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1. INTRODUCTION

Poverty is a multidimensional issue that continues to affect many developing countries. To address
this, the United Nations established the United Nations Development Program (UNDP), which focuses on
eradicating poverty, promoting inclusive development, and strengthening institutional capacity to ensure
sustainable development outcomes [1]. Several international studies emphasize that poverty is influenced by
multiple structural factors, including job quality, educational attainment, access to health services,
infrastructure development, gender disparities, and geographic location [2].

In various regions of Indonesia, poverty remains a persistent and complex issue due to its
multidimensional impacts, such as hampering economic growth and contributing to inflationary pressures.
This condition is typically marked by the inability of individuals or households to meet basic needs, such as
food, shelter, education, and healthcare, which in turn limits access to essential public services [3]. According
to Chambers, poverty is not merely about income deprivation but constitutes an integrated concept
comprising five dimensions: (1) powerlessness, (2) dependence, (3) geographical and social isolation, (4)
vulnerability to crises, and (5) material deprivation [4]. This perspective emphasizes that living in poverty
involves more than just financial hardship; it also includes limited access to education and healthcare,
exposure to legal injustice, a heightened risk of crime and exploitation, lack of autonomy, and an inability to
shape one’s own life path.

In March 2022, the poverty rate in Indonesia dropped to its lowest level, marking a significant
achievement as the rate returned to single digits for the first time since the COVID-19 pandemic, namely
9.54% [5]. Since the onset of the pandemic, poverty has evolved beyond a financial and consumption issue,
encompassing limited access to employment, health, education, and livelihood activities, factors that impact
both the short and long term [6]. This proves that poverty, as a multidimensional phenomenon, cannot be
understood through a single lens; hence, a multidimensional approach is essential for effectively reducing
poverty rates [7]. West Kalimantan is the province with the highest number of poor people on Kalimantan
Island. Although the poverty rate has slightly declined, the reduction has not been significant, and poverty
remains highly concentrated in this province [8]. When analyzed by percentage over the past seven years, the
poverty rate in West Kalimantan decreased from 8.30% in 2015 to 6.73% in 2022 [9]. However, based on
residential classifications, the number of people living in poverty in urban areas increased by 2.35 thousand—
from 85.04 thousand in March 2022 to 87.39 thousand in March 2023. Similarly, the rural poor population
rose from 265.21 thousand to 265.96 thousand over the same period, marking an increase of 750 people [9].

Poverty is associated with low levels of consumption and income, poor health and education, limited
participation in development, and various other issues related to human development. Although the poverty
rate in West Kalimantan has declined, further analysis is needed to identify the factors that influence this
issue. This study employs Structural Equation Modeling (SEM) with the Finite Mixture Partial Least Squares
(FIMIX-PLS) approach. SEM is a multivariate analysis technique used to model the simultaneous linear
relationships between unobservable latent variables and observable indicators [10]. Among various SEM
techniques, Partial Least Squares (PLS) is particularly suitable for analyzing latent variables, indicators, and
measurement errors simultaneously. PLS is often used when the theoretical foundation is weak or when the
indicators do not align well with a reflective measurement model [11]. Known as soft modeling, PLS offers
flexibility by relaxing several statistical assumptions, such as multivariate normality, specific measurement
scales, and large sample size requirements [10].

A Finite Mixture in Partial Least Squares (FIMIX-PLS) is part of the Structural Equation Modeling
(SEM) technique, which was introduced to identify unobserved heterogeneity within data groups [12]. This
approach considers heterogeneity within the observation units of latent variables, acknowledging that
different groups or regions within the dataset may exhibit distinct structural relationships. By applying this
method, the research assumes that not all units respond uniformly to the same latent constructs, thereby
justifying the use of FIMIX-PLS to capture unobserved segment-specific variations.

