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Abstract

The development of infrastructure is closely linked to the measures taken to reduce the
regional disparities among the various regions. In Indonesia, however, the situation in each
province is not the same, whether in terms of economic capacity, the available human
resources, or the particular features of each region. This study looks at the influence of
Economy, Human Resources, and Regional Characteristics on Infrastructure, using
secondary data from 38 Indonesian provinces for the years 2024 and 2025 obtained from
Statistics Indonesia (BPS). Partial Least Squares-Structural Equation Modelling (PLS-
SEM) is used for the analysis, followed by FIMIX-PLS and Importance-Performance Map
Analysis (IPMA). The results from the PLS-SEM indicate that Regional Characteristics has
a significant positive effect on Infrastructure (path coefficient = 0.951, t-statistic = 28.136,
p-value = 0.000); its effect size is also the largest, with an 2 value of 6.055, whereas those
for Economy and Human Resources are 0.013 and 0.001, respectively and neither has a
significant effect. The FIMIX-PLS analysis identified four segments with AIC3 = 11.052,
BIC = 23.166, CAIC = 42.166, and EN = 0.865. The structural paths also vary among the
four segments, particularly for Regional Characteristics, which range from 0.542 to 1.027.
Moreover, the IPMA shows the Top Priority factor across the segments, and Regional
Characteristics remains so. These results reveal differences between the groups of provinces
and thus provide a basis for setting priorities for infrastructure improvement according to
the specific characteristics of each group.

Keywords: FIMIX-PLS; Infrastructure; IPMA; PLS-SEM.
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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.

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], [10], [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 mapping analysis (IPMA) to determine
improvement priorities based on the characteristics of each segment [12], [13], [14]. This approach has
been widely applied in various research areas. Various studies have shown that the 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 infrastructure development and underdeveloped regions in Indonesia generally still uses
a single model to represent the entire study area [15], [16]. This approach provides a global view of the
relationships between variables at the population level but fails to account for unobserved heterogeneity
between regions. Indeed, Indonesia is a country with highly diverse geographical, social, and economic
conditions, as well as varying levels of vulnerability to disasters, such that the relationships between
factors influencing infrastructure development can differ from one region to another [8], [17]. Therefore,
this study 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] to
identify this unobserved heterogeneity and determine infrastructure improvement priorities in each
segment.

According to the description, the purpose of this study is to analyze the impact of the economy,
human resources, and regional characteristics on infrastructure using partial least squares - structural
equation modelling (PLS-SEM). Furthermore, it identifies unobserved heterogeneity between provinces
using finite mixture partial least squares (FIMIX-PLS) and determines infrastructure improvement
priorities in each segment using importance-performance map analysis (IPMA). This study should result
in recommendations for infrastructure development policies tailored to the characteristics of each group
of provinces. Therefore, the adopted development policies should be more selective.

2. Methods

This study uses a quantitative method to analyze 38 provinces in Indonesia using Partial Least Squares-
Structural Equation Modelling (SEM-PLS). After confirming and validating 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

) tur
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The research used secondary data from the official publication of the Indonesian Statistical
Agency (BPS). The unit of analysis is 38 provinces of Indonesia. The data used were obtained from
2024 and 2025 from several publications of BPS, including Potensi Desa (PODES), Human
Development Index (HDI), and other statistical reports, which provide indicators that are related to the
latent variable 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.

The study consists of four constructs, namely, one endogenous variable, Infrastructure and three
exogenous variables Economy, Human Resources, and Regional Characteristics. Each construct is
measured using indicators are defined based on the official BPS publication and previous research.
Indicators were chosen such that each construct is a valid measure of the concept it is meant to capture
and is coherent with the research objectives. Table 1 details the variables and indicators used in the

study.
Table 1: Latent Variables and Measurement Indicators

Latent Variable Indicator
Asphalt / Concrete Road 11
Infrastructure Market WiFh_out Buildings 12
Health Facility 13
Basic Education Facilities 14
Economy Gross Regional Domestiq Product (GRDP) per Capita El
Percentage of the population employed in the formal sector E2
Life Expectancy H1
Human Resources Average years of schooling H2
Expenditure per Capita H3
Earthquake R1
. _ Flood R2
Regional Characteristics Whirlwind / Putting Buyun / Typhoon R3
Dryness 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 modelling (SEM), it examines
how a latent construct is measured by several observed indicators [18].

