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Abstract

Infrastructure development is important for reducing regional disparities, but Indonesian
provinces differ in economic conditions, human resources, and regional characteristics. This
study examines the relationships between the economy, Human Resources, and Regional
Characteristics and Infrastructure in the 38 provinces of Indonesia, based on secondary data
from Statistics Indonesia (BPS) for 2024 and 2025. To examine the structural relationships,
Partial Least Squares Structural Equation Modeling (PLS-SEM) was employed, and to
investigate unobserved heterogeneity, Finite Mixture PLS (FIMIX-PLS) was used together
with Importance—Performance Map Analysis (IPMA) to determine the priorities within the
segments. The model accounted for 82.3% of the variance in Infrastructure (R? = 0.823).
Yet none of the structural paths were found to be statistically significant at the 5% level:
for Economy (t = 1.195, p = 0.232), for Human Resources (t = 0.895, p = 0.371), and
for Regional Characteristics (t = 1.928, p = 0.054). FIMIX-PLS identified a two-segment
solution, with the final partition assigning 27 provinces to Segment 1 and 11 provinces to
Segment 2. IPMA showed different patterns across segments: Regional Characteristics had
the highest importance in Segment 1, while Economy ranked highest in Segment 2. Regional
Characteristics also had the lowest performance in both segments. As this construct represents
disaster exposure rather than development quality, the results highlight the need to consider
disaster risks and economic differences when setting infrastructure priorities. However, the
findings remain exploratory because none of the overall structural paths were statistically
significant, and the segmentation is exploratory.
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1. Introduction

Sustainable development through the Sustainable Development Goals (SDGs) ranks infrastructure
as one of the key foundations for stimulating economic growth, improving the well-being of the
population, and expanding access to various basic services [1, 2]. The availability of adequate
infrastructure is an important factor in strengthening competitiveness, promoting more inclusive
development, and enhancing interregional connectivity, in addition to facilitating economic
activities [3, 4]. That is why infrastructure development continues to be a strategic priority of
many countries, including Indonesia, as part of its efforts to support sustainable development.
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Regional Heterogeneity and Infrastructure Priorities in Indonesia

Although Indonesia has made infrastructure development a national priority, equitable
development continues to face various challenges [5, 6]. Disparities in geographical conditions,
regional characteristics, economic capacities, and development levels among provinces result in
uneven development of the quality and availability of infrastructure [7]. This situation leads to
inequalities in access to essential services, economic activities, and development opportunities,
particularly in regions outside of Java [4]. Therefore, infrastructure development requires a
region-specific approach to ensure that implemented policies are more effective and promote
inclusive and sustainable development [4, 8].

In recent years, the use of finite mixture partial least squares (FIMIX-PLS) has expanded
considerably for identifying unobserved heterogeneity across various research fields [9-11]. FIMIX-
PLS allows data to be grouped into segments with different relational structures, so that the
resulting model better represents the characteristics of each group. Simultaneously, FIMIX-PLS
has begun to be combined with importance-performance map analysis (IPMA) to determine
improvement priorities based on the characteristics of each segment [12—-14]. This approach
has been widely applied in various research areas. Previous studies have shown that combining
FIMIX-PLS and IPMA not only reveals hidden heterogeneity but also provides more accurate
information for strategy development compared to the use of conventional PLS-SEM.

Research on underdeveloped regions and infrastructure development in Indonesia has generally
relied on a single model to represent the entire study area, as in studies focusing on Java Island
[15, 16]. This approach provides a global view of the relationships between variables at the
population level but overlooks unobserved heterogeneity across regions. Such heterogeneity is
plausible in Indonesia, where regions differ markedly in economic structure and development
levels [8], and where infrastructure is exposed to different hazards [17], so the factors driving
infrastructure development may differ from one region to another.

Although FIMIX-PLS and IPMA have been combined in previous studies, for instance
in the context of social media marketing [14], their application to provincial infrastructure
development in Indonesia remains limited. This study therefore integrates partial least squares
structural equation modeling (PLS-SEM) [18], finite mixture partial least squares (FIMIX-PLS)
[19], and importance-performance map analysis (IPMA) [20], and contributes in three ways.
First, it examines the effects of the economy, human resources, and regional characteristics on
infrastructure across Indonesian provinces. Second, it uncovers latent regional heterogeneity by
identifying segments of provinces in which these relationships differ. Third, it derives segment-
specific improvement priorities through IPMA. These contributions support more selective,
differentiated infrastructure policies rather than uniform national approaches. Accordingly, this
study aims to analyze the effects of the economy, human resources, and regional characteristics
on infrastructure using PLS-SEM, identify unobserved heterogeneity among Indonesian provinces
using FIMIX-PLS, and determine segment-specific infrastructure improvement priorities using
IPMA. The results are expected to inform infrastructure development policies tailored to the
characteristics of each group of provinces, so that the adopted policies can be more selective.

2. Methods

This study uses a quantitative method to analyze 38 provinces in Indonesia using Partial Least
Squares-Structural Equation Modeling (SEM-PLS). After checking the validity and reliability
criteria, Finite Mixture Partial Least Squares (FIMIX-PLS) analysis was used to detect the
existence of unobserved heterogeneity and assign the provinces to segments with homogeneous
characteristics. Then, an Importance-Performance Map Analysis (IPMA) was carried out for
each segment to determine the priority indicators of infrastructure development in Indonesia.

2.1. Data Source

The research used secondary data from official publications of Statistics Indonesia (BPS). The
unit of analysis is 38 provinces of Indonesia. The data used in this study were obtained for
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2024 and 2025 from several publications of BPS, including Potensi Desa (PODES) and other
statistical reports, which provide indicators that are related to the latent variables used in this
research. These data from different sources provided full information on the situation of the
infrastructure, economy, human resources, and regional characteristics of each province.