This approach allows for a more accurate conclusion by accounting for heterogeneity among latent
variables through the segmentation process [13]. The purpose of this study is to analyze valid and reliable
indicators that significantly influence poverty, as well as to classify regional groupings in West Kalimantan
using the Finite Mixture Partial Least Squares (FIMIX-PLS) method. Although numerous studies have
examined poverty determinants, most treat the population as homogeneous, overlooking the possibility of
latent heterogeneity across regions. This study addresses that gap by applying a segmentation-based approach
that identifies unobserved subpopulations, thereby providing a more nuanced understanding of poverty
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dynamics. The urgency of this research lies in the persistent concentration of poverty in West Kalimantan
despite various development efforts, emphasizing the need for more targeted, evidence-based interventions
tailored to specific regional characteristics.

2. RESEARCH METHODS

Partial Least Squares (PLS) is a Structural Equation Modeling (SEM) analysis technique capable of
directly analyzing indicator variables, latent variables, and measurement errors. PLS is often used as an
alternative method when the available indicators do not meet the requirements of a reflective measurement
model, or when the underlying theory is weak [14]. This method integrates principal component analysis and
regression in an iterative process, with the primary objective of explaining the variance in the constructs
within the model [15]. PLS is considered a powerful analytical tool because it does not require strict
assumptions, can be applied to various data scales, and is suitable for small sample sizes [16]. While PLS-
SEM is particularly useful for exploratory analysis and early-stage model development, any relationships
identified without strong theoretical support should be interpreted with caution. The accurate and meaningful
interpretation of these relationships still relies on a solid theoretical foundation [17]. Moreover, PLS can be
applied in structural models that involve both formative and reflective indicators.

2.1 Structural Equation Modelling — Partial Least Square (SEM-PLS)

This study employs the Partial Least Squares Structural Equation Modeling (PLS-SEM) approach to
analyze relationships between latent constructs and indicators, as well as to assess the predictive contributions
among constructs. The evaluation of a PLS-SEM model involves two primary stages: measurement and
structural model evaluations.

1. Measurement Model Evaluation

The evaluation of the measurement model aims to ensure that the indicators used are reliable and
valid in measuring the latent constructs. The following aspects were evaluated. First, indicator
reliability was assessed through outer loading values. Indicators with loadings above 0.7 are
considered to represent the construct adequately, although values between 0.6 and 0.7 can be
accepted in exploratory research [16]. Internal consistency reliability was then evaluated using
Composite Reliability (CR), which is more appropriate in PLS models than Cronbach’s Alpha.
CR values above 0.7 indicate satisfactory reliability [16]. Next, convergent validity was tested
using Average Variance Extracted (AVE). AVE values above 0.5 confirm that the construct
explains more than half of the variance of its indicators [18]. Finally, discriminant validity was
evaluated using the Fornell-Larcker criterion and HTMT (Heterotrait-Monotrait Ratio).
Discriminant validity is achieved if the square root of AVE is greater than the inter-construct
correlations and HTMT values are below 0.9 [18]. These evaluations ensure that each construct
in the model is distinct and properly measured by its assigned indicators.

2. Structural Model Evaluation

Following measurement model validation, the structural model is evaluated to examine the
hypothesized relationships among latent variables. The strength and direction of relationships are
assessed through path coefficients, with their significance tested using the bootstrapping
procedure to obtain p-values and t-values [16]. The coefficient of determination (R?) is used to
measure the proportion of variance in the endogenous variables explained by the exogenous
constructs. Higher R? values indicate better explanatory power [16]. The effect size (f?) is
calculated to assess the impact of each exogenous variable on the endogenous variable [16].
Predictive relevance (Q?) is determined via the blindfolding technique, where Q? values above
zero indicate that the model has predictive relevance [19]. While PLS-SEM does not emphasize
global model fit, the Standardized Root Mean Square Residual (SRMR) can be employed to assess
model quality; an SRMR below 0.08 suggests acceptable model fit [16].

