RESEARCH ARTICLE * OPEN ACCESS

Geographically and Temporally Weighted Log-Logistic 3-Parameter
Regression Model for Poverty Severity Index: A Case Study on East
Java Province

Nur Huda, Purhadi, and Tintrim Dwi Ary Widhianingsih

Volume 8, Issue 2, Pages 202-208, August 2026

Received 3 April 2026, Revised 18 June 2026, Accepted 16 July 2026, Published 23 July 2026

To Cite this Article : N. Huda, Purhadi, and T. D. Ary Widhianingsih,“Geographically and
Temporally Weighted Log-Logistic 3-Parameter Regression Model for Poverty Severity Index:
A Case Study on East Java Province”, Jambura J. Math, vol. 8, no. 2, pp. 202-208, 2026,

JAMBURA  https://doiorg/10.37905/jjom.v8i2.38021
JOURNAL OF MATHEMATICS
© 2026 by author(s)

JOURNAL INFO * JAMBURA JOURNAL OF MATHEMATICS

& A Homepage : http:/ejurnal.ung.ac.id/index.php/jjom/index
JAMBURA Journal Abbreviation ~ : Jambura]J. Math.
JOURNAL OF MATHEMATICS AB  Frequency :  Biannual (February and August)
— OB  Publication Language :  English (preferable), Indonesia
DOI : https:/doi.org/10.37905/jjom
A Online ISSN : 2656-1344
©  Editor-in-Chief : Hasan S. Panigoro
B  Publisher :  Department of Mathematics, Universitas Negeri Gorontalo
[3  Country :  Indonesia
OAI Address : http:/ejurnal.ung.ac.id/index.php/jjom/oai
Google Scholar ID . iWLjgaUAAAA]
& Email :  infojjom@ung.ac.id

Jambuta J. E-ISSN: 2776-3706

JAMBURA

Journal f Probability and Statistics

Jurnal limiah Matematika, Sains lan

Biomathematics

JAMBURA

JOURNAL OF MATHEMATICS EDUCATION o

PUBLISHER

DEPARTEMENT OF MATHEMATICS

FAGULTY OFMATHEMATICS AND NATURAL SCIENCE
STATE UNIVERSITY OFGORONTALD

o

 —— ]
EULER : Jurnal Ilmiah
Matematika, Sains, dan
Teknologi

Jambura Journal of Jambura Journal of Jambura Journal of
Biomathematics Mathematics Education Probability and Statistics



https://doi.org/10.37905/jjom.v8i2.38021
http://ejurnal.ung.ac.id/index.php/jjom/index
https://portal.issn.org/resource/ISSN/2656-1344
https://ejurnal.ung.ac.id/index.php/JJoM/about/editorialTeamBio/3898
http://ejurnal.ung.ac.id/index.php/jjom/oai
https://scholar.google.co.id/citations?user=iWLjgaUAAAAJ&hl=id&authuser=5
mailto:info.jjom@ung.ac.id
http://ejurnal.ung.ac.id/index.php/jjbm/index
http://ejurnal.ung.ac.id/index.php/jmathedu/index
http://ejurnal.ung.ac.id/index.php/jps/index
http://ejurnal.ung.ac.id/index.php/euler/index

Jambura Journal of Mathematics, Volume 8, Issue 2, Pages 202-208, August 2026

https://doi.org/10.37905/jjom.v8i2.38021

Research Article

[ '.) Check for updates

Geographically and Temporally Weighted Log-Logistic 3-Parameter
Regression Model for Poverty Severity Index : A Case Study on East

Java Province

Nur Huda'**, Purhadi®, Tintrim Dwi Ary Widhianingsih'

! Departemen Statistika, Institut Teknologi Sepuluh Nopember, Surabaya 60111, Indonesia