Data were available for all 38 provinces in both 2024 and 2025. Because the study aims to
represent the general condition of each province during the 2024-2025 period rather than examine
temporal dynamics and therefore does not use time-series or panel methods, the values for the
two years were combined into a single observation for each province. For indicators reported as
the number of villages or urban villages with a particular characteristic, a scale adjustment was
performed separately for each province and year before the two-year values were averaged. The
scale-adjusted value was calculated as:

it

X
Xjy =37 x 100 (1)
1

In Eq. (1), X denotes the number of villages or urban villages with the relevant characteristic
in province i and year t, V;; denotes the total number of villages or urban villages in the
corresponding province and year, and X}, denotes the scale-adjusted value expressed per 100
villages or urban villages. The final value for the 2024-2025 period was then calculated as:

* *
X 2024 T X 9025

X, =
2

(2)

In Eq. (2), X; represents the final scale-adjusted indicator value for province i. This procedure
was applied to reduce the potential influence of differences in provincial administrative size
on indicators expressed as village or urban-village counts. Other indicators were retained in
their respective measurement units as reported by BPS, including monetary, percentage, and
year-based measures. Data preprocessing and calculation of the scale-adjusted indicators were
performed using Microsoft Excel.

The operationalization of the constructs was re-examined to ensure stronger alignment with
the conceptual framework underlying the identification of underdeveloped areas. The indicator
selection was primarily guided by the Petunjuk Teknis Penentuan Indikator dalam Penetapan
Daerah Tertinggal secara Nasional (Technical Guidelines for Determining Indicators in the
National Designation of Underdeveloped Regions) issued in 2016 by the Ministry of Villages,
Development of Disadvantaged Regions, and Transmigration of the Republic of Indonesia
[21], which identifies economic, human resources, infrastructure, and regional characteristics as
dimensions relevant to regional underdevelopment. Previous empirical studies that operationalized
this framework [15, 16] were also considered as supporting references for indicator selection. The
revised indicator specification was therefore theoretically and conceptually motivated rather than
determined by the statistical performance of the indicators in the PLS-SEM model.

The study comprises four constructs: Economy, Human Resources, Infrastructure, and
Regional Characteristics. Infrastructure is specified as the endogenous construct, whereas
Economy, Human Resources, and Regional Characteristics are specified as exogenous constructs.
Based on the final operationalization, Economy is represented by per-capita expenditure and the
percentage of poor population. Human Resources is represented by life expectancy, average years
of schooling, and literacy rate. Infrastructure is represented by four indicators reflecting different
aspects of infrastructure provision, including road surface conditions, the availability of markets
without buildings, health facilities, and basic education facilities. Regional Characteristics is
represented by the selected indicators of villages or urban villages affected by different types of
natural disasters, including earthquakes, floods, whirlwinds, and drought. Table 1 presents the
constructs and indicators used in the study.

Arum Nanda Putri Aprilia 2496



Regional Heterogeneity and Infrastructure Priorities in Indonesia

Table 1: Latent Variables and Measurement Indicators

Latent Variable Indicator Code Data Source
Asphalt / Concrete Road In
Market Without Buildings 12
Infrastructure Health Facility I3 [22, 23]
Basic Education Facilities 14
Econom Per capita Expenditure El [24]
Y Percentage of Poor Population E2 [25]
Life Expectancy H1 [26]
Human Resources Average years of schooling H2 [27]
Literacy Rate H3 [28]
Earthquake R1
Flood R2
ional Ch isti 22, 2¢
Regional Characteristics Whirlwind / Puting Beliung / Typhoon  R3 122, 23]
Drought R4

2.2. SEM-PLS

Multivariate analysis is a statistical approach that allows for the simultaneous analysis of several
variables, thus revealing more complex relationships than univariate or bivariate analyses. Among
the most widely used multivariate analysis methods is structural equation modeling (SEM), which
examines how a latent construct is measured by several observed indicators [18]. This research uses
partial least squares-structural equation modeling (PLS-SEM) to analyze the relationship between
economic factors, human resources, regional characteristics, and infrastructure development in
Indonesia. PLS-SEM allows the measurement and structural models to be estimated within the
same analytical framework and can accommodate models containing formative constructs [18].
The analysis was conducted using SmartPLS version 4.1.1.8.

All four constructs—Economy, Human Resources, Infrastructure, and Regional Characteristics—
were specified as formative. This decision was based on the conceptual role of the indicators,
which represent distinct aspects that jointly define each construct rather than interchangeable
manifestations of an underlying latent variable. The distinction between formative and reflective
measurement was considered in accordance with the conceptual criteria discussed by [29, 30]. The
analysis comprised two stages: evaluation of the formative measurement models and evaluation
of the structural model.

2.2.1. Evaluation of the Measurement Model (Outer Model)

The measurement model was evaluated using criteria appropriate for formative constructs. The
assessment focused on indicator collinearity. Outer weights and outer loadings were also examined
[18].
a. Indicator Collinearity
Indicator collinearity was assessed using the variance inflation factor (VIF). This assessment
was used to identify potential collinearity among indicators within each formative construct.
Excessive collinearity can make it difficult to distinguish the individual contribution of each
indicator [18].
b. Outer Weight
Outer weights were examined to assess the relative contribution of each indicator to its
formative construct. Their statistical significance was evaluated using bootstrapping. A
significant outer weight indicates that an indicator makes a statistically significant unique
contribution to the construct [18].
However, an indicator was not automatically removed when its outer weight was nonsignifi-
cant. Its outer loading and theoretical relevance were also considered, particularly because
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the indicators represent distinct dimensions of regional underdevelopment. Removing
an indicator solely because its outer weight was nonsignificant could reduce the content
coverage of the construct [18, 29].

c. Outer Loadings

Outer loadings were examined to assess the absolute contribution of each indicator to its
associated construct, particularly when its outer weight was nonsignificant. The magnitude
and statistical significance of the outer loadings were considered alongside the conceptual
relevance of the indicators when making retention decisions [18]. The final indicator
specification was based on the conceptual framework and operationalization described in
Section 2.1. Statistical results were used to evaluate the specified formative measurement
models rather than to determine the conceptual composition of the constructs.

