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Abstract

This study examines how residents evaluate local government within Japan’s Liveable
Well-Being City Indicator (LWCI) framework, with a focus on public service delivery and
the application of machine learning (ML). Using a nationwide survey of 66,085 respondents,
two dimensions of local government evaluation (Service Accessibility and Government
Responsiveness) were examined using correlation analysis and Random Forest classification
models. The findings indicate that differences between the two evaluation dimensions are
better understood through patterns of relative predictive importance among shared factors
than entirely distinct sets of variables. Service Accessibility was more strongly associated
with functional and usability-related service factors, whereas Government Responsiveness
was associated with a broader range of service-related and community-level conditions.
The Random Forest models further identified differences in the relative importance of
predictors across the two outcomes, reinforcing the distinction between their broader
predictive patterns. These findings demonstrate that integrating ML with well-being
assessments complements conventional statistical analysis by providing additional insight
into the comparative predictive structure of policy-related factors.

Keywords: local government performance; public service delivery; citizen perception;
Liveable Well-Being City Indicator (LWCI); machine learning; government responsiveness

1. Introduction
In recent years, scholars have increasingly emphasized well-being as a multidimen-

sional framework for understanding societal function, extending beyond traditional eco-
nomic indicators to incorporate social and experiential dimensions of quality of life (OECD,
2024; Fioramonti et al., 2022). This shift reflects a growing recognition that individual wel-
fare is associated not only with material conditions but also with access to public services,
social inclusion, and everyday interactions with institutions (Stiglitz et al., 2009; OECD,
2024). Both academic and policy-oriented research have moved toward integrating sub-
jective perceptions with objective indicators to better understand how citizens experience
governance and public service delivery.

Japan represents a prominent case in the application of this approach. Through
initiatives like the Liveable Well-Being City Indicator (LWCI), policymakers have developed
a comprehensive system for measuring well-being at the municipal level (Digital Agency
of Japan, 2025). The LWCI integrates subjective survey data with a wide range of objective
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indicators, including measures of infrastructure, environmental quality, public service
provision, and economic conditions, allowing for a comprehensive assessment of local
livability. This approach not only measures well-being outcomes but also supports policy
development by helping municipalities identify which factors associated with residents’
quality of life warrant closer policy attention.

Central to this system is a nationwide survey of residents, which captures subjective
evaluations across a broad set of domains, including health, employment, education,
social relationships, and the built environment. The survey includes indicators of both
individual well-being (e.g., happiness, life satisfaction) and contextual factors related to
local conditions, such as mobility, public space, and service accessibility. Within this scope,
local government occupies a central and multifaceted role and functions not only as a
provider of public services, such as transportation systems, public facilities, and social
infrastructure, but also as an object of citizen evaluation. Residents form perceptions
about whether their local government is accessible, responsive, and attentive to their
needs. In the survey, these perceptions are captured through measures such as whether
“the local government cares deeply about residents” and whether “public facilities are
easily accessible and convenient,” positioning local government performance as both a
component of and an evaluative outcome within the well-being system.

Previous research demonstrates that citizens’ evaluations of government are closely
linked to their experiences with public service delivery, with trust associated not only with
broad political attitudes but also with evaluations of service quality (Berg & Johansson, 2020;
Alessandro et al., 2020). At the same time, institutional trust is not uniform across levels of
government but varies across contexts, as citizens form distinct evaluations based on their
direct interactions with specific institutions (Van de Walle & Migchelbrink, 2020). These
collective findings suggest that perceptions of local government are context-dependent and
informed by multiple interacting factors rather than single, isolated influences.

Existing analyses within well-being frameworks, including those applied in Japan,
have largely relied on correlation and regression-based methods to identify relationships
between well-being factors and outcomes. While correlation analysis and regression esti-
mates remain valuable, they may provide less flexibility for examining complex predictive
patterns and comparing the relative contribution of multiple correlated factors. In response
to these limitations, the recent literature has increasingly explored the application of ma-
chine learning (ML) methods in social science and public policy research. These approaches
enable researchers to identify complex patterns within high-dimensional data, accommo-
date interactions among predictors, and evaluate the relative contribution of multiple
factors simultaneously, offering new insights into outcomes such as political attitudes and
institutional trust (Athey, 2018; Kyriazos & Poga, 2024).

Rather than replacing conventional statistical approaches, ML complements corre-
lation and regression in this analysis by evaluating how predictors contribute jointly to
classification within a multivariate model. This study further builds on these develop-
ments by shifting the analytical focus from general well-being outcomes to perceptions
of local government performance, which is a critical but underexplored dimension
within well-being research. By integrating correlation analysis with Random Forest
classification, the study further identifies not only the factors associated with local gov-
ernment perceptions but also their relative importance across the distinct dimensions
of Government Responsiveness and Service Accessibility, providing a deeper under-
standing of how policy-related conditions are associated with different dimensions
of local government evaluation. Accordingly, this study is guided by the following
research questions:

RQ1: What factors are associated with residents’ perceptions of local government performance?
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RQ2: How are public services associated with residents’ perceptions of local government?
RQ3: What additional insight can ML provide into patterns of local government perception
that are not captured through conventional statistical approaches?

The theoretical contribution of the study lies in treating service accessibility and
government responsiveness as distinct evaluative outcomes that may arise from a shared set
of local conditions but differ in the relative predictive importance of those conditions. This
extends resear ch that has typically examined satisfaction, trust, responsiveness and service
quality as separate outcomes. It also further develops the use of well-being frameworks by
examining variation within citizen perception rather than treating subjective government
evaluation as a single composite construct. ML contributes to this theoretical objective
by enabling comparison of the relative predictive structure of shared factors across the
two outcomes.

2. Theoretical Framework
2.1. Citizen Perceptions of Local Government

The evaluation of local government has increasingly shifted beyond traditional ad-
ministrative measures towards citizen-centered assessments of government performance.
While objective indicators such as efficiency, financial management and service outputs
remain important, growing attention has been given to how residents perceive and experi-
ence government through their everyday interactions with public services. This reflects
a broader recognition that governments are ultimately evaluated not only by what they
deliver, but also by how those outcomes are experienced and interpreted by citizens (Van
de Walle & Bouckaert, 2003; Reddick et al., 2022).

Much of this literature identifies public service delivery as the primary mechanism
through which citizens evaluate local government. Repeated interactions with public
transport, administrative services, digital platforms and other municipal services provide
tangible experiences that shape perceptions of service quality, accessibility and adminis-
trative competence (Reddick et al., 2022; James & Moseley, 2020). Recent studies similarly
demonstrate that service accessibility, ease of use and administrative processes significantly
influence citizen satisfaction, highlighting that evaluations are formed through routine
experiences rather than objective service outcomes alone (Turesson et al., 2025; Akinboade
et al., 2024).