ARTICLE HISTORY
Received 3 April 2026
Revised 18 June 2026

Accepted 16 July 2026

Published 23 July 2026

KEYWORDS

LL3R

GTWLL3R
Spatio-temporal
MLRT
Newton—Raphson
Poverty Severity Index

ABSTRACT. This study develops the Geographically and Temporally Weighted Three-Parameter Log-Logistic Re-
gression (GTWLL3R) model to accommodate spatial and temporal heterogeneity in the poverty severity index. The
analysis used panel data from 38 regencies and cities in East Java Province during 2022—-2024, comprising 114
observations. Local parameters were estimated using maximum likelihood estimation with a fixed Gaussian kernel
weighting function based on spatial and temporal distances. The parameter estimates were obtained numerically
using the Newton—Raphson algorithm, while the optimal bandwidth was selected using the minimum cross-validation
criterion. Model performance was evaluated using the corrected Akaike Information Criterion (AICc). The results
show that the three-period GTWLL3R model achieved the lowest AICc value of 18.311 compared with the one-period
and two-period specifications. The estimated regression coefficients varied across regions and observation periods,
indicating that the effects of the predictor variables on the poverty severity index were spatially and temporally het-
erogeneous. Based on the significant predictor variables, the regencies and cities were classified into three clusters.
These findings indicate that the GTWLL3R model provides a flexible framework for identifying regional differences in

poverty determinants and may support the formulation of more targeted poverty alleviation policies.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of [JoM: Department of Mathematics, Uni-
BY _NC versitas Negeri Gorontalo, Jin. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Statistical data show that the poverty severity index in East
Java Province is non-negative, right-skewed, and exhibits signifi-
cant variation across regions and over time. Based on data from
the Central Statistics Agency, the poverty rate in rural areas re-
mains higher than in urban areas, indicating the presence of spa-
tial inequality. Furthermore, changes in the index values from
year to year reveal temporal dynamics. These characteristics un-
derscore that modeling the poverty severity index requires an
approach capable of capturing both the asymmetric data distri-
bution and spatial and temporal heterogeneity.

To handle non-negative continuous data that is not nor-
mally distributed and right-skewed [1], distribution-based ap-
proaches such as three-parameter log-logistic regression (LL3R)
have been widely used [2]. This model provides more appropri-
ate estimates for asymmetric data compared to classical regres-
sion based on the normality assumption. Sulistyaningsih et al.[3]
demonstrated that LL3R is effective in modeling data with these
characteristics. However, LL3R remains a global model that as-
sumes constant regression parameters across all regions and ob-
servation periods, making it less capable of representing local
differences between regions or changes over time.

These limitations led to the development of a spatially
weighted approach, namely Geographically Weighted Regression
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(GWR), which allows for different regression parameters at each
location [4]. Subsequently, this model was developed into Geo-
graphically and Temporally Weighted Regression (GTWR), which
incorporates spatial and temporal dimensions through a weight-
ing matrix based on spatial and temporal distances by Huang et
al. and Brunsdon et al. [5, 6].

GTWR has proven effective for analyzing dynamic data with
spatial-temporal heterogeneity. To extend the scope of GTWR
to non-normal univariate responses, various models have been
developed, such as Geographically and Temporally Weighted
Bivariate Negative Binomial Regression (GTWBNBR) [7], Geo-
graphically and Temporally Weighted Bivariate Weibull Regres-
sion (GTWBWR) [8] Geographically temporally weighted nega-
tive binomial regression (GTWNBR)|9], Geographically and tem-
porally weighted bivariate Poisson inverse Gaussian regression
(GTWBPIGR)[10], Geographically and temporally weighted bi-
variate generalized Poisson regression (GTWBGPR)[11] and Ge-
ographically and temporally weighted bivariate Gamma regres-
sion (GTWBGR)[12]. Although these models handle skewness
better than Gaussian models, they are typically limited to two-
parameter distributions, which lack the flexibility to capture com-
plex hazard shapes or extreme kurtosis often found in regional
economic data [13].