2.2.2. Fvaluation of the Structural Model (Inner Model)

After the measurement models had been evaluated, the structural model was assessed to ex-
amine the relationships among the constructs [18]. Economy, Human Resources, and Regional
Characteristics were specified as exogenous constructs, while Infrastructure was specified as
the endogenous construct. The structural model was evaluated using the path coefficients, the
coefficient of determination (R2), the effect size (f?), and bootstrapping to assess the statistical
significance of the estimated relationships [18].

a. Coefficient of Determination (R?)
The coefficient of determination (R?) shows how well a structural model explains the
variance of an endogenous variable using the exogenous variables that affect it. A higher R?
means the model explains the endogenous variable more effectively [18]. The interpretation
of R? values, which vary from 0 to 1, depends on the research field and model complexity.
In marketing and social sciences, R? values of 0.75, 0.50, and 0.25 are regarded as high,
moderate, and low, respectively [18]. However, to make sure the model has both strong
predictive power and high parsimony, R? should be interpreted alongside other structural
model evaluation criteria [18].

b. Effect Size (f?)
The effect size known as f? is a measure of the amount that each exogenous variable
contributes to an endogenous variable in a structural model, whereas R? examines the
model's overall predictive power, f? is concerned with the strength of the influence of an
exogenous variable on a particular endogenous variable [18]. The f2 value is obtained by
comparing the R? value of the endogenous variable before and after removing an exogenous
variable from the model. This comparison indicates the exogenous variable's contribution
to explaining the variance of the endogenous variable. The f? value is calculated using the
following equation [18].

2 2
f2 _ Rincluded — Re:ccluded (3)
- 2
1 - Rincluded
In Eq. (3), R?ncluded represents the coefficient of determination when the exogenous variable

is included in the structural model, while Rgx cludeq TePTesents the coefficient of determination
after its exclusion from the model. The difference between these two values indicates
the significance of the exogenous variable’s contribution to the predictive power of the
endogenous variable [18]. The f? value allows us to assess the relative contribution of an
exogenous variable to explaining the endogenous variable. f2 values of 0.02, 0.15, and 0.35
indicate small, medium, and large effects, respectively, while values below 0.02 indicate a
negligible contribution from the exogenous variable [18].

c. Bootstrapping
The statistical significance of the estimated path coefficients was assessed by means of
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bootstrapping. For this purpose, 5,000 subsamples were used, a two-tailed test was carried
out, and the significance level was set at 5%. The standard errors, t-statistics, and p-
values obtained through bootstrapping were employed in the evaluation of the statistical
significance of the relationships between the constructs [18].

The study included all 38 provinces of Indonesia within its defined geographical scope.
Accordingly, the observed data covered the complete set of provincial units examined in this
study. Bootstrapping was used to assess the uncertainty of the estimated model parameters
under resampling. The resulting p-values were interpreted as evidence from the bootstrap
procedure, rather than as evidence that the 38 provinces constituted a random sample from
a larger population of provinces. Statistical significance was assessed using a two-tailed
test at the 5% level. A relationship was considered statistically significant when its p-value
was below 0.05; a t-statistic greater than 1.96 was used as the corresponding conventional
large-sample reference for a two-tailed test [18].

2.3. FIMIX-PLS

Finite Mixture Partial Least Squares (FIMIX-PLS) is a segmentation technique used to examine
unobserved heterogeneity in Partial Least Squares Structural Equation Modeling (PLS-SEM).
Unlike conventional PLS-SEM, which estimates structural relationships for the overall sample,
FIMIX-PLS accounts for the possibility that observations belong to latent segments with different
structural relationships. Segment membership is represented by probabilities, allowing each
observation to have a probability of belonging to each segment [19].

In this study, FIMIX-PLS was applied to the data from 38 Indonesian provinces to examine
potential heterogeneity in the structural relationships between Economy, Human Resources,
Regional Characteristics, and Infrastructure. Candidate solutions with two to five segments (K
= 2, 3, 4, 5) were evaluated. Each candidate solution was estimated using 10 repeated runs to
reduce dependence on a single initialization and to assess convergence consistency.

The candidate solutions were compared using multiple model-selection and classification
criteria, including the Akaike information criterion (AIC), modified Akaike information criteria
(AIC3 and AIC4), Bayesian information criterion (BIC), consistent Akaike information criterion
(CAIC), Hannan—Quinn criterion (HQ), minimum description length criterion with factor 5
(MDL5), log-likelihood (LnL), normed entropy statistic (EN), non-fuzzy index (NFI), and
normalized entropy criterion (NEC). Lower values are generally preferred for the information
criteria and NEC, whereas higher LnL, EN, and NFT values generally indicate better model fit or
classification quality, depending on the criterion. The information criteria provide complementary
assessments of model fit and complexity, while EN and NFI provide information on the clarity of
segment classification. Because the criteria may favor different numbers of segments, the final
solution was selected by considering their overall pattern, classification quality, interpretability,
and model parsimony rather than relying on a single criterion.

After selecting the solution for further analysis, each province was assigned to the segment
with the highest estimated membership probability. The estimated segment proportions and
the final province assignments were examined separately because model-estimated membership
proportions and counts based on maximum-probability classification represent different aspects
of the segmentation. Finally, Importance—Performance Map Analysis (IPMA) was performed
separately for each segment to examine the relative importance and performance of the antecedent
constructs in relation to Infrastructure.

2.4. IPMA

Importance-Performance Map Analysis (IPMA) is an evolution of PLS-SEM analysis that provides
additional information on improvement priorities for a construct or indicator. Unlike PLS-SEM
results, which only show the magnitude of influence between constructs, IPMA combines two
dimensions: importance and performance. It thus helps identify factors with a strong influence
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but a relatively low level of performance. IPMA can therefore serve as a basis for determining
improvement priorities for constructs and indicators contributing to the target construct [20].

In IPMA, the importance value is calculated from the total effects generated by the PLS-SEM
model. This value indicates the magnitude of a construct's contribution to the target construct.
Concurrently, the performance value is derived from the latent variable score and converted to a
0 to 100 scale to facilitate interpretation. Integrating these two measures enables visualization of
each construct's position based on its importance and performance levels [20].

In this study, importance-performance map analysis (IPMA) was applied separately to each
segment generated by the FIMIX-PLS analysis. This approach allows for the evaluation of
the importance and performance of each variable based on the characteristics of each segment.
Therefore, the resulting improvement priorities are not based solely on overall data but also take
into account the differences in characteristics between segments, thus enabling the formulation of
more specific and targeted recommendations.

3. Results and Discussion

The research results are presented in stages, including the evaluation of the PLS-SEM, FIMIX-
PLS analysis, and importance-performance map analysis (IPMA). The discussion at each stage is
conducted in a way that explains the main conclusions of this study. Fig. 1 presents the formative
measurement model used in this study to examine provincial infrastructure in Indonesia. The
model comprises four constructs: Economy, Human Resources, Infrastructure, and Regional
Characteristics. Economy, Human Resources, and Regional Characteristics are specified as
exogenous constructs, while Infrastructure is the endogenous construct. The model is designed
to examine how these complementary dimensions relate to infrastructure and to provide a basis
for investigating heterogeneity in these relationships across provinces.