2.2 Finite Mixture in Partial Least Square

Generally, when estimating a structural equation model, researchers assume that the data collected is
homogeneous [13]. However, this assumption is often incorrect and may be considered irrational, especially
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when data is collected from multiple units or segments [20]. K-means clustering and factor analysis combined
with Ordinary Least Squares (OLS) regression are commonly used to address segmentation or grouping
problems [14]. However, these methods cannot be applied when the variables involved are unobserved or
latent. Although grouping techniques can be used in OLS models to manage heterogeneity, they are not
suitable for models that include latent constructs or variables that cannot be directly measured. Therefore,
Finite Mixture Partial Least Squares (FIMIX-PLS) is considered a more appropriate method, as it enables the
identification of unobserved heterogeneity in models that incorporate latent variables [21].

The FIMIX-PLS estimation assumes that heterogeneity occurs in the structural model with the
assumption of n; Distributed Finite Mixture with a Normal Multivariate Density Function. f;. [22]

K
n; ~ Z Prfik Ml By, T, Py). (D
k=1

The vector n; represents a set of endogenous latent variables that reflect outcome constructs within the
inner model of PLS for the i-th observation. These constructs are not directly measured but are estimated
from multiple observed indicators through the measurement model. In the context of SEM analysis, n; is
considered latent, and its values are determined by the structural relationships defined in the model, including
the influence of other constructs via path coefficients. The mixing proportion p; indicates the probability
weight of an observation belonging to the k-th latent class in the FIMIX-PLS model. Its value is always
positive, and the sum of all mixing proportions across K classes must equal one (o, > 0 and YX_, p,=1),
This implies that each observation probabilistically belongs to one of the latent classes in the mixture model.
The magnitude of p;, reflects the relative size or dominance of each class in shaping the overall data structure.

The conditional density function f;j,(m;|§;, Bi, I', ¥y) describes the likelihood of observing the
values of the endogenous latent variables n; for the i-th observation, given the exogenous latent variables §;
and the class-specific parameters By, I';,, and y,. This function encapsulates the structural information
within class k and serves as the foundation for probability estimation in the mixture modeling framework.
The matrix B}, contains the path coefficients representing relationships among endogenous latent constructs
within class k. Each element in this matrix quantifies the extent to which one construct influences another
within the same segment.

The matrix I', includes the path coefficients that describe the influence of exogenous latent constructs
on endogenous latent constructs, and is also specific to class k. Finally, the matrix ¥, captures the variances
of structural disturbances (i.e., residual errors) in the inner model. Each diagonal element of ¥, represents
the unexplained variance associated with an endogenous latent construction, those portions not accounted for
by other constructs or by exogenous variables. This matrix is essential for understanding the stochastic
component of the model.

The principle of likelihood is used in the estimation of the FIMIX-PLS model. In FIMIX PLS, the
expectation-maximization (EM) algorithm to maximize the likelihood function, which is a combination of
the Maximization (M) step and Expectation (E) step. The optimal number of segments in FIMIX-PLS can be
seen through the criteria values such as Normed Entropy (EN), Akaike Information Criterion (AIC), Bayesian
Information Criterion (BIC), and Consistent AIC (CAIC) [23].

2.3 Determining the Number of Segments

In FIMIX-PLS, The EN, AIC, BIC, and CAIC criteria are statistical measures used to determine the
optimal number of segments. Normed Entropy (EN) ranges from 0 to 1, where a higher value, closer to 1,
indicates better segment separation quality. These criteria are calculated using the following formulas [10]:

The Akaike Information Criterion (AIC) for class k is defined as:
AIC, = =2InL + ¢ N, (2)
where ¢ = 2 is a constant and N,, represents the number of independent parameters in the model.
The Bayesian Information Criterion (BIC) for class k is calculated as:
BIC, = —2InL +1InN - Ny, 3)

where N is the number of observations and c is given by In(N).
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The Consistent Akaike Information Criterion (CAIC) is expressed as:
CAIC, = —2InL + (In1 + 1) - Ny, (4)
where I denote the total number of observations, and c is defined as (In I + 1).
The Normed Entropy (EN) is calculated using the following formula.
_ [Z£—1 Zlk(=1 —Pye 1n(Pik)] (5)
IIn(K) ’

where P;;, is the posterior probability that the i-th observation belongs to the k-th class. A higher EN value
indicates a clearer and more meaningful separation among segments. In general, better segmentation is
associated with a higher NE score, which reflects stronger differentiation and better representation of the
data’s latent heterogeneity [24].