Several studies have attempted to combine distribution-
based approaches with spatial local models. Mawadah et al.
[14] for example, developed a GWR-based log-logistic regression
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model capable of capturing inter-regional variations. However,
that model only considers the spatial dimension and does not ex-
plicitly account for temporal changes. Based on this research gap,
this study proposes the Geographically and Temporally Weighted
Log-Logistic Three-Parameter Regression (GTWLL3R) model, a
new development of the GTWR achieved through the integra-
tion of a local likelihood approach based on the three-parameter
log-logistic distribution. Unlike previous studies that focused
solely on the distribution aspect (LL3R) or only on spatial vari-
ation (GWLL3R), the GTWLL3R model simultaneously combines
the flexibility of the log-logistic distribution with local param-
eter estimation based on both space and time. Therefore, the
objective of this study is to identify significant variables influ-
encing the poverty severity index in East Java Province for the
2022-2024 period using the GTWLL3R model, employing a fixed
Gaussian kernel weighting function and determining the spatio-
temporal bandwidth based on the minimum Cross Validation (CV)
criterion.

2. Model

2.1. Model Regresi Log Logistic 3-Parameter

The Three-Parameter Log-Logistic (LL3) Regression model
is a regression approach designed for continuous response data
that are strictly positive and tend to be right-skewed. Based on
the LL3 distribution, this model is suitable for analyzing data with
asymmetric characteristics [15]. The model links its three distri-
bution parameters to predictor variables, allowing researchers
to examine how these predictors affect the distribution of the
response variable and to better understand the relationship be-
tween predictors and response [16].

An LL3R regression model can be constructed based on the
parameters used . This study uses location parameters as a re-
gression model, as shown in eq. (1).

In(p) =x"B = p=-exp(x'B), (1)

Assuming that the shape parameter (¢)) and the scale pa-
rameter (o) are constant, u is the location parameter, xI =
1 21 xp| is the vector of predictor variables, and
Bl = [1 b1 Bo ﬂp] is the vector of regression model
parameters [17]. Given n random samples (y;, Zi1, Zi2, - - -, Tip)
distributed LL3R ((¢, i, o). The LL3R model for the i-th observa-
tion is as shown in eq. (2).

In(pi) = x; B = p; =exp (x/'B), (2)

where x! = [1 21 @0 Tipli=1,2,...,n.
The probability density function of the LL3R model (3] in

eq. (3).

f(yl|w7ﬂa U) = (;ﬁ)(yz - eXp(X?,@))w_l) X

o\ 2
<1+<yi‘exj("m>> B

where 1) > 1 is the shape parameter, o > 0 is the scale parame-
ter, and y; > exp(x} 3) fori =1,2,...,n.

The In form of the probability density of the LL3R model is
as shown in eq. (4).

In f(yi|¢,B,0) = In (;/; (yi — exp(xz‘ﬂ))w—l) y

<1 N exUp(xiTﬂ))w> -

=(Iny —¢lno)
+ (¥ = 1) In (yi — exp(x{ B))

oo (e

To statistically support this finding, the Kolmogorov-
Smirnov (KS) test was applied, indicating that the data follow the
LL3 distribution appropriately [ 18]. Prior to estimating the LL3 re-
gression model, multicollinearity among predictor variables was
examined using the Variance Inflation Factor (VIF), where values
below 5 suggested no serious multicollinearity issues [19]. After
ensuring that multicollinearity was not present. Next, to deter-
mine the presence of spatial heterogeneity, the Breusch-Pagan
test was conducted, while temporal heterogeneity was assessed
visually using box plots.

2.2. Geographically and Temporally Weighted Log-Logistic
3-Parameter Regression
The GTWLL3R model is an extension of the LL3R model that
accounts for spatial and temporal effects. Based on the LL3D
model in eq. (3), the probability density function is as shown in
eq. (5).
Y ~ GTWLLR(ﬁl (’UJZ‘, Vi, ti)7 1/’17 O’l(ui7 Vi, t,))

I (il By (wir, vir, tar), i, o0 (wi, v, t5))

B ((Gz(uilt))wl (9 — exp (Xgﬁz(ui,vi,ti)))mj «

K] -2
14 (yil — exp (’@51(“@%,&)))

o1 (ui, vi, t;)

&)
where y;; > exp (x5 3 (ui, vi, t)) ; By (us, vi, ), U1,
or(u,vi,t);0=1,2,...,L;i=1,2,...,n.