This research uses partial least squares-structural equation modelling (PLS-SEM), to analyze the
relationship between economic factors, human resources, regional characteristics, and infrastructure
development in Indonesia. This method was chosen because it allows for the simultaneous estimation
of measurement and structural models and is well-suited to analyzing complex relationships between
latent variables. [18].

2.3.1 Evaluation of the Measurement Model (Outer Model)

The first step in PLS-SEM analysis is to evaluate the measurement model, also known as the outer
model. This stage is used to check that each indicator is a good indicator of the latent construct
that is being measured. Before examining correlations among constructs, the measurement
instrument must fulfill reliability and validity criteria. The measurement model assessment for
reflective constructs relies on internal consistency reliability and convergent validity [18].

a. Indicator Reliability
Checking the reliability of indicators is the first step when evaluating a measurement model. This

process shows how well each indicator represents the underlying concept being measured. In a reflective
measurement model, indicator reliability is assessed using external outer loading, which shows how

Arum Nanda Putri Aprilia 3
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strongly the indicator is connected to the latent construct. When the external outer loading is higher, the
indicator plays a bigger role in measuring the construct [18].

In general, indicators with external outer loading > 0.70 are satisfactory because they explain a large
part of the construct’s variance. However, indicators with an outer loading between 0.40 and 0.70 can
be preserved if their removal does not improve the overall reliability and validity of the construct. On

the other hand, indicators with an outer loading < 0.40 are usually eliminated since they contribute very
little to the measurement of the construct. [18].

b. Internal Consistency Reliability

LY) Internal consistency reliability looks at whether the indicators of a construct are measuring the same
80 concept consistently. In the present study, internal consistency reliability was assessed by means of
29 Cronbach's alpha coefficient and composite reliability (CR). Cronbach's alpha coefficient examines the
10 internal consistency of the indicators, whereas composite reliability offers a more accurate estimate by
26 taking into account the contribution of each indicator to the construct. A construct is regarded as reliable

when both the Cronbach'’s alpha coefficient and the composite reliability have values above 0.70 [18].
Composite reliability iscalculated using the following equation:

© - (SH, 1)°
‘ (Zﬁﬂ)z + XL var(e)

In this equation, [; represents the standardized external saturation value of the i-th indicator, M is
the number of indicators measuring the latent variable, and var(e;) represents the variance of the
measurement error, defined as 1 — 2.

c. Convergent Validity

Convergent validity helps determine how much a reflective construct explains the variance of the
indicators measuring it. A construct is considered to exhibit good convergent validity if its indicators
consistently represent the same latent construct [18].

In this study, we assessed convergent validity using the extracted mean variance (AVE). The AVE
value represents the average amount of variance among the indicators that the latent construct is able to
explain, and a construct is regarded as valid when its AVE is greater than 0.50 [18].

The average extracted variance (AVE) is calculated using the following equation:

= A~ W
0 = O

N

AVE
M

In this equation, [; represents the standardized external loading value of the i-th indicator, while M
M representsthe number of indicators measuring the latent construct.

A construct shows adequate convergent validity when its average variance extracted (AVE) is 0.50
or above, since in that situation the construct explains more than half of the variance found in its
measurement indicators. On the other hand, if the AVE is less than 0.50, then most of the variance is
due to measurement error rather than being caused by the construct [18].