Perceptions of responsiveness, trust and institutional legitimacy are also affected by
broader judgements regarding whether governments are attentive to community needs,
communicate effectively and demonstrate accountability in decision-making (Goldfinch
et al., 2022; OECD, 2023). Studies have shown that contextual factors including gov-
ernment communication, performance information, organizational responsiveness and
opportunities for citizen engagement all contribute to broader evaluations of local gov-
ernment beyond immediate service encounters (Sanders & Canel, 2015; Van de Walle &
Bouckaert, 2003). As such, citizen evaluation reflects both direct experiences with public
services and wider interpretations of government intent, fairness and commitment to
public welfare. Despite this growing body of research, existing studies have predomi-
nantly examined individual dimensions of citizen evaluation in isolation. Satisfaction with
public services, trust, responsiveness, and service quality are typically treated as separate
outcomes, making it difficult to determine whether they arise from distinct conditions or
different interpretations of a shared policy environment. This separation limits the ability
of existing research to determine whether related dimensions of government evaluation
reflect different underlying conditions or different patterns of association within a shared
local policy environment.
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2.2. Well-Being Frameworks and Local Government Evaluation

The assessment of local government performance has evolved considerably over re-
cent decades, reflecting a broader shift from measuring administrative outputs towards
evaluating the wider outcomes of public policy. Traditional performance evaluations have
primarily focused on objective indicators such as financial management, infrastructure pro-
vision, and service efficiency, providing valuable measures of organizational performance
but offering only limited insight into how government actions affect residents’ lived experi-
ences (Stiglitz et al., 2009). Increasing recognition of these limitations has encouraged the
development of evaluation mechanisms that integrate economic, social, environmental and
subjective dimensions of well-being alongside conventional performance measures. Conse-
quently, international assessments have increasingly incorporated subjective well-being
and citizen perception measures as complementary indicators of public value, recognizing
that residents provide an important perspective on government performance that cannot
be inferred from administrative statistics alone (OECD, 2020, 2024).

This perspective has become increasingly evident within urban governance research,
with recent studies demonstrating that residents’ evaluations of cities are influenced by a
combination of objective urban conditions and subjective interpretations of their surround-
ing environment. Factors such as neighborhood quality, access to facilities and services,
environmental conditions, and opportunities for travel and daily activity are among the
urban factors associated with subjective well-being and perceived livability (Mouratidis,
2021). Similarly, research on urban quality of life has emphasized that residents evaluate
local areas across multiple interconnected dimensions, supporting the use of integrated
assessment systems rather than single measures of performance (Wesz et al., 2023). These
developments have influenced how local governments conceptualize and evaluate policy
effectiveness and Japan’s LWCI framework represents a notable example of such local
government evaluation.

The LWCI integrates objective measures with large-scale resident perception data
across multiple domains including public services, mobility, education, environment and
community well-being to support evidence-based urban policymaking and more holistic
assessments of city performance (General Incorporated Association Smart City Institute
Japan, 2024). Although well-being frameworks can provide richer representations of
local government performance than traditional administrative indicators, they typically
emphasize relationships between individual indicators and overall well-being outcomes.
This emphasis may make it more difficult to identify whether closely related dimensions of
citizen evaluation are associated with different patterns of policy-related conditions. The
present study addresses this gap by using ML to compare the relative importance of shared
factors across distinct dimensions of local government evaluation.

2.3. Machine Learning in Public Administration

The growing availability of large-scale administrative and survey data has accelerated
the application of ML methods within public administration and public policy research.
Early applications focused primarily on improving predictive performance across areas
such as revenue forecasting, citizen engagement, service demand, fraud detection and
administrative decision support, demonstrating the ability of ML algorithms to identify
complex relationships within high-dimensional datasets that are often difficult to detect
using conventional statistical techniques (Gerrits, 2021; Chung et al., 2022).

Despite these advances, the application of ML within public administration has increas-
ingly shifted from prediction towards explanation. Conventional statistical approaches such
as correlation and regression remain valuable for identifying linear associations and testing
predefined theoretical relationships. However, their interpretation generally depends on
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prespecified model structures, which may limit flexibility for exploring nonlinearities and
interactions among multiple predictors (Breiman, 2001). In contrast, ML algorithms can
model complex relationships without requiring these assumptions, enabling researchers to
explore how multiple factors jointly contribute to policy outcomes rather than considering
individual variables in isolation.

Recent research emphasizes the importance of understanding how models generate
predictions and how individual variables contribute to decision outcomes, particularly
within public sector contexts where transparency, accountability, and public trust remain
essential considerations (Shin, 2021; Janssen et al., 2022). Techniques such as impurity-
based feature importance and permutation importance can help translate complex machine-
learning models into interpretable evidence for policy analysis and decision-making. Within
public administration, most ML applications continue to focus on forecasting administrative
outcomes, automating processes, or supporting operational decisions. Comparatively less
attention has been given to using interpretable ML to examine how citizens evaluate
government performance within the scope of well-being policy, and its use for assessing
whether shared policy conditions contribute differently to distinct dimensions of citizen
evaluation therefore remains underexplored. Accordingly, the theoretical contribution
of ML in this study lies in comparing differentiated predictive structures across related
dimensions of local government evaluation.

3. Materials and Methods
3.1. Data Source and Survey Framework

While the LWCI incorporates both subjective and objective indicators to assess quality
of life across municipalities, the present analysis utilizes only the subjective survey com-
ponent of the dataset to focus specifically on how residents perceive and evaluate local
government performance. The subjective survey component was used because the study
examines residents’ evaluations rather than objective levels of municipal performance.
Residents’ evaluations are captured through a structured survey instrument that measures
multiple domains of well-being using standardized Likert-scale questions, which include
both personal assessments of well-being and perceptions of local conditions, such as service
accessibility, safety, and community dynamics.

The original survey comprised 86,420 respondents and covered the main LWCI do-
mains of well-being and regional satisfaction, living environment, regional relationships,
and staying true to oneself. Complete-case analysis across all study variables excluded
20,335 respondents (23.5%), yielding a common analytical sample of 66,085 respondents.
A missing-data audit showed that all excluded respondents were missing only the
neighborhood-happiness item and had complete data for the remaining study variables.
This item was retained because it served as the primary outcome measure in the original
LWCI analysis and provided a reference point for comparison. The primary analyses
used the common complete-case sample to maintain an identical analytical base across
models. Since neighborhood happiness was not included in either Random Forest model,
analysis-specific robustness models were also estimated using all observations with com-
plete data for the relevant outcomes and predictors. As no variables used in the two
Random Forest models contained missing values, both analysis-specific models included
all 86,420 respondents.

