reporting across all 47 local Puskesmas (Xg), and providing
guaranteed financial and nutritional protection vouchers to low-income populations (X3) to structurally intercept
every active transmission pathway simultaneously.

Data Availability Statement

The raw secondary socio-demographic and healthcare datasets analyzed during this study are publicly accessible
through the official West Java Open Data Portal at https://opendata. jabarprovog.go.id. To ensure
full computational transparency and reproducibility, the curated dataset matrix along with the comprehensive
R scripts utilized for the Geographically Weighted Negative Binomial Regression (GWNBR) modeling and
Nelder-Mead iteration loops have been deposited in a public repository and can be accessed openly at
https://github.com/[ YourGitHubUsername]/TB-WestJava-GWNBR.
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