2.3.2 Evaluation of the Structural Model (Inner Model)

a@ Once you have confirmed that the measurement model is reliable and valid, you can move on to the next
step, which is to focus on the structural model, also known as the inner model, to continue the analysis
[18].
In this study, we evaluated the structural model using the coefficient of determination (R2), effect
size (f?), and bootstrap resampling to test the significance of the relationships between the constructs.

These three methods helped us see how well the model explains the endogenous constructs, how much
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each exogenous construct contributes, and whether the relationships in the research model are significant
[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 Rz means the model explains
the endogenous variable more effectively [18].

The interpretation of R2 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, Rz should be interpreted alongside other structural model evaluation criteria [18].

b. Effect Size (f2)

The effect size known as f2 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,
2 is concerned with the strength of the influence of an exogenous variable on a particular endogenous
variable [18].

The 2 value is obtained by comparing the R2 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 f2 value is calculated using the
following equation [18].

fz — Riznclude - Rgxcluded
1- Rizncluded

In this equation, RZ,.;,.4eq fepresents the coefficient of determination when the exogenous variable
is included in the structural model, while RZ, ;4.4 represents the coefficient of determination after its
exclusion from the model. The difference between these two values indicates the significance of the
exogenous variable contribution to the predictive power of the endogenous variable [18].

The F2 value allows us to assess the relative contribution of an exogenous variable to explaining the
endogenous variable. F? 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 importance of the relationships among the structural model constructs was assessed using a
bootstrap resampling procedure. This technique allowed for the estimation of standard errors and the
testing of the statistical significance of the relationships between the model constructs [18].

A bootstrap resampling procedure was carried out using 5,000 samples in accordance with the
guidelines for PLS-SEM analysis. Standard error values, t-statistics, and p-values were obtained from
the bootstrap resampling and then used to evaluate the significance of the relationship concerning the
latent variable. A two-tailed test was performed at the 5% level of significance. The relationship between
the variables was considered to be significant if the t-statistic was greater than 1.96 or the p-value was
less than 0.05; if neither of these conditions was met, the relationship was regarded as not significant
[18].

2.3. FIMIX-PLS

The FIMIX-PLS (Finite Mixture-Partial Least Squares) method is a segmentation technique used to
detect unobserved heterogeneity in PLS-SEM models. Unlike conventional PLS-SEM, which assumes
all observations are assumed to originate from a single, homogeneous population, FIMIX-PLS allows
for the consideration of multiple latent segments with distinct structural relationship characteristics.
Thus, this method can identify groups that are not directly observable but exhibit distinct relationship
profiles between variables [19].
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FIMIX-PLS combines a finite mixture modelling approach with PLS-SEM to identify latent
segments based on the membership probabilities of each observation. Each observation has a probability
of belonging to each segment and is then classified into the segment with the highest probability. This
approach analyzes the differences in structural relationships between segments, resulting in a more
representative model estimation than with a single global model [19].

The optimal number of segments is determined by comparing several information criteria, namely
the Akaike Information Criterion (AIC), the Bayesian Information Criterion (BIC), the Corrected
Akaike Information Criterion (CAIC), and entropy (EN). Lower AIC, BIC, and CAIC values indicate a
better segmentation model, while EN values closer to 1 indicate better segment classification. The
optimal number of segments is selected based on a combination of these criteria to obtain a model that
best fits the data characteristics [18].

In this study, the FIMIX-PLS method was used to identify potential heterogeneity between
Indonesian provinces. The resulting segmentation then served as the basis for implementing an
importance-performance map analysis (IPMA) on each segment.

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 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 analysis, 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 mapping (IPMA) analysis 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 takeinto 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 (IPMA) analysis. The discussion at each stage is conducted
in a way that explains the main conclusions of this study.