Age and gender were not included as predictors in the primary model because the
study focused on policy-related indicators, but they were used to compare the demo-
graphic composition of retained and excluded respondents as part of the missing-data
assessment. Supplementary demographic-adjusted models were also estimated by adding
age and gender to the policy predictors, and these models were evaluated using the
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same train-test partitions and tuned outcome-specific Random Forest settings as the
corresponding policy-only models to allow direct comparison of predictive performance
and policy-feature importance. Municipality identifiers were available in the secondary
dataset but were not used as predictors or reporting units because the data were provided
under restricted-use conditions prohibiting municipality-level comparison or ranking.
That said, the identifiers were used internally to evaluate whether individual-level valida-
tion produced overly optimistic performance estimates. Five-fold municipality-grouped
cross-validation was conducted using stratified group folds, with all respondents from
a given municipality assigned to either the training or validation subset within each
fold. The grouped results were compared with five-fold stratified individual-level cross-
validation using the same tuned model specifications. No municipality-specific estimates,
comparisons, or rankings were produced or reported to maintain compliance with the
dataset use requirements.

As shown in Table 1, the analysis focuses on two perception-based variables within the
broader living environment domain, including perceived accessibility of public facilities
and perceived government care for residents. These variables were selected because they
formed the composite local government measure used in prior LWCI analyses, where
they were aggregated and incorporated into multiple linear regression models. Predictors
were selected a priori rather than through automated feature selection, based on their
theoretical relevance to residents’ evaluations of local government and their connection to
policy domains within the potential influence of municipal government. A full list of the
LWCI survey domains, subcategories, and items is provided in Table S1, while the specific
inclusion and exclusion criteria used in this study are described in Section 3.2.

Table 1. Survey Domains & Representative Variables.

Survey Domain Focus Representative Variables
Well-being and Satisfaction

in the Region
Overall subjective

well-being
Life satisfaction; perceived

happiness

Living Environment Public services and local
conditions

Public facilities are easily
accessible and convenient;

Local government cares
deeply about residents;
transportation; safety;

infrastructure

Relationships in the Region Social cohesion and
community engagement

Trust in others; social
support; community

participation

Staying True to Oneself Individual well-being and
self-perception

Health; self-efficacy;
personal fulfillment

3.2. Variable Specification

The analysis focuses on two dependent variables that capture distinct but related
dimensions of local government evaluation. The first reflects whether respondents perceive
that the local government “cares deeply about residents,” representing a broader evaluative
judgment about government responsiveness. The second captures whether respondents
perceive that “public facilities in the region are easily accessible and convenient,” reflecting
more direct experiences with service delivery. Both variables were measured using five-
point Likert response scales ranging from 1 (Strongly disagree) to 5 (Strongly agree). Table 2
presents the distribution of responses for each dependent variable.
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Table 2. Distribution of the dependent variables across response categories (N = 66,085).

Response Government
Responsiveness n (%)

Service Accessibility n
(%)

1—Strongly disagree 2720 (4.1) 3464 (5.2)
2—Disagree 9282 (14.0) 11,730 (17.7)
3—Neutral 34,037 (51.5) 29,493 (44.6)
4—Agree 18,402 (27.8) 18,804 (28.5)
5—Strongly agree 1644 (2.5) 2594 (3.9)

Total 66,085 (100.0) 66,085 (100.0)

Variable selection was guided by the study’s focus on residents’ perceptions of local
government performance. The final policy-only specification contained 13 predictors rep-
resenting public transport, child-rearing support, government digital services, children’s
well-being, disaster prevention, the usefulness of digital tools in daily life, sidewalks
and traffic signals, learning opportunities, neighborhood atmosphere, safety and crime
prevention, school accessibility, school provision, and opportunities for challenge and
growth. These variables were selected because they captured policy-relevant perceptions
within domains potentially influenced by local government. Neighborhood happiness
was not included as a predictor because it was a broad well-being measure outside the
study’s policy-focused predictor framework. It was retained only to define the common
analytical sample and maintain continuity with the original LWCI analysis. Age and gen-
der were reserved for the demographic-adjusted sensitivity analysis, while municipality
identifiers were used only for grouped validation. Respondent identifiers, administra-
tive fields, composite indices, and variables outside the study objectives were excluded
before modeling.

Although the response categories are ordinal, they were modeled using Random
Forest classification to compare the predictive structure of the two outcomes. To assess
the implications of modeling the outcomes as multiclass categories, each tuned Random
Forest was compared with an ordered logistic regression model that explicitly preserved the
ordering of the five response categories. The ordered-logit models used the same 13 policy
predictors and the same training and held-out test observations as the corresponding
Random Forest models, and predictors were standardized using parameters estimated
from the training data before the ordered-logit models were fitted.

The two dependent variables formed part of the composite score_local_government
measure used in previous LWCI analyses. Whereas earlier research combined them into
a single index, the present study examines them separately as Service Accessibility and
Government Responsiveness. To reduce conceptual overlap and prevent predictor leakage,
each model excluded the other dependent variable from its predictor set. Since both the
outcomes and predictors are self-reported perceptual information collected through the
same survey format, the models may capture shared response tendencies or generalized
evaluations of local conditions in addition to domain-specific predictive information. As
such, feature importance is interpreted as a predictor’s conditional contribution to clas-
sification within this dataset and not as evidence that the corresponding policy domain
independently causes changes in government evaluation.

3.3. Analytical Strategy and Modeling Approach

The analytical strategy was designed to examine the associations between policy-
related factors and perceptions of local government and assess the complementary value of
ML methods relative to conventional analytical approaches. Correlation analysis was first
used to examine pairwise associations between variables, providing a baseline consistent
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with prior applications of the LWCI analysis. The correlation analysis used the full sample
of 86,420 respondents because none of the variables included in the matrix contained
missing observations, and Spearman rank correlations were calculated among the 13 policy
predictors and the two government-evaluation outcomes. The analysis was therefore
unaffected by missingness on the neighborhood-happiness item that determined inclusion
in the common analytical sample, and given the large sample size, interpretation focused on
the magnitude and pattern of the correlation coefficients rather than statistical significance.

Random Forest was selected because it can account for complex relationships among
predictors and provide measures of variable importance. It is used here to compare the
predictive structure of the two outcomes rather than estimate changes between adjacent
response categories. The approach complements the other analyses where correlation
shows pairwise associations, Random Forest considers predictors together, and ordered
logistic regression preserves the ordering of the outcomes. However, feature importance
does not show the direction, magnitude, or exact form of a relationship and is therefore
interpreted as a predictor’s contribution to classification performance, not as a regression
coefficient, effect size, or estimate of independent policy impact.