El
T
E2 _——
ECONOMY 1

H1

\ / R
H2 —_—> >
INFRASTRUCTURE 0

H3
HUMAN RESOURCES

R1
§ \
R3 /

R4 REGIONAL CHARACTERISTICS

Fig. 1: Conceptual Research Model

The selection of the four constructs and their indicators was primarily guided by the Petunjuk
Teknis Penentuan Indikator dalam Penetapan Daerah Tertinggal secara Nasional (Technical
Guidelines for Determining Indicators in the National Designation of Underdeveloped Regions)
issued in 2016 by the Ministry of Villages, Development of Disadvantaged Regions, and Transmi-
gration of the Republic of Indonesia [21]. The guidelines provide a conceptual framework that
groups regional underdevelopment indicators into several dimensions, including economy, human
resources, infrastructure, and regional characteristics [21]. This study adapts that framework to
the provincial level, taking into account the research objectives and the availability of comparable
provincial data. Two relevant empirical studies have examined regional underdevelopment indica-
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tors using the 2016 guidelines, providing a basis for comparison with this study [15, 16]. However,
their use of confirmatory factor analysis differs from the formative measurement specification
adopted in this study. Their work is therefore cited as a reference for indicator operationalization
rather than as methodological justification for the formative model.

The formative specification was determined by the conceptual meaning of each construct
rather than by statistical results alone. In a formative measurement model, indicators represent
distinct components that jointly define a construct and are not assumed to be interchangeable
manifestations of a single underlying characteristic. Removing an indicator may alter the
conceptual coverage of the construct, even when its estimated statistical contribution is relatively
weak. This distinction is consistent with the guidance on construct specification provided by [29,
30].

The Economy construct is represented by per-capita expenditure and the percentage of the
population living in poverty. These indicators capture different aspects of provincial economic
conditions: economic welfare and the prevalence of poverty. Higher per-capita expenditure and a
higher poverty rate do not have the same substantive meaning; therefore, both indicators are
retained to represent complementary aspects of the economic dimension considered in this study.

Human Resources is represented by life expectancy, average years of schooling, and literacy
rate. These indicators capture distinct dimensions of human development, including health and
longevity, educational attainment, and basic literacy. Although related, these dimensions are not
identical and may vary independently across provinces. They are therefore combined to represent
the broader human-resource dimension rather than treated as interchangeable measures of a
single outcome.

Infrastructure is represented by road surface conditions, the availability of markets without
buildings, health facilities, and basic education facilities. These indicators describe different
types of physical and service infrastructure. A province may have relatively good road conditions
but limited access to health or educational facilities, or the reverse. The indicators consequently
represent complementary components of provincial infrastructure provision rather than equivalent
manifestations of a single underlying facility condition. Infrastructure is the central endogenous
construct in the model because the study focuses on differences in infrastructure conditions and
on the relationships between infrastructure and the other provincial dimensions.

Regional Characteristics are represented by the prevalence of villages and urban villages
experiencing different types of natural disasters. These indicators capture distinct aspects of
provincial exposure to natural hazards. Exposure to one type of disaster does not necessarily
imply exposure to another; therefore, the indicators jointly describe the regional hazard context
relevant to infrastructure planning. This construct represents hazard exposure rather than a
measure of development performance, so its interpretation should account for the potential
implications of natural hazards for infrastructure provision.

Taken together, the four constructs provide a multidimensional representation of provincial
conditions relevant to infrastructure. Their formative specification allows each indicator to
contribute a distinct element to its corresponding construct. The subsequent measurement-model
assessment therefore examines indicator collinearity, the magnitude and significance of outer
weights, and outer loadings when appropriate. These statistical assessments are interpreted
alongside the conceptual relevance of the indicators and the framework established during
operationalisation, rather than being used as the sole basis for determining the composition of
the constructs.

3.1. Evaluation of the Measurement Model (Outer Model)

The formative measurement model was evaluated by examining indicator collinearity, the signifi-
cance of outer weights, and the magnitude of outer loadings. Following the formative-indicator
assessment procedure described by [18], outer weights were first assessed to determine the relative
contribution of each indicator. When an outer weight was not statistically significant, the
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corresponding outer loading was considered to assess the indicator's absolute contribution. These
statistical results were interpreted alongside the conceptual relevance of each indicator and its
role in representing the corresponding construct.

Table 2: Collinearity Assessment of the Formative Indicators

Construct Indicator Owuter VIF
11 2.106
12 1.272
Infrastructure 13 1.640
14 2.684
E El 2.019
conomy E2 2.019
H1 1.673
Human Resource H2 2.382
H3 2.435
R1 1.155
. .. R2 1.701
Regional Characteristics R3 2996
R4 2.720

Table 2 shows that the outer VIF values range from 1.155 to 2.720. All values are below
the commonly used threshold of 3.3, indicating that severe collinearity among the formative
indicators is not apparent. R4 has the highest VIF (2.720), followed by 14 (2.684), whereas 12
has the lowest value (1.272). Overall, the results suggest that indicator collinearity is unlikely to
be a major concern in the formative measurement model.

Table 3: Outer Weight and Outer Loadings of the Formative Indicators

Outer Outer
Construct Indicator Weight t-value p-value Description Loading
11 0.442 2.288 0.022 Significant 0.865
Infrastructire 12 0.241 1.213 0.225 Not significant 0.637
I3 0.318 1.207 0.228 Not significant 0.768
14 0.253 0.912 0.362 Not significant 0.871
Fconomy E1 0.636 1.316 0.188 Not significant 0.950
E2 -0.442 0.923 0.356 Not significant -0.894
H1 0.769 4.717 <0.001 Significant 0.969
Human Resource H2 0.123 0.456 0.642 Not Significant 0.732
H3 0.214 0.734 0.463 Not Significant 0.765
R1 0.677 3.329 0.001 Significant 0.397
Regional R2 0.980 5.365 <0.001 Significant 0.738
Characteristics R3 0.463 2.090 0.037 Significant 0.207
R4 -0.175 0.737 0.461 Not Significant 0.501

As shown in Table 3, the outer-weight results indicate that H1, I1, R1, R2, and R3 have
statistically significant relative contributions at the 5% significance level, whereas the outer
weights of E1, E2, H2, H3, 12, I3, I4, and R4 are not statistically significant. For indicators with
nonsignificant outer weights, the magnitude of the corresponding outer loadings was examined
to assess their absolute contributions, following the formative-indicator assessment procedure
described by [18]. For the Economy construct, neither E1 nor E2 shows a statistically significant
outer weight. Still, their absolute outer loadings are 0.950 and 0.894, both above 0.50. Following
the indicator-retention procedure in [18], both indicators are kept. This decision also makes
sense conceptually, since per-capita expenditure and the poverty rate reflect different sides of
provincial economic conditions. The negative sign of E2 shows the opposite relationship between
poverty and economic welfare.