EN, =1

3. RESULTS AND DISCUSSION

This study uses secondary data from the official websites of the "Badan Pusat Statistik Kalimantan
Barat: https://kalbar.bps.go.id/id" and "Badan Pusat Statistik Indonesia: https://www.bps.go.id/id" in 2023.
The data has 14 observations according to regencies/cities with 19 indicators. The latent variables used are
poverty, health, education, and economy.

Table 1. Latent Variables Indicators
Latent Variables Code Indicator
Health (£;) SHI (x11)  Life expectancy rate
SH2 (x12) Poor households who use decent water
SH3 (x13) Percentage of birth support helper with medical personnel
SH4 (x14) Percentage of women who are married and use birth control (15-49)
SH5 (x15)  Percentage of population who have BPJS health contribution assistance
Recipients
SH6 (x16)  Percentage of households that have their own latrines
Education (n,) PDI (y12)  Literacy rate (percent)
PD2 (y13)  Pure participation rate for senior high school (percent)
PD3 (yis)  School participation rate of 16-18 years old
PD4 (y1s)  Open unemployment rate (percent)
PD5 (yis)  Average length of school (year)
Economy (1,) EKI (y21)  Percentage of monthly average per capita expenditure for food
EK2 (y»)  Percentage of poor people aged 15 and over working in the formal sector
EK3 (y»3)  Percentage of total labor force
EK4 (y24)  Percentage of households by the main source of lighting
EK5 (y2s)  Percentage of poor people aged 15 and over working in the agricultural sector
Poverty (13) MI (y31) Number of poor populations
M2 (y32) Index of poverty depth
M3 (y33) Index of poverty severity

A path diagram of the constructed poverty structure model in the relationship between endogenous and
exogenous variables is illustrated in Fig. 1. This study's structural model design combines three variables:
economy, education, and poverty, as endogenous latent variables, and health as exogenous latent variables.
The four latent variables are linked through pathways designed to test the hypotheses examined in the study.

3.1 Evaluation of the Measurement Model

The discriminant validity, convergent validity, and composite reliability are used to evaluate the
measurement model.
3.1.1 Convergent Validity

The principle of convergent validity requires a good correlation between each indicator and the latent
variable that constitutes it. The convergent validity does not meet the standard or is unacceptable if the outer
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loading value obtained is below 0.6. Furthermore, the re-testing modification is carried out by eliminating
invalid indicators so that all indicators that construct each latent variable have valid outer loading values and
can be continued for further analysis.

5H1
LS

SH2

3H3

3H4

5H3 Health
SHE

EK1 EK3 EKa EkS

M1

M2

(LS

FM

P2

FO3

FD4

Education

DS
Figure 1. Structure of Poverty

The selection of variables and indicators in this model is based on a comprehensive literature review
and adapted from prior empirical studies on multidimensional poverty [25] [10]. The constructions of health,
education, and economy are employed as exogenous variables, while poverty serves as the endogenous
outcome. Indicators for each construct were selected based on their theoretical relevance and contextual
applicability to poverty analysis in Indonesia. The health variable includes six indicators reflecting access to
basic healthcare and hygiene practices [26]. Education is measured through five indicators related to
schooling and literacy [27]. Economic conditions are represented by indicators such as household
expenditure, employment sector participation, and access to basic infrastructure [28]. Lastly, the poverty
construct is measured using three key indicators adapted from the Multidimensional Poverty Index (MPI)
framework [29] and regional poverty data [9].