Index | denotes the period. Parameter estimation in the
GTWLL3R model using the MLE method is performed iteratively
for each period, incorporating observations from the previous pe-
riod. Parameter estimation for the first period uses n data points
from the first period. Parameter estimation for the second period
uses n data points from the first period and n data points from
the second period. Parameter estimation for the L th period uses
n data points from the first period, the second period, through
the L th period.

The parameter estimates obtained are not in closed form,
so we proceed with the Newton-Raphson numerical iteration.
The likelihood function for n random samples y1, y2, ..., ¥; shown
in eq. (6).

P = ﬁ (f (yiyeé;’TWLL3R))

i=1
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H ( o By x Oil) ) (6)

=1
where:
Ay = o1(us, v, ),

By = (yil — exp (Xg;ﬁz(uivvi’ti)))w_l’

L]
1 Yil — exp (xgz‘)'l(ui, v, ti))
+
Air

—2

Ca

The natural logarithm is taken of eq. (7) as shown below :

P, =InL(0crwirLsr)
= ZL: Zn: In i
. (A
=1 i=1

where:

Ai = oi(ug, v, t),

Bir = (Y1 — 1) In (yir — exp (X8 (ui, vi, 1)) ,
»

ya — exp (x} 8, (ug, v;, m)) l

Ci=2In[1+ < A

Thus, the equation for the GTWLL3R model in period i, where

L=1,2,...,L*, shown in eq. (8) as shown below :
P = (% ) 33w
=1 1=1
+ szz*lel - Z Z wu*lCzlv (8)
=1 1=1
where:

Aie = 01 (Uie, v, Ty ),

By = (Y1 — 1) In (yi — exp (x5 B (wi, v, 1+)))

P
Cu=2In {1+ <yi —exp (xgi{(“i*vvi*vtﬂ)) ’

the likelihood function in eq. (7) does not have a closed-form
expression, the solution to the log-likelihood eq. (9) cannot be
found analytically to obtain the parameter estimators for the
GTWLL3R model at the i-th location. Therefore, the GTWLL3R pa-
rameters at location i-th are estimated by finding the values that
set the derivative of the log-likelihood function to zero, which
must be solved numerically using the Newton Raphson algorithm.

~(m)
g ei*,GTWLL?)R =

oP, r
007 (U=, Vi=, tix)

[ OP;- OP;-
0B (ui=, vi=, ti=) Oy

_S(m)
0=6« crwrLsr

The Hessian matrix is a matrix whose elements consist of
the second partial derivatives of the function P(/*) with respect
to each parameter, as follows,

~(m)
H <0i*,GTWLL3R(ui*7vi*ati*)> =

T
Hyy His Hips
Hjy  Hog
Simetris Hss o— 5(1"GTWLL33
where:
9% In P
Hy = T
OB (wix, Vix, tix ) OB (Wiw , Vi, i)
8% 1n P;-
H12 - )
OB (Uix, Vix, tix ) Oy (Uin , V=, v
9% In P~
Hy3 = ;
0B (Wi, Vix, tix )00 (Wix , V=, Ei+)
8% 1n P;-
Hyp= —po 0
2 O (i, Ve, i)
62 In Pl*
Hoz = ;
O (i, Vi= s ti= )00y (Uie , V=, tiv)
82 In P’l*
H33 =

O (Wi, V=, )

Substituting  the initial parameter  estimates
Bulwie vie, 1)) Gl v i)y 0|
and the

a1(0) =

with the gradient vector g(Gl(ui*,vi*,ti*D

matrix H (51 (wix, vi*,t,;*)> so that the gradient vector
g (51 (ul* , Uixy tix )0) and the matrix H (@l (’U,i* , Vg* L )0)

Iterations are performed fori* =1,2,...,nandl =1,2,... L

starting from m = 0 in the equation below

~(m+1)
i* GTWLL3R —

~(m)
* ,GTWLL3R

_1 [(z(m) ~(m)
—H™! (ei*,GTWLLSR) g (ei*,GTWLL3R> )

where 0 )GTWLLSR is a set of parameter estimates that con-
verge to the i*-th location and the L-th period at the m-
th iteration, where m = m + 1 if a convergent parame-
ter estimate has not yet been obtained. The iteration stops

~(m—+1)
i*,GTWLL3R ~—

~(m)

i+ grwiLL3r| < € where ¢ is a very small

positive number.