There were two Random Forest models estimated, one predicting perceived service
accessibility and the other predicting perceptions that local government cares about resi-
dents, using the RandomForestClassifier implementation in scikit-learn (version 1.6.1). For
each outcome, the common analytical sample was divided into stratified 80/20 training
and held-out test subsets using a fixed random seed of 42. Hyperparameter tuning was
conducted exclusively within the training data using three-fold stratified cross-validation
and grid search, with macro-F1 as the selection criterion. The search varied tree depth, min-
imum leaf size, the number of predictors considered at each split, and class weighting. The
selected specifications were refitted to the full training subsets and evaluated once on the
untouched test subsets. The tuned Government Responsiveness model used unrestricted
depth, a minimum leaf size of five, and 50% of predictors considered at each split; the
tuned Service Accessibility model used a maximum depth of 15, a minimum leaf size of
five, and the square root of predictors considered at each split. Both models used 500 trees,
bootstrap aggregation, OOB estimation, no class weighting, and a fixed random seed of
42. Tuning increased held-out accuracy by approximately 2–3 percentage points, and the
tuned models are reported as the primary specifications.

Model performance was evaluated using overall classification accuracy, balanced
accuracy, OOB estimates, macro-precision, macro-recall, macro-F1, weighted F1, mean
absolute category error, quadratic weighted kappa, and confusion matrices. The ordinal
measures were included to account for the fact that errors between adjacent response
categories are less substantial than errors across more distant categories. Held-out test
results were used as the main basis for evaluation, while OOB accuracy was treated as an
additional internal diagnostic. Predictor importance was assessed using the impurity-based
feature importance measure implemented in Random Forest to identify the variables that
contributed most strongly to model predictions and to compare patterns across the two
outcomes. As a complementary robustness check, permutation importance was calculated
by randomly shuffling each predictor in the test data and measuring the resulting decrease
in model performance, with five repetitions for each predictor. As there were several
correlated predictors, the interpretation focused on variables that remained important
across methods rather than on exact rankings. As further sensitivity analyses, the tuned
Random Forest models were re-estimated using the full analysis-specific sample and with
age and gender added to the policy predictors. Performance was also examined using
municipality-grouped cross-validation, and the Random Forest results were compared
with ordered logistic regression as a benchmark model.
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4. Results
4.1. Overview of LWCI Findings

The LWCI measures local government performance as part of a composite of subjective
and objective well-being indicators spanning domains such as the built environment, natu-
ral environment, community relationships, and individual perceptions. Local government
is operationalized through survey-based measures, including perceived governmental care
and accessibility of public facilities, which are embedded within the broader “living envi-
ronment” category and combined with objective indicators (e.g., infrastructure provision,
financial indices, and digital governance measures) to construct composite scores.

Previous LWCI analyses further identified several factors associated with subjective
well-being and life satisfaction. For subjective well-being, the highest-ranked factors
included health, self-efficacy, and public space, followed by culture and art and community
engagement. For life satisfaction, public space and trust in local government rank highest,
followed by learning opportunities, accidents and crime, and business creation. Across both
outcomes, several variables appear consistently among the top-ranked factors, including
public space, trust in local government, learning opportunities, and accidents and crime.
These variables span multiple domains within the LWCI structure and are identified
through both correlation analysis and regression-based approaches.

4.2. Correlation Analysis

Correlation analysis was conducted to examine the relationships between the study
variables and the two dependent measures, Government Responsiveness (item_gov_takes_
residents_seriously) and Service Accessibility (item_public_facilities_easy_to_use), with
the full correlation matrix presented in Figure 1. The correlations were estimated using the
analysis-specific full sample of 86,420 respondents because all variables included in the
matrix had complete data. The matrix shows entirely positive associations across variables,
with no substantial negative relationships observed. Off-diagonal correlation coefficients
ranged from ρ = 0.29 to ρ = 0.74, indicating generally moderate to strong associations, and
given the large sample size, the discussion focuses on the magnitude and pattern of the
observed associations rather than statistical significance. Excluding the alternate outcome,
Government Responsiveness showed its strongest associations with child-rearing support
(ρ = 0.54), government digital services and children’s well-being (both ρ = 0.53), and disaster
prevention and digital tools in daily life (both ρ = 0.52). Service Accessibility was most
strongly associated with digital tool usefulness (ρ = 0.56), public transport convenience
and government digital services (both ρ = 0.54), learning opportunities (ρ = 0.51), and
child-rearing support and opportunities for challenge and growth (both ρ = 0.50).

Other service-related and infrastructure variables exhibited associations within a
comparable range, and across the predictors, several variables were moderately to strongly
intercorrelated. Government digital services and digital tools in daily life showed the
strongest association (ρ = 0.74), followed by school accessibility and school provision
(ρ = 0.68), learning opportunities and opportunities for challenge and growth (ρ = 0.64),
and child-rearing support and children’s well-being (ρ = 0.62). Disaster prevention, safety
and crime prevention, and sidewalk and traffic-signal quality were also interrelated, with
correlations ranging from approximately ρ = 0.49 to 0.58.

The correlation analysis identified positive associations between both dimensions of
local government evaluation and several LWCIs, including digital government services,
child-rearing support, school accessibility, public transportation, disaster prevention, neigh-
borhood atmosphere, and learning opportunities. However, the strength of these bivariate
relationships differed across the two outcomes. Public transport, for example, was mod-
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erately associated with Service Accessibility (ρ = 0.54) but had a weaker association with
Government Responsiveness (ρ = 0.36).

Figure 1. Correlation Matrix.

4.3. Random Forest Classification Analysis
4.3.1. Model Performance

Responses for both outcomes were concentrated in the middle categories, particularly
Category 3, with fewer observations at the extremes (Table 3). A majority-class classifier
would achieve accuracies of 0.515 for Government Responsiveness and 0.446 for Service
Accessibility, and the Random Forest models improved on these baselines by 15.9 and
20.6 percentage points, respectively. Government Responsiveness achieved an accuracy of
0.674, a balanced accuracy of 0.541, and a weighted F1 of 0.664, while Service Accessibility
achieved corresponding values of 0.652, 0.554, and 0.646. The models also produced mean
absolute category errors of 0.353 and 0.384 and quadratic weighted kappa values of 0.649
and 0.686, respectively, indicating substantial agreement while accounting for the ordered
nature of the response categories. OOB estimates closely matched test accuracy, providing
an additional indication that performance was not driven by the held-out test set.