E1 -

ECONOMY

H1

Hz2

H3

R1

R2 g
3 _—

R4 REGIONAL CHARACTERISTICS
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Fig. 1: Conceptual Research Model.

o Fig. 1 presents the research model used in the PLS-SEM analysis. This model illustrates the
relationships between the economy, human resources, and regional characteristics—acting as exogenous
variables and infrastructure, acting as an endogenous variable. All constructs are measured using
reflective indicators, in accordance with the conceptual model developed during the research design
phase.

3.1. Evaluation of DBSCAN Parameters and Cluster Formation

The measurement model was evaluated to ensure that each construct met the validity and reliability
criteria before testing the structural model. In this study, the measurement model was evaluated using
external factor loading, internal consistency, convergent validity, and discriminant validity tests. The
results of this evaluation are presented in Table 2.

Table 2: Measurement Model Evaluation Results

Latent . Outer Cronbach’s
Variable Indicator Loading alpha CR AVE
11 0,966
12 0,926
Infrastructure 13 0,983 0,975 0,982 0,930
14 0,982
El 0,999
E2 0,617
Economy H1 0,993 0,730 0,808 0,689
H2 0,537
H3 0,827
R1 0,776
Regional R2 0,893
Characteristics R3 0,840 0,858 0,904 0,702
R4 0,839

According to Table 2, all explanatory variables meet the recommended validity and reliability

criteria for structural equation modelling (PLS-SEM). The external factor loading of each indicator is

68 above the minimum threshold of 0.40. Most indicators have values above 0.70, indicating that they

48 accurately represent the latent variable. Although indicators E2 and H2 have external factor loadings of

0.617 and 0.537, respectively, they are retained because they remain above the recommended minimum
threshold and do not degrade the overall quality of the model [18].

Furthermore, reliability tests showed that all constructs had Cronbach's alpha values greater than
0.70, and that composite reliability values also exceeded 0.70. These results indicate that each construct
has good internal consistency, so that the indicators used allow for consistent measurement of the same
construct [18].

Convergent validity was also established because all explanatory variables have an extracted mean
@@ variance (AVE) value greater than 0.50. This indicates that each explanatory variable is able to explain

more than half of the variance of its constituent indicators; therefore, the indicators used have an
adequate level of convergence to represent the latent variable [18].
The evaluation results indicate that the measurement model meets all the required criteria.
G Therefore, the model is deemed suitable to proceed to the structural model evaluation stage in order to
test the relationships between the constructs in this study.

3.2. Evaluasi Model Struktural

@ Structural model analysis aims to assess its ability to explain relationships among latent variables and
to test the significance of established relationships. In this study, these analyzes are based on the analysis

° of the coefficient of determination (R?), the effect size (%), and on the path significance test using the
bootstrap method.
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3.2.1. Coefficient of Determination (R?)

Table 3: Coefficient of Determination (R?) Results
Construct R?

Infrastructure 0.894

According to Table 3, the coefficient of determination (R?) for the variable Infrastructure is 0.894.
These results indicate that 89.4% of the variation in this variable can be explained simultaneously by
the variables Economy, Human Resources, and Regional Characteristics. The remaining 10.6% is
influenced by factors external to the research model.

Hair et al. (2017) state that an R2 of 0.894 is substantial. This means the model explains the variation
in the Infrastructure variable very well.

3.2.2. Effect Size ()

Table 4: Effect Size (?) of the Structural Model

Structural Path f2
Economy — Infrastructure 0.013
Human Resources — Infrastructure 0.001

Regional Characteristics — Infrastructure ~ 6.055

As presented in Table 4, the results of the effect size test show that the variable Regional
Characteristics has an F2 value of 6.055, indicating a significant influence. The variables Economy and
Human Resources have F2 values of 0.013 and 0.001, respectively. Since these values are below the
threshold of 0.02, the contribution of these two variables to the variations in the coefficient of
determination (R2) of infrastructure is relatively small.

In summary, these results indicate that the variable Regional Characteristics contributes most to
explaining the variation in infrastructure, compared to the other variables.