After estimating the parameters, the next step is to test the
parameters of the GTWLL3R model using the MLRT method. The
parameter testing is conducted through simultaneous and par-
tial hypothesis testing. However, prior to that, a test of model
equivalence between the GTWLL3R and GWLL3R models will be
performed. The hypotheses in the local and global model equiv-
alence tests are as follows :

HO ﬁ](uhvu ) 6]7 j:0,1,2,...,k‘;
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H, : atleast one 5, (u;, v, t;) # B;.
The test statistic used is the following eq. (9)

Giwirrsr
},‘v1 — G2 dfl
GTWLL3R
df2
where Hj will be rejected if Fy > Fi.qt,.4f,-
If the model equivalence test results in a rejection of
Hy, then a simultaneous parameter test is conducted on the
GTWLL3R model. The purpose of conducting the simultaneous
test is to determine the joint significance of the parameters in
the model. The hypotheses for the simultaneous test of the
GTWLL3R model are as follows.

; %)

Ho : fi(us, vi,t:) = Palus, vi, ts) = -+ = Bp(us,v5,t;) =0
fortr=1,2,...,n

H, : at least one 3;(u;, v;,t;) # 0

forj=1,2,...,p; i=12,...,n

Let the set of parameters under the null hypothe-

sis be Qcrwrrsr = {B(u,vi,ti) ¥ o(ui,vi,t)}
and the population under Hy be werwirrsr =
{/Blwo (u,;*,vi*,ti*) 1/}lw gy, (u,;*,vi*,ti*)}. The values
used to determine the test statistic are as shown in eq. (10).

Gérwrrsr = —2 (lﬂ L(@erwrrsr) —InL (QGTWLLBR)) .
(10)
The simultaneous null hypothesis is rejected if GZry 3 >
XI_q.ap Where df denotes the degrees of freedom. Partial pa-
rameter tests are conducted when the simultaneous test rejects
Hy. These tests are used to determine the statistical significance
of each regression parameter in the GTWLL3R model. The hy-
potheses, test statistics, and rejection regions are presented in
Table 1.

Table 1. Partial hypothesis test for the regression parame-
ters of the GTWLL3R model.

Test statistic
Ey (wi, vi, tr)
SE( B (s, vi, 1)

Parameter Hypotheses Rejection region

Hy : B (ui,vi, t;) =0
B (uiyviyty) 0 Bl vin ) Zp; =

Hi : B (ui,vist) # 0 128, > 212

The estimated variance of 3;(u;, v;, t;) is obtained from the
corresponding diagonal element of the estimated covariance ma-
trix,

E(;’(EGTWLLBR) = —H_l (/éGTWLBR) .

The scale and shape parameters are estimated subject to the con-
straints o (u;, v;,t;) > 0 and ¢ > 1, respectively.

After obtaining the local parameter estimates and their
variances and conducting the Z-tests for parameter significance,
the next step is to identify the model and the factors influenc-
ing the poverty severity index in East Java Province using the
GTWLL3R model as follows:

1. Conduct a descriptive analysis.
2. Detect multicollinearity and address it if present.

3. Test the Log-Logistic distribution of the response variable
using the Kolmogorov-Smirnov test.

4. Test for spatial heterogeneity using the Breusch-Pagan test
and visually detect temporal heterogeneity using boxplots.
Calculate the BP test statistic using the following eq. (11)
below:

BP = (;) t12(272)"'7", (11)

where f= (f1, fo,..., fu)T.

Determine the optimal dy,.

Determine the Euclidean distance.