For Table 2, there are still indicators with outer loading values below 0.6, so retesting is carried out by
issuing invalid variables. Invalid variables include PD1, SH1, SH4, SH5, EK2, EK4, and M3.
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Table 2. Outer Loading Value
Latent Variable Indicator OQOuter Loadings Information

Health SHI 0.034 Invalid
SH?2 0.753 Valid
SH3 0.953 Valid
SH4 -0.928 Invalid
SHS5 -0.050 Invalid
SH6 0.609 Valid
Education PDI 0.403 Invalid
PD2 0.643 Valid
PD3 0.750 Valid
PD4 0.830 Valid
PD5 0.750 Valid
Economy EKI 0.721 Valid
EK2 -0.768 Invalid
EK3 0.920 Valid
EK4 -0.799 Invalid
EKS5 0.907 Valid
Poverty Ml 0.926 Valid
M2 0.903 Valid
M3 0.525 Invalid

All indicators in Table 3 are declared appropriate or valid for further analysis because the external load
value for each indicator is above 0.6.

Table 3. Outer Loading Value After Retesting
Latent Variable Indicator Outer Loadings Information

Health SH2 0.832 Valid
SH3 0.900 Valid

SH6 0.738 Valid

Education PD2 0.644 Valid
PD3 0.769 Valid

PD4 0.844 Valid

PD5 0.723 Valid

Economy EK3 0.923 Valid
EKS5 0.940 Valid

Poverty Ml 0.988 Valid
M2 0.978 Valid

After the convergent validity test, a new path diagram is obtained, which is presented in Fig. 2.
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Figure 2. A New Form of Conceptual Model of Poverty Structure

Based on the new model form after a retesting test, valid indicators for the health variables are SH2,
SHS3, and SH6. For education, valid indicators are PD, PD3, PD4, and PD5. Valid indicators for the economic

0248 R t A
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variables are EK1, EK2, and EKS. Finally, valid indicators for the poverty variables are M1 and M2.

3.1.2 Discriminant Validity

Discriminant validity is done to see how a latent variable differs from other latent variables. It can also
ensure how well a construct can explain each indicator that makes it up. Discriminant validity looks at the
values obtained on cross-loading, Fornell-Larcker Criterion, and AVE. The reflective indicator is valid based
on the loading factor value in the convergent validity evaluation. This is supported by the AVE value for each

of its latent variables greater than 0.5, as presented in Table 4.

Table 4. Cross Loading Values

Indicator Economy Poverty Health Education
SH2 -0.596 -0.572  0.832 0.513
SH3 -0.788 -0.764  0.900 0.856
SH6 -0.580 -0.522  0.738 0.487
PD2 -0.348 -0.219  0.396 0.644
PD3 -0.605 -0.326  0.601 0.769
PD4 -0.923 -0.582  0.816 0.844
PD5 -0.674 -0.328  0.389 0.723
EK1 0.789 0.356 -0.619 -0.645
EK3 0.923 0.582 -0.816 -0.844
EK5 0.940 0.439 -0.696 -0.903

MI 0.850 0.988 -0.763 -0.540
M2 0.436 0.978 -0.744 -0.488

In Table 4, the cross-loading value of each indicator on each construct is higher than that of the other
constructs. Thus, it was concluded that it had good discriminant validity for all indicators. Apart from the
cross-loading value, discriminant validity can be seen through the Fornell-Larcker Criterion and AVE criteria

in Tables 5 and 6.

Table 5. Fornell-Larcker Criterion Value

Latent Variable Economy Poverty Health Education
Economy 0.886 - - -
Poverty 0.527 0.983 - -
Health -0.808 -0.767 0.826 -
Education -0.909 -0.526 0.782 0.748
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The Fornell-Larcker Criterion is considered satisfactory if the latent variable exhibits a higher value
than it is correlated with other latent variables in the same column [18]. In Table 5, Economics has an AVE
root value (VAVE) of 0.886 for the latent variable. This value is the largest compared to the correlation values
of Economy with Poverty, Economy with Health, and Economy with Education. This also applies to the value
of the latent variable VAVE of Poverty with Poverty of 0.983 and Health to Health of 0.826. However, the
variable Education to Education is 0.748. for this reason, it is necessary to continue to see the AVE value
listed in Table 6.