For Human Resources, H1 has a statistically significant outer weight and an outer loading of
0.969. H2 and H3 do not have significant outer weights, but their outer loadings are 0.732 and
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0.765. Since both values are above 0.50, these indicators are kept according to the formative
measurement assessment procedure in [18]. Including them also keeps the separate aspects of
educational attainment and literacy in the construct.

For Infrastructure, I1 has a statistically significant outer weight and an outer loading of
0.865. The outer weights of 12, I3, and 14 are not statistically significant, but their outer loadings
are 0.637, 0.768, and 0.871, respectively. As all three values exceed 0.50, the indicators are
retained following the same assessment procedure [18]. This decision preserves the coverage of
markets without buildings, health facilities, and basic education facilities as distinct components
of provincial infrastructure.

For Regional Characteristics, R1, R2, and R3 have statistically significant outer weights,
whereas R4 does not. The outer loadings of R2 and R4 are 0.738 and 0.501, respectively. R4
therefore meets the 0.50 threshold, although only narrowly. In contrast, R1 and R3 have outer
loadings of 0.397 and 0.207 despite their statistically significant outer weights. Their relative
contributions are statistically supported, but their absolute loadings are comparatively low.
Under the formative-indicator assessment procedure, these results should be interpreted by
considering the outer weights alongside the conceptual relevance of the indicators [18]. In this
study, the indicators represent different types of natural-hazard exposure and are not necessarily
interchangeable.

The collinearity assessment also showed that all outer VIF values were below 3.3, suggesting
that severe collinearity among the formative indicators was not apparent. VIF was examined
as part of the assessment of potential collinearity in the formative measurement model [18].
Overall, the outer-weight and outer-loading assessments support retaining the indicators under
the specified decision procedure, while also revealing differences in the strength of their relative
and absolute contributions. The indicators were therefore evaluated alongside their conceptual
relevance and the framework established during operationalisation. In particular, Regional
Characteristics is interpreted as a measure of hazard exposure rather than as a direct measure of
desirable or undesirable development performance.

3.2. Evaluation of the Structural Model (Inner Model)

The structural model was evaluated by examining predictor collinearity, the coefficient of
determination (R?), effect sizes (f?), and the significance of the structural path coefficients.
Together, these criteria provide information about the model's ability to explain the data, the
relative amount that each predictor contributes, and the uncertainty surrounding the estimated
relationships. Since the constructs were based on the study's conceptual framework, the results
are interpreted in light of their theoretical roles rather than merely on the basis of statistical
significance.

3.2.1. Collinearity Assessment

Collinearity among the predictor constructs was assessed using the inner variance inflation factor
(VIF). The results are presented in Table 4. The inner VIF values for Economy and Human
Resources were 6.030 and 6.010, which are both above the common threshold of 5. This suggests
there may be collinearity, so it is important to be careful when interpreting how each of these
factors contributes to Infrastructure. In contrast, the inner VIF for Regional Characteristics was
1.809, showing no similar collinearity issue for this predictor. Because of this, the coefficients
for Economy and Human Resources should be interpreted with caution, as it may be hard to
separate their individual effects when the predictors overlap. However, these results alone do not
justify removing either factor, especially since Economy and Human Resources are considered
separate parts of the study’s conceptual framework.
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Table 4: Inner VIF Value

Structural Path VIF
Economy — Infrastructure 6.030
Regional Characteristics — Infrastructure 1.809
Human Resources — Infrastructure 6.010

3.2.2. Coefficient of Determination

The explanatory power of the structural model was assessed using the coefficient of determination
(R?) and its adjusted value. The results are reported in Table 5. The Infrastructure construct
had an R? value of 0.823 and an adjusted R? value of 0.808. Thus, Economy, Human Resources,
and Regional Characteristics jointly accounted for 82.3% of the variance in Infrastructure, while
the adjusted value was 80.8%. These results indicate substantial explanatory power within the
specified model. However, the R? value reflects the predictors' joint explanatory contribution
and should not be interpreted as evidence that every individual structural path is statistically
significant.

Table 5: Coefficient of Determination (R?) Results

Construct R? Adjusted R?

Infrastructure 0.823 0.808

3.2.3. Effect Size Assessment

The relative contribution of each predictor was further examined using the effect size (f2).
The results are presented in Table 6. Regional Characteristics had the largest effect size
on Infrastructure (f? = 0.402), followed by Economy (f? = 0.158) and Human Resources
(f2 =0.051). According to conventional guidelines, these values correspond to large, medium,
and small effects, respectively. The f? values describe the relative change in the model's
explanatory power associated with each predictor. They should not, however, be treated as
substitutes for the bootstrapping results. In particular, the comparatively large effect size of
Regional Characteristics does not establish a statistically significant path or imply that greater
exposure to natural hazards is a desirable development outcome. This construct represents
regional hazard exposure, and its substantive interpretation must remain consistent with that
meaning.

Table 6: Effect Size (f2) of the Structural Model

Structural Path 12
Economy — Infrastructure 0.158
Human Resources — Infrastructure 0.051

Regional Characteristics — Infrastructure 0.402

3.2.4. Structural Path Coefficients and Bootstrapping

The structural relationships were assessed using bootstrapping with 5,000 subsamples and a
two-tailed significance level of 5%. The path coefficients and corresponding inference statistics
are reported in Table 7. The estimated path coeflicients were positive for all three predictor
constructs. However, none of the paths reached statistical significance at the 5% level. The
path from Economy to Infrastructure had a coefficient of 0.410 (¢t = 1.195, p = 0.232), while
the path from Human Resources to Infrastructure was 0.232 (¢ = 0.895, p = 0.371). The path
from Regional Characteristics to Infrastructure had a coefficient of 0.358 ( t = 1.928, p = 0.054).
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Although this last result was close to the conventional significance threshold, it did not meet the
specified criterion and is therefore treated as statistically nonsignificant.