7. Determine the spatio-temporal weights using a fixed Gaus-
sian kernel weighting function, as shown in eq. (12):

1 (dig1\” . )
—= , ifdy«<<h,i=1,2,...,n,
B exp[Q(h>] if dji« i n

AR

0, lfd”*IZh, i:1,2,...,n.

(12)

®

Perform GTWLL3R modeling

9. Determine the best model based on the smallest AICc value.
The AlCc formula, which accounts for spatiotemporal ef-
fects, is shown in eq. (13) below:

AICc= -2InL (B((ui,vi,ti))ﬂzaa(ui,Uiﬂ%‘)% 6)

2k 1
g 4 2ket ) (13)
—c—1
where e represents i = 1,2,...,n.

10. Model interpretation.

3. Results and Discussion

This study uses secondary panel data obtained from the
Central Statistics Agency (BPS) of East Java Province covering the
period 2022-2024 [20]. The units of observation are 38 regen-
cies/cities in East Java Province observed over three years, result-
ing in a balanced panel dataset with 114 observations.

3.1. Data Exploration

Descriptive statistics were computed for the response and
predictor variables based on the panel dataset of 38 regen-
cies/cities observed from 2022 to 2024. The results are presented
in Table 2.

This Table 2 used panel data from 38 regencies/cities in East
Java during 2022-2024. Overall, the results indicate improving
regional welfare. The average Poverty Severity Index declined
from 0.35 (2022) to 0.27 (2024), meaning that expenditure in-
equality among poor households became lower. The increase in
adequate sanitation access to 88.42% in 2024 was followed by a
decrease in health complaints from 33.43% to 19.19%, highlight-
ing the importance of basic infrastructure for public health.

From an economic perspective, the unemployment rate de-
creased to 4.04%, while labor force participation increased, in-
dicating a stronger labor market. In addition, the average life
expectancy reached 72.60% with low variation, suggesting more
equal health conditions across regions.Overall, these findings
show that development in East Java during 2022-2024 not only
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Table 2. Descriptive statistics of variables used in the study.

. Min Mean Max SD

Year Variables %) %) %) %)
Poverty Severity Index (Y)) 0.06 035 1.16 0.22
Percentage of households with ac- 51.64 82.15 96.41 12.35
cess to adequate sanitation (X1)

Percentage of households with ac- 78.56 95.36 100 4.82
cess to a safe drinking water source
(X2)

2022 Open unemployment rate (X3) 136 5.27 880 1.77
Percentage of the population with 12.82 33.43 61.88 11.15
health complaints (X4)

Labor force participation rate (X5) 63.08 71.28 82.99 3.49
Life expectancy (Xg) 67.29 72.07 74.54 1.96
Poverty Severity Index (Y)) 0.06 033 142 0.24
Percentage of households with ac- 50.30 88.58 100 12.18
cess to adequate sanitation (X1)

Percentage of households with ac- 79.26 96.11 100 4.81
cess to a safe drinking water source

(X2)

2023 Open unemployment rate (X3) 1.71 4.66 8.05 1.42
Percentage of the population with 15.72 27.77 37.95 5.69
health complaints (X4)

Labor force participation rate (X5) 66.89 73.15 81.64 3.76
Life expectancy (Xs) 67.60 72.41 7491 1.98
Poverty Severity Index (Y) 0.06 0.27 153 0.25
Percentage of households with ac- 29.75 88.42 100 13.03
cess to adequate sanitation (X1)

Percentage of households with ac- 79.26 96.11 100 4.81
cess to a safe drinking water source

(X2)

2024 Open unemployment rate (X3) 156 4.04 649 1.17
Percentage of the population with 15.88 19.19 39.36 5.26
health complaints (X4)

Labor force participation rate (X5) 67.52 73.66 86.62 3.73
Life expectancy (X) 67.76 72.60 75.11 1.99

promoted economic growth, but also improved welfare quality
and reduced poverty severity. Next, we detected multicollinear-
ity among the variables by examining the VIF values. The VIF
values for each predictor variable are shown in Table 3.