Normalized confusion matrices for both models are presented in Figures 2 and 3. For
the Government Responsiveness model (Figure 2), the highest accuracy was observed
for Category 3 (“Neutral”), with 81% of observations correctly classified, followed by
Category 4 (“Agree”) at 63%. Lower accuracy was observed for Categories 1 (“Strongly
disagree”) and 2 (“Disagree”), with correct classification rates of 41% and 37%, respectively,
while Category 5 (“Strongly agree”) achieved an accuracy of 48%. Misclassification was
concentrated mainly between adjacent categories and toward the center of the response
scale. Category 1 was most often misclassified as Category 2, Category 2 was most of-
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ten misclassified as Category 3, and Category 5 was most often classified as Category 4.
Misclassification across non-adjacent categories was limited.

Table 3. Model Performance Metrics.

Performance Metric Government
Responsiveness Service Accessibility

Accuracy 0.674 0.652
Balanced Accuracy 0.541 0.554
OOB Accuracy 0.680 0.659
Macro Precision 0.684 0.676
Macro Recall 0.541 0.554
Macro F1 0.592 0.596
Weighted F1 0.664 0.646

Mean Absolute Category Error 0.353 0.384
Quadratic Weighted Kappa 0.649 0.686

Figure 2. Confusion Matrix (Government Responsiveness Model).

Figure 3. Confusion Matrix (Service Accessibility Model).
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The Service Accessibility model (Figure 3) exhibited a similar pattern where Category 3
again showed the highest classification rate at 77%, followed by Category 4 at 64%. Cate-
gories 1 and 2 achieved accuracies of 50% and 49%, respectively, while Category 5 had the
lowest accuracy at 37%. Misclassification was similarly concentrated between neighboring
categories, with Category 5 most often classified as Category 4 and Category 2 frequently
classified as Category 3. Category 1 was also frequently classified as Category 2, while
confusion across more distant response categories remained minimal.

4.3.2. Feature Importance

Feature importance was evaluated for both models to assess the relative contribution
of predictors to classification performance. Ranked feature-importance values are presented
in Table 4, with a direct visual comparison provided in Figure 4. The Random Forest results
indicate that child-rearing support was the most influential predictor of Government
Responsiveness (0.1775), followed by children’s well-being (0.1299), government digital
services (0.1297), and disaster prevention (0.1190). Digital tools in daily life ranked fifth
(0.0731). The remaining variables, including school provision, neighborhood atmosphere,
public transport, school accessibility, learning opportunities, opportunities for challenge
and growth, safety and crime prevention, and sidewalks and traffic signals, had importance
values ranging from 0.0383 to 0.0517.

Table 4. Feature Importance Rankings.

Government Responsiveness
Model Service Accessibility Model

Feature RF Importance RF Rank RF Importance RF Rank

Child-Rearing Support 0.1775 1 0.0694 5
Children’s Well-Being 0.1299 2 0.0572 8
Government Digital Services 0.1297 3 0.1425 2
Disaster Prevention 0.1190 4 0.0392 12
Digital Tools in Daily Life 0.0731 5 0.1621 1
School Provision 0.0517 6 0.0554 10
Neighborhood Atmosphere 0.0497 7 0.0613 6
Public Transport 0.0493 8 0.1321 3
School Accessibility 0.0478 9 0.0590 7
Learning Opportunities 0.0462 10 0.0871 4
Opportunities for Challenge
and Growth 0.0451 11 0.0565 9

Safety and Crime Prevention 0.0424 12 0.0373 13
Sidewalks and Traffic Signals 0.0383 13 0.0409 11

For the Service Accessibility model, the highest-ranked variable was digital tools in
daily life (0.1621), followed by government digital services (0.1425) and public transport
(0.1321). Learning opportunities ranked fourth (0.0871), followed by child-rearing support
(0.0694). Neighborhood atmosphere, school accessibility, children’s well-being, opportu-
nities for challenge and growth, and school provision occupied the middle ranks, with
importance values ranging from 0.0554 to 0.0613. Sidewalks and traffic signals (0.0409),
disaster prevention (0.0392), and safety and crime prevention (0.0373) were the lowest-
ranked predictors. The comparison in Figure 4 shows that child-rearing support, children’s
well-being, and disaster prevention were substantially more prominent in the Government
Responsiveness model, whereas digital tools in daily life, public transport, and learning
opportunities were more prominent in the Service Accessibility model. Government digital
services were highly ranked in both models.
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Figure 4. Comparison of Feature Importance Scores.

Permutation importance provided an additional assessment of predictor importance
and showed partial agreement with the impurity-based Random Forest rankings (Table 5).
For the Government Responsiveness model, child-rearing support had the highest mean
permutation importance (0.0167), followed by disaster prevention (0.0145), government
digital services (0.0134), children’s well-being (0.0090), and school accessibility (0.0058). In
contrast, public transport, which ranked eighth under impurity-based importance, had
a slightly negative mean permutation importance (−0.0015) and ranked last under the
permutation measure. This suggests that public transport contributed to tree splitting but
did not provide a distinct improvement in held-out predictive accuracy after the other
predictors were considered.

Table 5. Permutation Importance Rankings.

Government Responsiveness Model Service Accessibility Model

Feature Mean
Importance SD Rank Mean

Importance SD Rank

Child-Rearing Support 0.0167 0.0015 1 0.0046 0.0008 6
Disaster Prevention 0.0145 0.0010 2 0.0033 0.0013 9
Government Digital Services 0.0134 0.0022 3 0.0121 0.0010 3
Children’s Well-Being 0.0090 0.0008 4 0.0019 0.0013 10
School Accessibility 0.0058 0.0014 5 0.0047 0.0011 5
Neighborhood Atmosphere 0.0045 0.0008 6 0.0040 0.0013 8
Digital Tools in Daily Life 0.0034 0.0010 7 0.0137 0.0016 1
Opportunities for Challenge
and Growth 0.0033 0.0014 8 0.0044 0.0005 7

Sidewalks and Traffic Signals 0.0025 0.0011 9 0.0006 0.0013 13
School Provision 0.0024 0.0005 10 0.0016 0.0006 11
Learning Opportunities 0.0019 0.0014 11 0.0051 0.0005 4
Safety and Crime Prevention 0.0008 0.0013 12 0.0007 0.0006 12
Public Transport −0.0015 0.0007 13 0.0121 0.0031 2

For the Service Accessibility model, the two methods showed closer, although not
complete, agreement. Digital tools in daily life remained the highest-ranked predictor under
permutation importance (0.0137), followed by public transport (0.0121) and government
digital services (0.0121). Learning opportunities ranked fourth (0.0051), followed by school
accessibility (0.0047) and child-rearing support (0.0046). Because public transport and
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government digital services had the same value after rounding, their reported ranks reflect
differences in the underlying unrounded estimates. The permutation results reinforce
the prominence of digital-service variables in both models while also showing that exact
rankings depend on the importance measure used.