3.2.3. Bootsrapping

Table 5: Bootstrapping Results

Construct Original T statistics P values Description
sample (O)

Economy — 0,043 0,657 0,511 Not significant
Infrastructure

Human Resources — 0,014 0,213 0831  Notsignificant
Infrastructure

Regional

Characteristics — 0,951 28,136 0,000 Significant

Infrastructure

As shown in Table 5, the results of the bootstrap resampling method indicate that only the
relationship between regional characteristics and infrastructure has a significant effect (path coefficient
of 0.951, t-statistic of 28.136, and (p < 0.001). In contrast, the relationships between the economy and
infrastructure (8 = 0.043;t = 0.657;p = 0.511) and between human resources and infrastructure
(B =0.014;t = 0.213; p = 0.831do not show a significant effect (p > 0.05)
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Although the bootstrap resampling method allowed for testing the relationships between variables,
these results reflect the conditions observed at the overall population level. Given the diversity of
regional characteristics across Indonesian provinces, the existence of unobserved heterogeneity warrants
further investigation. Therefore, the analysis was continued using the finite mixture-partial least squares
(FIMIX-PLS) method to identify this heterogeneity and to group the provinces into segments with
similar characteristics.

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

A finite mixture partial least squares (FIMIX-PLS) analysis was performed to identify unobserved
heterogeneity in the research data. The presence of heterogeneity indicates that the relationships
between latent variables are not always homogeneous across all observations, such that the aggregate
model estimation may mask certain group characteristics. Therefore, FIMIX-PLS is applied to detect
segments with similar patterns of relationships among constructs.

Evaluation of the FIMIX-PLS model using different selection criteria: modified Akaike Information
Criterion 3 (AIC3), Bayesian Information Criterion (BIC), corrected Akaike Information Criterion 3
(CAIC), and entropy (EN). For the model selection of the number of segments in FIMIX-PLS, AIC3,
BIC, and CAIC values are compared. The lower the values, the better the model. Also, the quality of
segmentation is evaluated by statistical entropy (EN). A higher EN value shows a better ability of the
model to assign observations to the right segment.

Table 6: FIMIX-PLS Model Selection Criteria

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

AIC3 24.130 29.079 11.052 22.298
BIC 29.869 38.005 23.166 37.600
CAIC 38.869 52.005 42.166 61.600
EN 0.701 0.721 0.865 0.815

Based on Table 6, the four-segment model (K = 4) was chosen as the most suitable segmentation
solution. AIC3, BIC, and CAIC values of 11,052, 23,166, and 42,166, respectively, lower than those
obtained from the models with different numbers of segments, support the decision. The model also
satisfied these criteria and displayed an entropy (EN) of 0.865, the highest of all the segmentation
options tested. Conversely, the two-, three-, and five-segment models showed higher AIC3, BIC, and
CAIC values, as well as lower EN values. These results indicate that these three models did not achieve
the same quality of segmentation as the four-segment model. Given these findings, the four-segment
model was selected for the subsequent stage of the FIMIX-PLS analysis.

These results indicate heterogeneity that the aggregated PLS-SEM model cannot fully explain.
Therefore, further analysis was conducted separately on each segment of the FIMIX-PLS results using
Importance-Performance Map (IPMA) analysis to understand the priority factors in each segment
better.

The results of the FIMIX-PLS process indicate that all Indonesian provinces are grouped into four
segments based on the similarity of the relationships between variables. These groupings serve as the
basis for conducting separate IPMA analyses for each segment.