Table 7: Structural Path Coefficient and Bootstrapping Results

Construct Original sample (O) T statistics P values Description
Economy — Infrastructure 0.410 1.195 0.232 Not significant
Human Resources — Infras- 0.232 0.895 0.371 Not significant
tructure

Regional Characteristics — 0.358 1.928 0.054  Not significant
Infrastructure

It is important to note that the fact that the path tests are not significant does not contradict
the model's high R?, nor does it prove that the respective relationships are absent. Instead, the
present analysis does not offer enough statistical evidence to verify the individual paths at the 5%
level of significance. The results thus lend support to a careful interpretation: the three constructs
together explain a large portion of the variance in Infrastructure, while the evidence regarding
their separate effects is still inconclusive within the present model specification. Economy and
Human Resources are kept as separate constructs in line with the conceptual framework, and their
high collinearity is recognised as a limitation when interpreting their individual path coefficients.

3.3. Finite Mixture Partial Least Squares (FIMIX-PLS)

Finite Mixture Partial Least Squares (FIMIX-PLS) was employed to explore potential unobserved
heterogeneity among the 38 Indonesian provinces. FIMIX-PLS identifies latent segments that
may differ in the relationships between constructs in the structural model. In this study, the
method was used to investigate whether the relationships between Economy, Human Resources,
Regional Characteristics, and Infrastructure varied across provinces. Because the appropriate
number of segments may depend on the model-selection criterion and the characteristics of the
data, the segmentation results were treated as exploratory rather than as a definitive classification
[19].

Candidate solutions with two to five segments, K = 2 to K = 5, were examined. Model
selection was evaluated using the information criteria and segmentation measures reported by
the FIMIX-PLS procedure, including AIC, AIC3, AIC4, BIC, CAIC, HQ, MDLS5, entropy (EN),
non-fuzzy index (NFI), and normalized entropy criterion (NEC). These criteria were considered
jointly because different criteria may indicate different segment solutions [19]. Each candidate
solution was estimated using ten repetitions to examine whether the estimation procedure
consistently converged from different starting values.

Table 8: FIMIX-PLS Model Selection Criteria

K=2 K=3 K=4 K=5

AIC 47.198 49.196 46.102 31.177
AIC3 56.198 63.196 65.102 55.177
AIC4 65.198 77.196 84.120 79.177

BIC 61.936 72.122 77.216 70.479
CAIC 70.936 86.122 96.216 94.749
HQ 52.442 57.353 57.172 45.160
MDL5 192.889 275.827 353.673  419.687
LnL -14.599  -10.598 -4.051 8.412
EN 0.755 0.547 0.665 0.867
NFI 0.778 0.535 0.622 0.826

NEC 9.315 17.210 12.746 5.039

Based on Table 8, the selection of the number of segments was treated as an exploratory
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analysis because the model-selection criteria yielded mixed results. As shown in Table 8, AIC4
(65.198), BIC (61.936), CAIC (70.936), and MDL5 (192.889) attained their lowest values at
(K=2). In contrast, AIC (31.177), AIC3 (55.177), and HQ (45.160) reached their lowest values at
(K=5). The log-likelihood, entropy (EN), and non-fuzzy index (NFI) were also highest at (K=5),
with values of 8.412, 0.867, and 0.826, respectively. NEC was lowest at (K=5) (5.039). Thus,
seven of the eleven criteria favor (K=>5) when assessed according to their respective optimization
directions, whereas four favor (K=2). This disagreement indicates that the criteria do not provide
a uniform basis for selecting the number of segments.

The model-selection criteria did not consistently identify the same number of segments.
Therefore, the results do not support the claim that one solution is unequivocally optimal across
all criteria. The two-segment solution was retained as a parsimonious exploratory specification to
facilitate the interpretation of potential differences among provinces. This decision should not be
interpreted as evidence that (K=2) outperforms the alternative solutions on most criteria or that
provincial heterogeneity can be represented definitively by exactly two segments. Consistent with
the discussion of FIMIX-PLS model-selection criteria by [19], the selected solution is interpreted
cautiously because the available criteria do not provide a conclusive basis for identifying a unique
number of segments.

The two-segment solution was further examined in terms of computational consistency,
segment size, and membership probabilities. Across ten repeated estimations, all runs converged,
with the same log-likelihood value of -14.598923 and convergence reached within 103-116 iterations.
These results indicate computational consistency across the repeated estimations under the tested
specification. However, consistent convergence and log-likelihood values do not establish that
the selected number of segments is optimal, nor do they demonstrate that every province is
classified unambiguously. The distinction between computational consistency and the substantive
adequacy of the segmentation is therefore maintained throughout the interpretation.

Table 9: Computational Consistency and Segment Characteristics
of the Exploratory K = 2 Solution

Aspect Result
Number of repetitions 10
Converged repetitions 10/10
Log-likelihood across repetitions -14.598923
Number of iterations 103-116
Estimated proportion of Segment 1 76.6%
Estimated proportion of Segment 2 23.4%
Final partition Segment 1 27 provinces
Final partition Segment 2 11 provinces
Minimum maximum membership probability 0.6153

Table 9 reports the estimated segment proportions for the 38 provincial observations. Segment
1 accounted for 76.6% of the estimated membership, while Segment 2 accounted for 23.4%,
corresponding to approximately 29.1 and 8.9 observations, respectively. However, the final
partition assigned 27 provinces to Segment 1 and 11 provinces to Segment 2. This difference
reflects the distinction between the estimated relative segment sizes and the final classification
of individual observations in FIMIX-PLS. The estimated proportions represent the mixing
proportions of the model, whereas the final partition assigns each observation to the segment
with the highest membership probability [31]. Consequently, the estimated proportions do not
necessarily correspond exactly to the observed counts in the final partition. In this study, the
estimated segment proportions and the final classification are therefore reported separately. The
final partition was used to identify provincial membership and interpret the characteristics of
each segment, particularly when examining the smaller group.