Table 6 shows that the AVE value in the Economic variables is 0.789, Poverty is 0.966, Health is 0.682,
and Education is 0.560, indicating that all have good convergent validity values. Although it can be seen that
the value in the Fornell-Larcker Criterion table for the relationship between the education variable and itself
is not greater than the relationship with the health variable, this is still acceptable because there is enough
evidence that the value of cross-loading and AVE is fulfilled.

Table 6. Average Variance Extracted Value of Each Latent Variable
Latent Variable Average Variance Extracted (AVE)

Economy 0.784
Poverty 0.966
Health 0.682

Education 0.560

3.1.3 Composite Reliability

Study can be reliable if it has similar data at different times. If the composite reliability value is greater
than or equal to 0.7, a variable can be said to meet the reliability [30].

Table 7. Composite Reliability and Cronbach’s Alpha Values

Latent Variable Cronbach’s Alpha Composite Reliability
Economy 0.861 0.916
Poverty 0.966 0.983
Health 0.769 0.865
Education 0.749 0.835

Table 7 shows that this study's reliability is acceptable, and all latent variables meet the required
reliability criteria.

3.1.4 Equation for Measurement Model (Outer Model)
Based on Figure 2, the equation for the measurement model is obtained as follows.

1. Health Variable Measurement Model
X12 = 0832{1, X13 = 090051, X16 = 0738{1
2. Educational Variable Measurement Model
Vi2 = 06447]1; Vi3 = 07697]1; Via = 08447]1; Vis = 07237’1
3.  Economic Variable Measurement Model
V21 = 0-786_772F)’23 = 0.92313; y25 = 0.940n;
4. Poverty Variable Measurement Model
y31 = 0.988n3; y3, = 0.978n3

3.2 Evaluation of the Structural Model

The evaluation of the structural model ensures that the relationship between the latent variables is
significant and follows the hypothesis [19]. In SEM-PLS, structural evaluation is conducted by assessing the
model's explanatory power through the coefficient of determination (R?), calculated using the formula
R? = 1 — (Residual Sum of Squares/Total Sum of Squares). This value indicates the proportion of variance
in the endogenous latent variable that is explained by the exogenous constructs. Additionally, to examine the
significance of the relationships between constructs within the structural model, the path coefficient values
are analyzed [31].

The R-square value in Table 8 for economics is 0.851, indicating moderate model [31]. This means
that the 85.1% variation in the health and education variables can explain the economic variable. The
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education variable indicates that it can explain 61.2% of the variation in the health variable. The last variable
is the poverty variable, meaning that 27.8% of the variation in the economic variable can be explained.

Table 8. Determination Coefficient Model Structural

Endogenous Latent Variables R’
Economy 0.851
Education 0.612
Poverty 0.278

The R-square value for the latent variable Poverty is low because several additional factors, such as
economic influences and other unaccounted variables, contribute to Poverty. In SEM-PLS, the structural
model was evaluated using bootstrapping to assess the path coefficients between latent variables.

Table 9. Path Coefficient Values Indirect Effects Using Bootstrap

Inner Model Original Sample t-statistic p-value
Health -> Education -> Economy -> Poverty -0295 2.101 0.036
Education -> Economy -> Poverty -0.377 2.333 0.020
Health -> Education -> Economy -0.560 2.714 0.007
Health -> Economy -> Poverty -0.131 0.819 0.413

In Table 9, the p-value of the indirect effect of health on poverty through education and economics is
significant, meaning that the education and economic variables significantly mediate the health variable on
poverty. The p-value of education on poverty through the economy is also significant. Then, the p-value on
the variable health towards the economy through education is also significant, which means that education
significantly mediates between health and the economy. This result is reported as part of the overall model
interpretation, and no model re-specification was conducted, as the focus remains on theoretically justified
pathways and the model as a whole meets the required standards of validity and reliability. The insignificant
pathway is acknowledged as a reflection of empirical findings, which can still offer valuable insight into the
complexity of inter-variable relationships without altering the core model structure.