Table 7: Provincial Classification Based on FIMIX-PLS Segmentation

Submission ID trn:oid:::3618:148074001
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Segment 1 Segment 2 Segment 3 Segment 4
Sumatera Barat Sumatera Utara Bengkulu Sumatera Selatan
Jambi Riau Kepulauan Bangka Belitung  Jawa Tengah
Lampung Kepulauan Riau Nusa Tenggara Timur Kalimantan Utara
DKI Jakarta DI Yogyakarta Kalimantan Barat Gorontalo
Jawa Barat Jawa Timur Sulawesi Selatan
Banten Kalimantan Timur  Sulawesi Barat
Bali
Nusa Tenggara Barat
Arum Nanda Putri Aprilia 9
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Kalimantan Tengah
Kalimantan Selatan
Sulawesi Utara
Sulawesi Tengah
Sulawesi Tenggara
Maluku

Maluku Utara
Papua Barat

Papua Barat Daya
Papua

Papua Selatan
Papua Tengah
Papua Pegunungan

Table 7 shows the results of the FIMIX-PLS analysis. It classifies the 38 provinces of Indonesia into
four segments with various characteristics. Segment 2 has relatively better average economic and human
resource conditions, and Segment 3 has relatively worse average economic and human resource
indicators. Segment 4 is characterized by relatively better infrastructure indicators but more pronounced
regional characteristics. Most indicators in Segment 1 show moderate average values.

Table 8: Structural Path Coefficients for Each FIMIX-PLS Segment

Construct Segment 1 Segment 2 Segment 3 Segment 4
Economy — -0.043 0.148 0.647 -0.237
Infrastructure
Human
Resources — 0.020 0.044 -0.216 0.503
Infrastructure
Regional
Characteristics 0.977 1.026 1.027 0.542

— Infrastructure

The state of infrastructure in all segments is significantly affected by regional characteristics and
path coefficients reveal differences among them. Table 8 shows that Segment 3 has the highest
coefficient value (1.027), followed by Segment 2 (1.026), Segment 1 (0.977), and Segment 4 (0.542).
Economic factors and human resources have less influence, and the path coefficient values are different
between segments. This is an indication that the relationships between variables are not the same for all
provinces but are determined by the particularities of each group. Considering these differences, the
Importance-Performance Map Analysis (IPMA) method is applied in this analysis to identify the priority
factors for infrastructure development for each segment.

3.4. Importance—Performance Map Analysis (IPMA)

An Importance-Performance Map Analysis (IPMA) was performed to evaluate the importance and
performance of each variable regarding the Infrastructure variable in the segments defined by FIMIX-
PLS. This analysis allows us to identify which variables should have priority in an effort to improve
performance, taking into account the specific characteristics of each segment. So, the recommendations
that come out are not generic but adapted to the situation of each provincial group. The IPMA results
for each segment are presented separately to give a clear picture of the differences in the priorities
between the segments.

3.4.1. Analisis IPMA pada Segmen 1

) tur
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Fig. 2: Importance—Performance Map Analysis (IPMA) for Segment 1

The results of the IPMA analysis for Segment 1 are shown in Fig. 2. In this case, regional
characteristics are in the top priority quadrant. This implies that the variable is very important but needs
performance enhancement, making it a target for infrastructure development efforts. In contrast, the
variables of the economy and human resources are in the quadrant of Possible Oversizing. This shows
that even with relatively good performance, their contribution to the improvement of infrastructure in
this segment is still limited. Therefore, when upgrading infrastructure, it is more appropriate to build on
the regional characteristics of the provinces in Segment 1, rather than their economic factors or human
resources.

3.4.2. Analisis IPMA pada Segmen 2

Importance-performance map
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Importance (Tatal effects)
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Fig. 3: Importance—Performance Map Analysis (IPMA) for Segment 2

The results of the IPMA analysis for Segment 2, shown in Fig. 3 put the regional characteristics in
the high-priority quadrant, making it a key priority for infrastructure improvement efforts. In contrast,
the economy factor is in the low-priority quadrant, indicating that it is relatively low in importance and
performance of infrastructure. The human resources factor is in the Possible Oversizing quadrant, which
means a good level of performance but a still relatively low contribution to infrastructure improvement.
The results show that in the group of provinces included in the segment, the regional characteristics are
still the most important factor for infrastructure development.