Membership probabilities also give a deeper understanding of how the provinces have been
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assigned to the estimated segments. The lowest value of the maximum membership probability
was 0.6153, which shows that the clarity of the segment assignment differed from observation to
observation. When taken together with the convergence achieved in all ten repeated estimations,
these probabilities offer additional information regarding both the computational consistency and
the classification features of the two-segment solution. Thus, the segmentation provides a useful
exploratory approach for looking at possible differences in the structural relationships among the
provinces, and the membership probabilities aid in interpreting the individual assignments of the
provinces.

Table 10: Final Partition Based on FIMIX-PLS Segmentation

Segment 1 Segment 2
Aceh Kalimantan Tengah  Bengkulu
Sumatera Utara Kalimantan Timur Lampung

Sumatera Barat

Kalimantan Utara

DKI Jakarta

Riau
Jambi
Sumatera Selatan

Jawa Tengah
DI Yogyakarta
Jawa Timur

Sulawesi Utara
Sulawesi Tengah
Sulawesi Selatan

Kepulauan Bangka Belitung  Gorontalo Kalimantan Selatan
Kepulauan Riau Sulawesi Barat Sulawesi Tenggara
Jawa Barat Maluku Papua Selatan

Maluku Utara
Papua Barat
Papua Barat Daya
Papua

Papua Tengah
Papua Pegunungan

Banten

Bali

Nusa Tenggara Barat
Nusa Tenggara Timur
Kalimantan Barat

@, ’'Sumatera

~ “Utara
% . ) RY Ki
— Riau Kepulauan
Lo

Kepulauan Riau

Sulawesi Utara
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Kalimantan
Utara:

Gorontalo Maluku Utara
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Fig. 2: Geographical Distribution of the Two FIMIX-PLS Segments

Table 10 and Fig. 2 show the results of the FIMIX-PLS classification. Segment-specific path
coefficients provide an initial indication of how the relationships between the constructs may
differ across the two estimated segments. For Segment 1, the estimated path coefficients from
Economy, Human Resources, and Regional Characteristics to Infrastructure were 0.415, 0.112,
and 0.410, respectively. For Segment 2, the corresponding coefficients were 0.346, 0.462, and
0.260. These estimates suggest different relative patterns of structural relationships across the
two groups. In particular, the coefficient for Human Resources was larger in Segment 2, whereas
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the coeflicients for Economy and Regional Characteristics were larger in Segment 1. Given the
exploratory nature of the segmentation, these differences are interpreted descriptively and are
not treated as conclusive evidence of statistically significant differences between segments.

Table 11: Structural Path Coeflicients for Each FIMIX-PLS Segment

Construct Aggregate Model Segment 1 Segment 2
Economy — Infrastructure 0.410 0.415 0.346
Human Resources — Infrastructure 0.232 0.112 0.462
Regional Characteristics — Infrastructure 0.358 0.410 0.260

Table 11, a comparison of the aggregate and segment-specific estimates, provides a more
differentiated view of the structural relationships than the aggregate model alone. In Segment
1, the coefficients for Economy and Regional Characteristics were relatively larger than those
for Human Resources. In Segment 2, Human Resources had the largest coefficient among the
three predictors, while the coefficients for Economy and Regional Characteristics were lower than
their corresponding estimates in Segment 1. These patterns offer a basis for further investigation
into whether the relationships associated with provincial infrastructure differ across groups
of provinces. It cannot be concluded from the magnitude of the coefficients that there are
statistically significant differences between the segments, and the estimates must therefore be
regarded as describing certain patterns rather than as confirming effects that are specific to the
segments.

The interpretation of Regional Characteristics requires particular care because this construct
represents exposure to natural hazards, operationalized through normalized indicators of villages
and urban villages experiencing different types of disasters. The fact that the coefficient for
Regional Characteristics is positive does not mean that greater hazard exposure is beneficial
or that disasters have a positive effect on infrastructure. Rather, the coefficient shows the
estimated association between the hazard-exposure construct and infrastructure within the given
model. It could be due to differences in the context regarding hazard exposure, in the provision
of infrastructure, or in the way disasters are responded to; yet the path coefficient by itself
does not show which of these explanations is the most accurate. For this reason, the policy
recommendations should focus on hazard-adaptive and resilient infrastructure planning, not on
seeing an increased hazard exposure as a desirable result.

In general, the FIMIX-PLS analysis provides an exploratory view of possible heterogeneity in
the relationships between Economy, Human Resources, Regional Characteristics, and Infrastruc-
ture among the provinces of Indonesia. The two-segment solution showed consistent convergence
in the course of repeated estimations and generated coefficient patterns specific to each segment,
which can be examined in relation to the provincial characteristics. Moreover, when interpreting
the resulting classification, the use of mixed model-selection criteria should be considered, as well
as the unequal proportions of the segments and the variation in membership probabilities. The
two-segment solution is therefore used to organize and discuss potential patterns of heterogeneity,
rather than to claim a definitive or uniquely optimal classification of the provinces. Given these
differences, the Importance-Performance Map Analysis (IPMA) method is applied in this study
to identify priority factors for infrastructure development within each segment.

3.4. Importance—Performance Map Analysis (IPMA)

Importance—Performance Map Analysis (IPMA) was conducted to complement the PLS-SEM
and FIMIX-PLS results by examining the relative importance and performance of Economy,
Human Resources, and Regional Characteristics in explaining Infrastructure. Following the
FIMIX-PLS segmentation, IPMA was performed separately for the two groups of provinces
to explore whether their relative patterns of importance and performance differed. For each
segment, the PLS-SEM model was estimated using the provinces assigned to that segment, with
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Infrastructure specified as the target construct. The importance was evaluated in terms of the
total impact of the earlier constructs on Infrastructure, while performance was given on a scale
from 0 to 100. The reference lines for the quadrants were established on the basis of the average
importance and average performance values for each segment. Thus, the quadrant classifications
indicate the relative positions within each group and not absolute development thresholds as
stated in Table 12.