Comparison across models shows that government digital services ranked among the
highest-importance variables in both models, placing third in the Government Respon-
siveness model and second in the Service Accessibility model. Child-rearing support and
children’s well-being ranked higher in the Government Responsiveness model (first and
second) than in the Service Accessibility model (fifth and eighth). Digital tools in daily life
ranked first in the Service Accessibility model and fifth in the Government Responsiveness
model. Disaster prevention ranked fourth in the Government Responsiveness model and
twelfth in the Service Accessibility model.

As shown in Table 6, pairwise correlation strength did not consistently correspond to
multivariable feature importance. For Government Responsiveness, child-rearing support
had the strongest correlation among the included predictors (ρ = 0.543) and ranked first
in impurity-based importance. Public transport had a substantially weaker pairwise
association (ρ = 0.358) and ranked eighth in impurity-based importance. Thus, the revised
results no longer indicate that public transport was the leading multivariable predictor of
Government Responsiveness. Instead, the correlation and impurity results were broadly
aligned for child-rearing support, children’s well-being, government digital services, and
disaster prevention, although the precise ordering differed.

Table 6. Comparison of Correlations and Random Forest Feature Importance.

Government Responsiveness Model Service Accessibility Model

Feature Correlation
(ρ)

RF
Importance RF Rank Correlation

(ρ)
RF

Importance RF Rank

Child-Rearing Support 0.543 0.1775 1 0.504 0.0694 5
Children’s Well-Being 0.528 0.1299 2 0.471 0.0572 8
Government Digital Services 0.525 0.1297 3 0.544 0.1425 2
Disaster Prevention 0.519 0.1190 4 0.460 0.0392 12
Digital Tools in Daily Life 0.520 0.0731 5 0.563 0.1621 1
School Provision 0.483 0.0517 6 0.479 0.0554 10
Neighborhood Atmosphere 0.475 0.0497 7 0.471 0.0613 6
Public Transport 0.358 0.0493 8 0.541 0.1321 3
School Accessibility 0.449 0.0478 9 0.467 0.0590 7
Learning Opportunities 0.499 0.0462 10 0.510 0.0871 4
Opportunities for Challenge
and Growth 0.483 0.0451 11 0.503 0.0565 9

Safety and Crime Prevention 0.495 0.0424 12 0.478 0.0373 13
Sidewalks and Traffic Signals 0.459 0.0383 13 0.477 0.0409 11

For Service Accessibility, the two approaches were more closely aligned among the
leading digital and transportation variables. Digital tools in daily life had both the strongest
correlation with the outcome (ρ = 0.563) and the highest impurity-based feature importance.
Government digital services and public transport also ranked highly under both approaches.
By contrast, opportunities for challenge and growth had a relatively strong correlation with
Service Accessibility (ρ = 0.503) but ranked ninth in impurity-based importance.

The comparison between impurity-based and permutation importance (Table 7) pro-
vides an additional qualification. Specifically, the two methods identified overlapping
groups of influential predictors, but their relative rankings differed, particularly in the
Government Responsiveness model. For example, public transport ranked eighth under
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impurity importance but ranked last under permutation importance, whereas child-rearing
support and disaster prevention remained prominent under both measures. In the Service
Accessibility model, digital tools in daily life remained first under both measures, while
government digital services and public transport also remained among the leading predic-
tors. The variation across measures likely reflects, at least in part, overlapping predictive
information among correlated variables, making the broader pattern more informative than
the exact ordering of individual predictors.

Table 7. Comparison of Impurity-Based Random Forest and Permutation Importance.

Government Responsiveness Model Service Accessibility Model

Rank Predictor Impurity Perm. Mean Predictor Impurity Perm. Mean

1 Child-Rearing Support 0.1775 0.0167 Digital Tools in Daily Life 0.1621 0.0137

2 Children’s Well-Being 0.1299 0.0090 Government Digital
Services 0.1425 0.0121

3 Government Digital Services 0.1297 0.0134 Public Transport 0.1321 0.0121
4 Disaster Prevention 0.1190 0.0145 Learning Opportunities 0.0871 0.0051
5 Digital Tools in Daily Life 0.0731 0.0034 Child-Rearing Support 0.0694 0.0046

6 School Provision 0.0517 0.0024 Neighborhood
Atmosphere 0.0613 0.0040

7 Neighborhood Atmosphere 0.0497 0.0045 School Accessibility 0.0590 0.0047
8 Public Transport 0.0493 −0.0015 Children’s Well-Being 0.0572 0.0019

9 School Accessibility 0.0478 0.0058 Opportunities for
Challenge and Growth 0.0565 0.0044

10 Learning Opportunities 0.0462 0.0019 School Provision 0.0554 0.0016

11 Opportunities for Challenge
and Growth 0.0451 0.0033 Sidewalks and Traffic

Signals 0.0409 0.0006

12 Safety and Crime Prevention 0.0424 0.0008 Disaster Prevention 0.0392 0.0033

13 Sidewalks and Traffic Signals 0.0383 0.0025 Safety and Crime
Prevention 0.0373 0.0007

4.3.3. Sensitivity and Robustness Analyses

Several additional analyses assessed whether the main findings depended on sample
definition, demographic composition, validation strategy, or model choice. The alterna-
tive Random Forest results are summarized in Table 8, with full ordered-logit estimates
reported in Table S2. Re-estimating the models on the full analysis-specific sample of 86,420
respondents produced results close to those from the common analytical sample of 66,085.
For Government Responsiveness, accuracy increased from 0.674 to 0.685, while balanced
accuracy and macro F1 remained nearly unchanged. For Service Accessibility, accuracy
increased from 0.652 to 0.655, with similarly small changes in the other metrics suggesting
the common-sample restriction did not materially affect performance.

Adding age and gender also produced only minor changes. Accuracy remained 0.674
for Government Responsiveness and increased from 0.652 to 0.654 for Service Accessibility.
The Service Accessibility importance rankings were also highly similar across the primary
and demographic-adjusted specifications (Spearman’s ρ = 0.945). Municipality-grouped
five-fold validation produced comparable results with accuracy at 0.678 for Government
Responsiveness and 0.658 for Service Accessibility, with balanced accuracy, macro F1,
and quadratic weighted kappa remaining close to the primary estimates, suggesting that
performance was not driven simply by respondents from the same municipality appearing
in both training and test data.