3.4.3. Analsis IPMA pada Segmen 3
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Fig. 4: Importance—Performance Map Analysis (IPMA) for Segment 3

The IPMA results presented in Fig. 4 indicate that regional characteristics fall into the Top Priority
category, making them a priority factor in infrastructure improvement efforts. Conversely, the economy
and human resources fall into the Possible Oversizing category, meaning that while these two factors
perform relatively well, their contribution to infrastructure improvement remains lower than that of
regional characteristics. These results indicate that regional conditions remain a key factor influencing
infrastructure development in the provincial groups of Segment 3.

3.4.4. Analisis IPMA pada Segmen 4
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Fig. 5: Importance—Performance Map Analysis (IPMA) for Segment 4

Based on Fig. 5, the IPMA results for Segment 4 indicate that regional characteristics fall into the
High Priority category, making them a priority in infrastructure improvement efforts. The economy, on
the other hand, falls into the Low Priority category, meaning its influence on infrastructure is relatively
weak and it has not yet become a major area for improvement. Conversely, human resources are in the
Possible Oversizing category, indicating that this element already performs well, but further
improvements would not have as significant an impact as those made to regional characteristics. These
results show that infrastructure development in segment 4 remains more influenced by regional
characteristics than by other factors.

These results indicate that regional characteristics are the predominant factor influencing
infrastructure. This is also consistent with the results of effect size tests, which demonstrated that this
factor contributes most to the model's ability to explain variations in infrastructure.

The predominant influence of regional characteristics indicates that these characteristics,
particularly those related to disaster risk, play a significant role in the state of infrastructure. Regions
highly vulnerable to disasters face increased difficulties in maintaining the quality and sustainability of
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their infrastructure. These results are consistent with research indicating that various types of natural
disasters can increase the vulnerability of infrastructure, particularly transport-related infrastructure
[17]. Furthermore, research conducted in Indonesia also shows that natural disasters can disrupt the state
of infrastructure and the continuity of public services, making the development of resilient infrastructure
a crucial element of disaster risk reduction efforts [21]. Thus, the results of this study indicate that
regional characteristics are an essential factor to consider in infrastructure planning and development,
particularly in areas at high risk of disaster.

4. Conclusion

This study aims to analyze the impact of the economy, human resources, and regional characteristics on
infrastructure in 38 Indonesian provinces using partial least squares-structural equation modelling (PLS-
SEM). The results show that regional characteristics are the only factor with a significant influence on
infrastructure development, while the economy and human resources have no significant influence.
Finite mixture-partial least squares (FIMIX-PLS) analysis also identified four segments exhibiting
previously unobserved heterogeneity between Indonesian provinces. These results indicate that the
relationship between the variables is not entirely homogeneous; therefore, the approach used at the
overall population level does not yet allow for a description of the characteristics of each regional group.

Analysis of the Importance-Performance Map (IPMA) reveals that each segment has different
priorities for improvement. However, regional characteristics consistently emerge as a factor of high
importance, associated with relatively low performance, making them a top priority for infrastructure
development improvements. The findings suggest that infrastructure development policies should be
formulated based on the specific characteristics of each regional group rather than a one-size-fits-all
approach. The study gives a detailed view of the relations between different factors and defines
development priorities taking into account the differences between provinces.

This study still has certain limitations. Since the analysis relied on secondary data from 38
observation units, it is unable to illustrate how development conditions have changed over time.
Furthermore, the indicators are based only on data provided by the Central Statistics Agency (BPS),
which means that some factors that could affect infrastructure development have been left out. Therefore,
it is recommended that further research be conducted using panel or longitudinal data, incorporating
indicators related to institutional aspects, governance, and regional fiscal capacity, and comparing the
FIMIX-PLS approach with other segmentation methods to gain a more comprehensive understanding
of the heterogeneity of infrastructure development in Indonesia.
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