Table 3. Multicollinearity Detection Results.

Variable X1 XQ X3 X4 X5 X6
VIF 1493 1.630 2.688 1364 2955 1.554

Based on Table 3, it was found that the VIF values for all pre-
dictor variables were less than 5, so it can be concluded that there
is no multicollinearity among the predictor variables. Therefore,
each predictor variable can be included in the regression model
without causing instability in parameter estimation.

Following the validation of the predictor variables, the anal-
ysis proceeded to examine the response variable. The response
variable was examined to assess its conformity to the LL3 distri-
bution using the Kolmogorov—Smirnov (KS) test. The null hypoth-
esis assumed that the data followed an LL3 distribution, while
the alternative hypothesis suggested a departure from it. For the
poverty severity index variable, the KS test yielded a statistic of
0.0856 with a p-value of 0.9431. These results indicate insuffi-

cient evidence to reject the null hypothesis, implying that the
poverty severity index data are consistent with the LL3 distribu-
tion.

Next, to determine the presence of spatial heterogene-
ity, the Breusch—Pagan test was conducted using eq. (11). The
Breusch—Pagan test statistic for the first data period was greater
than the critical value X%O.95,6) = 12.592, so it can be concluded
that Hy was rejected. Meanwhile, temporal heterogeneity was
assessed visually using box plots. Figure 1 shows a box plot of
the Poverty Severity Index for the years 2022 to 2024.

Data
o
«

o
o
o

0,295 "
021 : 0,205

!

2022 2023 2024

00

Figure 1. Boxplot of East Java poverty severity index.

The box plot in Figure 1 illustrates the variation in the data
range from 2022 to 2024, as reflected in the differences in the me-
dian values for each year. This indicates the presence of temporal
heterogeneity in the response variable. Based on these two tests,
it can be concluded that there is spatiotemporal heterogeneity in
the global model of the East Java Poverty Severity Index.

3.2. Modeling Using GTWLL3R Model

The GTWLL3R model was developed through parameter es-
timation and hypothesis testing of the model; the parameter esti-
mation process required spatio-temporal weights that took into
account spatio-temporal distance and optimum bandwidth. Op-
timum bandwidth shown in Table 4.

Table 4. Optimum 7,

Period Year Used oL AlCc
1 2024 - 22.612
2 2024, 2023 0.2 19.044
3 2024, 2023,2022 2.0 18.311

Based on Table 4, the AICc values calculated using eq. (13)
indicate that the 3-period model with a fixed Gaussian kernel
weighting function, as specified in eq. (12), has a lower AlCc value
than the 1-period and 2-period models with the same weighting
scheme.

The LL3R model assumes the same predictor effects across
all districts/cities and periods, making it less flexible. The
GWLL3R model accounts for spatial differences but does not
fully capture temporal changes. In contrast, the GTWLL3R model
combines spatial and temporal effects, making it more adaptive
to regional conditions and changes over time. Therefore, the
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Figure 2. Clustering of districts in East Java Province based on variables significant for the poverty severity index in period 3.
GTWLL3R model provides more accurate estimates and achieves Table 6. Estimated values of the GTWLL3R model parame-
the lowest AlICc value. ters in Banyuwangi Regency (10th location) period
After obtaining the parameter estimates for the GTWLL3R 3.
model, an equivalence test between the GTWLL3R and GWLL3R
models was conducted using eq. (9). The test yielded an F'- Parameter Estimate SE Z-value  P-value
statistic of 1.3955, which was greater than the critical value
Fape = 1.1895. Therefore, Hy was rejected, indicating that Bo(u10, v10) -3.830 0.778  -4.920 0.000
the GTWLL3R model is significantly different from the GWLL3R B1(u10,v10) -0.135 0.090  -1.505 0.132
model. This result suggests that incorporating the temporal di- B2 (w10, v10) -0.650  0.142 -4.578  0.000
mension significantly improves the model beyond the geograph- B3 (u10,v10) 0.163 0.165 0.989 0.322
ical effects captured by the GWLL3R model. Ba(u10,v10) -0.613 0.196 -3.116 0.001
The parameters of the GTWLL3R moc.lel were tested si- Bs(u10, v10) -0.358 0319 -1.123 0.261
Tn.ul;ane.ous.lf}/ to Eletern;]mg whe;cl;er tthe predlc(t:lgrtvarlab!elS);lvéfe Be(u10,v10 -1.123 0377 -2975  0.002
jointly significant or whether at least one predictor variable in- o (w10, v10) 0216 0.023 9372 0.000