The ordered-logit benchmark also supported the broad substantive pattern. For Gov-
ernment Responsiveness, the largest positive coefficients were observed for child-rearing
support, government digital services, disaster prevention, and children’s well-being. For
Service Accessibility, the largest coefficients were observed for public transport, government
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digital services, and digital tools in daily life. Public transport was the clearest difference
across methods for Government Responsiveness, with a small negative ordered-logit coeffi-
cient despite moderate impurity-based Random Forest importance. The main results were
broadly stable across alternative samples, demographic adjustment, municipality-grouped
validation, and an ordinal benchmark.

Table 8. Sensitivity and Robustness Performance Results.

Outcome Specification N Accuracy Balanced
Accuracy Macro F1 QWK

Government
Responsiveness Common analytical sample 66,085 0.674 0.541 0.592 0.649

Full analysis-specific sample 86,420 0.685 0.544 0.591 0.656
Demographic-adjusted specification 66,085 0.674 0.537 0.589 0.648
Municipality-grouped five-fold CV 66,085 0.678 0.542 0.591 0.652

Service
Accessibility Common analytical sample 66,085 0.652 0.554 0.596 0.686

Full analysis-specific sample 86,420 0.655 0.556 0.599 0.690
Demographic-adjusted specification 66,085 0.654 0.549 0.594 0.688
Municipality-grouped five-fold CV 66,085 0.658 0.560 0.603 0.689

5. Discussion
5.1. Structure of Local Government Perceptions

Residents’ perceptions of local government performance are associated with a broad
and overlapping set of service-related and social factors, and study findings indicate that
differences between the two outcomes are associated less with entirely distinct sets of
predictors than with differences in the relative predictive importance of shared conditions.
This distinction provides a more precise understanding of how perceptions of local govern-
ment are structured and extends existing research that emphasizes the multidimensional
nature of citizen satisfaction and institutional trust (Van de Walle & Bouckaert, 2003; Van
Ryzin, 2007; Berg & Johansson, 2020). Across both Service Accessibility and Government
Responsiveness, several of the same policy domains remained relevant, including digital
services, transport, education, and neighborhood conditions. This overlap is consistent
with research suggesting that citizens’ evaluations of government draw on multiple aspects
of their lived experience rather than isolated policy domains (Szabó, 2026; Cazzuffi &
Retamal, 2026).

Despite this shared empirical foundation, the analysis highlights meaningful differ-
ences in the predictive structure of the two outcomes. Service Accessibility was more
strongly characterized by variables reflecting the usability and convenience of service
systems, particularly digital tools in daily life, government digital services, public transport,
and learning opportunities, a pattern which is consistent with service-quality research
emphasizing the importance of functional performance and user experience in evaluations
of public services (Almashekhi et al., 2026). By contrast, the Government Responsiveness
model placed greater relative importance on child-rearing support, children’s well-being,
government digital services, and disaster prevention. This broader combination of service-
related, family-community-oriented, and protective policy domains is consistent with the
possibility that judgments of responsiveness draw on wider assessments of whether local
government recognizes and addresses community needs.

These findings support an interpretive proposition rather than establishing two distinct
psychological mechanisms, in that one possible interpretation is that Service Accessibility
reflects a more experiential form of evaluation grounded in direct encounters with ser-
vice systems, whereas Government Responsiveness may draw more heavily on broader
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contextual cues about government priorities and attentiveness. Similar distinctions ap-
pear in research on institutional trust and citizen satisfaction, where evaluations combine
performance-based assessments with broader perceptions of fairness and inclusion (Van de
Walle & Migchelbrink, 2020; Yasmin & Uddin, 2026). While the present analysis does not
directly test how residents translate these experiences into judgments of government, it
identifies differentiated predictive structures across two related outcomes. This has impli-
cations for analyses such as the LWCI, where composite indices may obscure differences
across evaluative outcomes. By examining Service Accessibility and Government Respon-
siveness separately, the study shows that shared policy-related conditions can contribute
differently to distinct dimensions of local government evaluation.

5.2. The Role of Public Services in the Perception of Local Government

The findings indicate that public services are associated with perceptions of local
government both as policy outputs and as recurring points of contact through which
residents may evaluate government competence and attentiveness. In the case of Service
Accessibility, evaluations were associated with more immediate and observable features
of service systems, particularly public transport, government digital services, and digital
tools in daily life. The prominence of public transport and digital services is consistent with
the relevance of highly visible and frequently used services. Prior research similarly links
repeated service encounters with satisfaction, particularly when services reduce friction and
align with user expectations (Ismael et al., 2023; Heuberger & Schwab, 2021). These patterns
suggest that everyday service experiences may contribute to how residents evaluate local
government, although the present analysis does not establish that service improvements
directly produce more positive evaluations.

Furthermore, the role of public services may extend beyond their functional perfor-
mance, and the results are consistent with the interpretation that service experiences can
also serve as cues for broader evaluations of local government. In evaluations of respon-
siveness, services may be considered not only in terms of their technical quality but also
as possible indicators of government priorities and attentiveness to public needs. This
is particularly evident in the importance of child-rearing support, children’s well-being,
disaster prevention, and government digital services. These domains are consistent with
broader judgments about whether local government is attentive to family needs, com-
munity welfare, and collective security and this dual role suggests that service quality
may relate differently to the two outcomes. Specifically, accessibility is closely associated
with the usability and availability of services, whereas the relationship between service
performance and responsiveness may depend on whether services are perceived as aligned
with community needs, consistent with research distinguishing services experienced as
responsive to citizens’ circumstances from generic administrative outputs (Christensen &
Lægreid, 2005).

The results also indicate that individual service domains were not equally informa-
tive across the two outcomes. Public transport was consistently important for Service
Accessibility, whereas its contribution to Government Responsiveness was less stable
across importance measures and the ordered-logit benchmark. Government digital services
showed greater consistency across both outcomes. This suggests that some services may
be more closely tied to a particular dimension of evaluation, while others may contribute
more broadly to residents’ assessments of local government. In the Japanese governance
context, repeated interactions with public services may inform both direct assessments of
accessibility and wider judgments of responsiveness, although the present cross-sectional
analysis cannot establish the effects of particular service encounters or policy changes
(Goldfinch et al., 2022; Oyama, 2024; Noda, 2018).
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5.3. Machine Learning Insights

The application of ML in this study provides additional insight into citizens’ evalua-
tions of local government by showing how the relative importance of common predictors
differs across perception outcomes. Correlation analysis identifies the strength and di-
rection of pairwise relationships between individual variables and each outcome, but it
does not show how those variables contribute when considered together. The Random
Forest models address this limitation by evaluating the relative contribution of predic-
tors within a multivariable analysis. This makes the approach useful for comparing the
predictive structure of Government Responsiveness and Service Accessibility and for iden-
tifying whether the same policy-related factors differ in importance across the two models
(James et al., 2020).