Table 10. Path Coefficient Values Direct Effects Using Bootstrap

Inner Model Original Sample ¢-Statistic p-Value
Economy -> Poverty 0.527 2.812 0.005
Health -> Economy -0.248 0.989 0.323
Health -> Education 0.782 14.023 0.000
Education -> Economy -0.716 3.085 0.002

Results in Table 10 show that, based on the value of direct effects, three pathways significantly impact
the latent variables of the economy on poverty, health on education, and education on the economy. The
equation of the inner model or structural model can be expressed as follows.

1. Structural Model of Educational Variables
N1 = 0.7828; + {3;

2. Structural Model of Economy Variables
n, = —0.248&;, — 0.716n, + {5;

3. Structural Model of Poverty Variables
n3 = 0.5271, + (5.

Based on Table 10, three structural pathways show significant effects. First, health has a strong and
significant positive effect on education (f = 0.782; p < 0.001), indicating that improvements in health
contribute positively to educational outcomes. Second, education has a significant negative effect on the
economy (8 = —0.716; p = 0.002), suggesting that in this context, higher education levels may not directly
translate into improved economic conditions, possibly due to labor market mismatch or structural economic
limitations. Third, the economy has a significant positive effect on reducing poverty (8 = 0.527; p =
0.005), meaning that better economic conditions are associated with lower poverty levels. The path from
health to the economy (8 = —0.248; p = 0.323) is not statistically significant and thus is not interpreted
further in the structural model.
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3.3 Group Determination with FIMIX-PLS

FIMIX-PLS produces several groups based on predetermined statistical criteria: BIC, AIC, CAIC, and
EN values. Table 11 presents all these criterion values.

Table 11. AIC, BIC, CAIC, and EN Values in Each Segment
Criteria k=2 k=3 k=4 k=5

AIC 83.953 83.053 70.354 70.737
BIC 93.539 97.751 90.165 95.660

CAIC 108.539  120.751  121.165  154.660
EN 0.879 0.937 0.987 0.971

Based on Table 11, k = 4 is the best segmentation because it gives the highest EN value of 0.987.
Meanwhile, the AIC, BIC, and CAIC values were smaller than those of other segmentations. So, it can be
concluded that four segments were formed. Each group formed tends to influence each other between latent
variables.

Table 12 below describes the provincial grouping results in West Kalimantan based on the FIMIX-
PLS results.

Table 12. Grouping of Regency/City Based on FIMIX-PLS

Segment Count Regency/City
1 5 Landak, Sanggau, Sekadau, Kayong Utara, Singkawang City
2 4 Kapuas Hulu, Melawi, Mempawah, Kubu Raya
3 3 Sambas, Sintang, Pontianak City
4 2 Bengkayang, Ketapang

The area included in Group 1 consists of five regencies/cities: Landak, Sanggau, Sekadau, Kayong
Utara, and Singkawang City. The area included in Group 2 consists of four regencies/cities: Kapuas Hulu,
Melawi, Mempawah, and Kubu Raya. The area included in Group 3 consists of three regencies/cities:
Sambas, Sintang, and Pontianak City. The area included in Group 4 consists of two regencies/cities:
Bengkayang and Ketapang. Table 13 summarizes the effect of each latent variable on other latent variables.

Table 13. Path Coefficient FIMIX-PLS on The Latent Variable of Each Segment
Segment
Path 1 > 3 1
Economy Poverty 0.414 0.906 0.999 -0.985
Health - Economy  -0.871 -1.280 0.176 1.493
Health — Education 0.842 0.908 0.853 0.786
Education - Economy -0.150 0.394 -1.145 10.787

Table 13 shows that group 1, consisting of 5 districts/cities, has the characteristics of the influence of
health on education greater than the influence of health on the economy, economy on poverty, and education
on the economy. A positive score on the path coefficient indicates that improving health will increase the
percentage of education in districts/cities in group 1. Group 2 consists of 4 regencies/cities with the
characteristics of the influence of health on the economy.