fluenced the poverty severity index in East Java using eq. (10).
At a significance level of 5%, the test statistic was G2 = 58.9001,
while the critical value from the chi-square distribution was x? =
12.59159. Since the test statistic exceeded the critical value, H
was rejected. Therefore, at least one predictor variable had a
significant effect on the poverty severity index in East Java.

Furthermore, partial tests conducted across all districts and
cities yielded varying conclusions regarding the significance of
the predictor variables. The results of the partial tests are pre-
sented in Table 5.

Table 5. Clustering of regencies and cities in East Java
Province based on predictor variables significant for
the poverty severity index in period 3.

. Significant .
Period Variables Regency/City
X2, Xs Trenggalek, Tulungagung, Lumajang, Ma-
3 diun, Tuban, Lamongan
Xo, X4, X6 Pacitan, Ponorogo, Blitar, Kediri, Malang,

Jember, Banyuwangi, Bondowoso,
Situbondo, Probolinggo, Pasuruan, Sidoarjo,
Mojokerto, Nganjuk, Magetan, Ngawi, Bo-
jonegoro, Gresik, Bangkalan, Sampang,
Pamekasan, Sumenep, Kota Kediri, Kota
Blitar, Kota Malang, Kota Probolinggo, Kota
Pasuruan, Kota Mojokerto, Kota Surabaya,

Kota Batu
X1,X2, X4, X6 Jombang, Kota Madiun

Table 5 shows that the significant predictor variables differ
across regions in period 3, indicating that the relationship be-
tween the predictor variables and the Poverty Severity Index (Y")
varies spatially. In other words, the factors influencing poverty
severity are not the same across all regencies and cities. An illus-
tration of the regional grouping based on the predictor variables
that significantly affect the Poverty Severity Index in period 3 is
presented in Figure 2.

Based on Figure 2, the influence of the predictor variables
on the Poverty Severity Index varies across regencies and cities
in East Java Province during period 3. In general, neighbor-
ing regions tend to share the same significant predictor vari-
ables, whereas more distant regions may exhibit different pat-
terns. Table 6 presents an example of the partial test results for
Banyuwangi Regency during period 3.

Based on the parameter estimates presented in Table 6, the
predictor variables that significantly affect the Poverty Severity
Index (Y') in Banyuwangi Regency are the percentage of house-
holds with access to a safe drinking water source (X3), the per-
centage of the population with health complaints (X4), and life
expectancy (Xs).

4. Conclusion

This study confirms the superiority of the GTWLL3R model
with a fixed Gaussian kernel weighting function in analyzing the
Poverty Severity Index in East Java Province. The model effec-
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tively captures spatial and temporal heterogeneity, indicating
that the poverty severity index varies across regions and years.
It also identifies three regional clusters in which neighboring ar-
eas tend to exhibit similar patterns of significant predictor vari-
ables. Access to a safe drinking water source was consistently
significant across many regencies and cities, indicating that the
provision of basic services is an important factor associated with
poverty severity. Therefore, government policies should priori-
tize improvements in public infrastructure and the implementa-
tion of region-specific poverty reduction programs. This study
is limited by the relatively short observation period and the
limited number of predictor variables. Future research should
use longer-term panel data and incorporate additional socioe-
conomic indicators. In addition, future studies may consider
modeling two response variables simultaneously by extending
the proposed model to Geographically and Temporally Weighted
Bivariate Three-Parameter Log-Logistic Regression (GTWBLL3R),
thereby providing a more comprehensive understanding of re-
gional poverty conditions.
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