A key finding is that the two outcomes differ less in the presence of predictors than
in the relative importance assigned to those predictors across the models, and the broad
patterns identified by the Random Forest models were also generally consistent with
the ordered-logit benchmark, despite exact rankings and coefficient directions not being
identical across methods. These results suggest that the two outcomes are associated with
a broadly shared set of policy-related factors, but that those factors contribute differently to
each dimension of local government evaluation. Similar patterns have been reported in
recent ML studies of well-being, where feature importance analysis has revealed differences
in predictive structure that are not readily apparent from conventional regression-based
approaches alone (Qin et al., 2025).

The comparison between impurity-based and permutation importance also qualifies
the interpretation of the feature rankings. Although the two measures identified overlap-
ping groups of influential predictors, they did not always assign those predictors the same
relative position, particularly in the Government Responsiveness model. Since several
predictors were moderately or strongly correlated, these differences may reflect shared or
redundant predictive information. More broadly, explainable machine-learning research
shows that feature-importance patterns can help reveal differences in predictive structure
across models, while still requiring caution in the interpretation of individual rankings
(Noh et al., 2025). Exact rankings should therefore be interpreted cautiously, with greater
emphasis placed on predictors that remained prominent across methods.

The value of the Random Forest models in this study is interpretive rather than simply
predictive. Although the two models achieved similar levels of classification accuracy, their
main contribution lies in showing how the relative importance of policy-related variables
differs between Government Responsiveness and Service Accessibility. The results suggest
that these two dimensions are shaped less by entirely different sets of predictors than
by different patterns of importance among many of the same factors. This is consistent
with recent work arguing that machine learning can contribute to public policy research
not only through prediction, but also by producing interpretable evidence from complex
data (Narayanan et al., 2025). In this study, combining correlation analysis, Random
Forest classification, and ordered logistic regression provides a fuller account of citizen
evaluations than any one method alone. The partial convergence across the analyses
strengthens confidence in several recurring predictors, while differences in rankings and
coefficient direction, especially for Government Responsiveness, caution against treating
any exact ordering as definitive.

5.4. Policy Implications

The findings of this study have several implications for how local governments use
multivariate frameworks such as the LWCI to assess policy. Specifically, these frameworks
provide a broad basis for identifying associations between local conditions and well-being
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outcomes, while machine learning adds a way to compare the relative predictive importance
of individual factors. Applied together, these approaches can help identify policy domains
that merit closer examination and support more differentiated assessment across distinct
dimensions of local government evaluation.

Across both outcomes, service-related factors were among the most important predic-
tors, underscoring the relevance of visible and frequently used public services. Government
digital services ranked highly in both models, while public transport was especially impor-
tant for Service Accessibility. While these findings do not show that investment in these
areas will directly improve satisfaction or perceptions of government performance, they are
able to identify those areas that warrant closer policy attention. The results further suggest
that the two outcomes should not be treated as interchangeable in that Service Accessibility
was shaped more strongly by factors related to usability, convenience, and access, whereas
Government Responsiveness reflected a broader mix of service-related, family-oriented,
and protective policy domains, including child-rearing support, children’s well-being, and
disaster prevention. Distinguishing between these patterns may help local governments
assess which factors are associated with specific service experiences and which are linked
to broader perceptions of responsiveness.

While the findings have clear policy relevance, several limitations should be kept in
mind. Since the study is cross-sectional, the results identify associations rather than causal
relationships, and both the outcomes and predictors are based on self-reported perceptions,
some of which capture conceptually related constructs. The primary Random Forest models
treat the five response categories as nominal classes, whereas the supplementary ordered-
logit models preserve their ordinal structure, and although the broad substantive patterns
were similar across the two approaches, the exact rankings and coefficient directions were
not always the same. As such, the models are best viewed as complementary rather
than as producing directly equivalent estimates. Furthermore, municipality-grouped cross-
validation produced performance estimates close to those from the primary individual-level
validation, which reduces concern that the results were driven mainly by respondents from
the same municipality appearing in both the training and test data. Even so, the analysis
remains respondent-level and does not estimate municipality-specific effects or account for
municipality-level policy differences.

Models adjusted for age and gender also produced only minor changes in performance
and importance structure, although the available demographic controls were limited, and
the study includes no objective measures of service quality. The primary analyses used
a common complete-case sample that excluded respondents who were missing only the
neighborhood-happiness item, which may have introduced some demographic selectivity.
However, comparisons between retained and excluded respondents, together with analysis-
specific Random Forest models using all 86,420 eligible respondents, indicated that this
restriction did not materially change the main predictive results. Finally, the findings
are specific to the Japanese LWCI context and should be generalized cautiously. Future
research could use longitudinal and objective service data, incorporate municipality-level
variation where data-use conditions allow, apply additional explainable machine-learning
approaches, and compare results across national contexts.

6. Conclusions
This study demonstrates that residents’ perceptions of local government performance

are associated with a complex and multidimensional set of factors spanning service de-
livery, infrastructure, and broader social conditions. However, the findings indicate that
differences between the two perception outcomes are less related to entirely distinct sets of
variables than to differences in the relative predictive importance of shared factors. While
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service-related variables such as Government digital services were prominent across both
outcomes, other predictors differed in their relative contribution. Service Accessibility was
more strongly associated with evaluations of service usability and convenience, whereas
Government Responsiveness was associated with a broader combination of service-related
and community-level variables. These results highlight the limitations of treating local gov-
ernment performance as a single composite construct, as doing so may obscure important
differences between these two dimensions of local government evaluation.

By integrating ML classification models with conventional analytical approaches,
this study provides additional insight into the relative predictive importance of policy-
related variables across the two perception outcomes. Rather than identifying entirely new
predictors, the ML analysis showed that shared policy-related factors suggested different
patterns of relative importance across the two outcomes. Additional analyses supported
this broad distinction, although exact predictor rankings varied across methods. From a
policy perspective, the differing predictor profiles may justify closer assessment of distinct
policy domains associated with Service Accessibility and Government Responsiveness.
They also highlight the value of data-driven approaches for identifying areas that warrant
further investigation and for informing policy priorities based on the factors most strongly
associated with residents’ evaluations.

Supplementary Materials: The following supporting information can be downloaded at: https://
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