Table 12: Importance and Performance Values for Each FIMIX-PLS Segment

Construct Segment 1 Segment 2
Importance Performance Importance Performance
Economy 0.310 34.008 0.985 38.016
Human Resources 0.076 68.617 -0.378 52.344
Regional Characteristics 0.601 24.031 0.382 20.749
Mean (quadrant reference line) 0.329 42.218 0.329 37,036

3.4.1. IPMA Analysis for Segment 1

Importance-Performance Map

100
90
80 Human Resources (H)
(1=0.076, P=68.617)
70 N
S 60
c
©
€ 50
o
‘t
& 40
30 Economy (E)
(1=0.310, P=34.008)
20
Regional Characteristics (R)
10 (1=0.601, P=24.031)

-0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
Importance (Total effects)

Fig. 3: Importance—Performance Map Analysis (IPMA) for Segment 1

The IPMA results for Segment 1 are shown in Fig. 3. Among the three constructs, Regional
Characteristics had the highest importance score of 0.601 and the lowest performance score of
24.031. The fact that it lies in the quadrant of high importance and low performance shows
that infrastructure in this segment is comparatively closely linked with Regional Characteristics,
even though its performance score is below the reference value specific to the segment. This
demonstrates the need to take regional characteristics into account when planning infrastructure
in the provinces that belong to Segment 1.

The economy had an importance value of 0.310 and a performance score of 34.008 and,
according to the reference lines indicated on the map, lies in the quadrant representing low
importance and low performance. Human Resources had a lower importance value of 0.076
but a higher performance score of 68.617, so it is in the quadrant for low importance and high
performance. Therefore, of the three constructs, Human Resources showed the highest level of
performance in Segment 1, even though its estimated total effect on Infrastructure was relatively
small.
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3.4.2. IPMA Analysis for Segment 2

Importance-Performance Map
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80
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Fig. 4: Importance—Performance Map Analysis (IPMA) for Segment 2

Fig. 4 presents the IPMA results for Segment 2. Economy had the highest importance value
of 0.985, with a performance score of 38.016. Relative to the quadrant reference lines in the
map, Economy occupied the high-importance, slightly above-average-performance quadrant.
Compared with Segment 1, its estimated importance was substantially higher, suggesting that
economic conditions may be particularly relevant to understanding Infrastructure in this group.
However, this difference is descriptive and should not be interpreted as evidence of a statistically
significant difference between segments.

Regional Characteristics had an importance value of 0.382 and the lowest performance score of
20.749; its position in the high-importance, low-performance quadrant shows that the construct is
still relevant to the Infrastructure model, although its performance is comparatively low. Human
Resources had a negative importance value of -0.378 and a performance score of 52.344, which
places it in the low-importance, high-performance quadrant. The negative importance value
shows that there is a negative estimated total effect on Infrastructure in this segment; it does
not imply that the performance score is negative.

3.4.8. Comparative Interpretation and Policy Implications

The IPMA maps reveal different patterns of relative importance across the two estimated
segments. In Segment 1, Regional Characteristics had the highest importance, whereas in
Segment 2, Economy had the highest importance. Regional Characteristics recorded the lowest
performance score in both groups (24.031 in Segment 1 and 20.749 in Segment 2). Human
Resources had the highest performance score in Segment 1 and remained above the performance
reference line in Segment 2, although its estimated importance was negative in the latter group.
These patterns suggest that the relative importance and performance of the constructs vary
across the two groups of provinces.

The results for Regional Characteristics require particular care in substantive interpretation.
Its indicators represent the proportion of villages or urban villages experiencing natural disasters,
rather than a conventional development resource for which a higher value is necessarily desirable.
Therefore, a low IPMA performance score should not be interpreted as a deficiency that can be
addressed by increasing or decreasing disaster exposure. Instead, the combination of comparatively
high importance and low performance highlights the need to account for hazard exposure when
planning and prioritizing infrastructure.
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This interpretation is consistent with research reviewing the fragility of transport assets
exposed to multiple hazards and emphasizing the importance of infrastructure resilience [17].
Research on flooding in Greater Jakarta has also examined disruptions in access to critical
services using social, geospatial, and network perspectives [32]. These studies provide relevant
context for interpreting the present findings, although they do not independently validate the
relationships estimated in this study.

From a policy perspective, the findings suggest that hazard-adaptive infrastructure planning
should be considered, including the assessment of disaster exposure, the continuity of transport
and access to services, and the resilience of infrastructure. Since Economy also had the highest
estimated importance within that group, it too may deserve attention in Segment 2. However,
the IPMA results must be seen as preliminary evidence of prioritization rather than as proof of
causal effects or as indicating statistically significant differences between the segments.

4. Conclusion

This study examined the relationships between Economy, Human Resources, and Regional
Characteristics with Infrastructure across 38 Indonesian provinces using PLS-SEM, followed by
FIMIX-PLS and segment-specific IPMA. The overall structural model explained 82.3% of the
variance in Infrastructure (R? = 0.823). However, none of the three structural relationships was
statistically significant at the 5% level. The relationships of Economy (¢ = 1.195, p = 0.232)
and Human Resources (¢t = 0.895, p = 0.371) were not statistically significant, while the
relationship of Regional Characteristics was close to, but did not reach, the significance threshold
(t =1.928, p = 0.054). Therefore, the results do not provide sufficient statistical evidence to
confirm the proposed relationships, despite the model's relatively high explanatory power.

FIMIX-PLS identified a two-segment solution that was retained as a parsimonious exploratory
representation of potential provincial heterogeneity. The segment-specific path coeflicients
showed different descriptive patterns: Regional Characteristics had the largest coefficient in
Segment 1, whereas Human Resources had the largest coefficient in Segment 2. These differences
should not be interpreted as statistically established differences between segments because no
formal between-segment test was conducted. The IPMA results also indicated different relative-
importance patterns: Regional Characteristics had the highest importance in Segment 1, whereas
Economy had the highest importance in Segment 2. Regional Characteristics showed the lowest
performance in both segments.

Because Regional Characteristics represents exposure to natural disasters, its low IPMA
performance should not be interpreted as a deficiency that can be addressed by changing disaster
exposure itself. Instead, the finding points to the relevance of considering disaster exposure
when planning infrastructure that is resilient to hazards and supports access to essential services.
These implications remain exploratory and should not be interpreted as evidence of causal effects
or definitive segment-specific priorities.

Several limitations should be considered when interpreting the findings. The analysis used
provincial-level secondary data averaged across 2024 and 2025, which limits the ability to examine
changes over time. The analysis also covered 38 provinces, with the smaller FIMIX segment
comprising 11 provinces, and the overall structural paths were not statistically significant at the
5% level. In addition, the high correlation between Economy and Human Resources and the
corresponding inner VIF values indicate potential structural collinearity. Future research could
use longitudinal data, a larger number of regional units, additional indicators of infrastructure
and regional conditions, and formal tests of between-segment differences to assess whether the
exploratory patterns identified in this study are reproducible.
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