Group 3 consists of 3 regencies/cities that have more significant characteristics of economic influence
on poverty than groups 1, 2, and 4. A negative value on the path coefficient indicates that increasing education
will reduce the percentage of the economy in districts/cities in group 3. Group 4 consists of 2 towns/regencies
with characteristics of education's influence on the economy more significant than in groups 1, 2, and 3. A
positive value in the path coefficient indicates that increasing education will increase the percentage of
Economy in districts/cities in group 4. Based on the analysis results from FIMIX-PLS, Figure 3 is a map of
the division of regions into four segments using ArcGIS software.

In Fig. 3, segment 1 represents regions with the influence of health on education; segment 2 represents
areas with the characteristics of the impact of health on the economy. Segment 3 has the characteristics of the
economy's influence on poverty, and Segment 4 shows the influence of education on the economy.
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Figure 1. Map of Regency/City Segmentation Results Based on FIMIX-PLS

By looking at the average results of each segment of all indicators, what needs to be of concern to the
government based on indicators with shortcomings in each segment described in Table 14,

Table 14. Average Results of All Indicators in Each Segment
Indicator Segment1 Segment2 Segment3 Segment4

SH2 79.34 75.65 89.867 75.95

SH3 79.812 82.558 88.433 78.07
SH6 86.234 84.67 91.37 87.99

PD2 52.936 54.07 61.1 52.15

PD3 69.256 69.515 70.187 69.125
PD4 3.988 4.685 5.627 4.745

PD5 7.274 7.37 8.28 7.385

EK1 59.606 61.356 58.24 58.215
EK3 96.012 95.315 94.373 95.255
EK5 54.238 44.988 39.717 51.31

M1 6.898 7.18 6.57 7.765

M2 1.046 1.26 0.913 1.4

Based on Table 14, segment one needs to consider the percentage of the population with BPJS
Contribution Assistance Recipients (PD5). Segment 2, namely, poor households that use decent water (SH2)
and the percentage of poor people who use their latrines (SH6), also needs to be considered.

In segment 3, the indicators with the lowest average values are the Open Unemployment Rate (PD4),
the percentage of employment relative to the labor force (EK3), and the percentage of low-income individuals
working in the agricultural sector (EKS5). In segment 4, the indicators with the smallest average values are the
percentage of mothers receiving medical assistance during childbirth (SH3), the Pure Participation Rate of
High School/Equivalent (PD2), the School Participation Rate 16-18 years old (PD3), the percentage of per
capita expenditure on food (EK1), the percentage of the poor population (M1), and the poverty depth index
(M2).
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4. CONCLUSION

There are 12 valid and reliable indicators in poverty modeling in West Kalimantan. From the direct
influence analysis results, some paths have a significant influence, namely the latent variables of the economy
on poverty, health on education, and education on the economy. The indirect effects of economic and
educational variables significantly mediate the relationship between health and poverty. Economics also
significantly mediates between education and poverty, which further mediates the link between health and
economics.

The resulting segmentation consists of four distinct groups. Segment 1, characterized by the influence
of health and education, includes 5 regions: Landak, Sanggau, Sekadau, Kayong Utara, and Singkawang.
Segment 2, which reflects the effect of health on the economy, includes Kapuas Hulu, Melawi, Mempawah,
and Kubu Raya. Segment 3, dominated by the effect of the economy on poverty, includes Sambas, Sintang,
and Pontianak City. Lastly, Segment 4, defined by the effect of education on the economy, includes
Bengkayang and Ketapang.

These segmentation results are relevant for formulating area-specific poverty alleviation policies. As
shown in Table 14, each segment has unique weaknesses in key indicators. For instance, Segment 1 should
focus on improving access to BPJS assistance (PD5), while Segment 2 needs targeted intervention in clean
water access (SH2) and sanitation (SH6). Segment 3 requires employment-based interventions (PD4, EKS3,
EK5), and Segment 4 demands educational support (PD2, PD3) and nutritional poverty-related assistance
(EK1, M1, M2). Policy implementation should be tailored to each region’s segment profile, prioritizing the
most vulnerable indicators to effectively reduce multidimensional poverty. The segmentation output provides
actionable insights and supports the relevance of differentiated policy strategies across districts in West
Kalimantan.
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