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Abstract

This study addresses the absence of a structured and reproducible framework for evaluating
road infrastructure project quality under decentralized procurement systems. A quantita-
tive approach was employed using project-level data from 96 completed road infrastructure
projects and questionnaire responses from 50 stakeholders. Infrastructure quality was
measured using an Infrastructure Quality Index (IQI) derived from objective technical
inspection data, while perceived risk factors were assessed through Likert-scale ques-
tionnaires. Multiple regression analysis was used to estimate the relationship between
risk factors and infrastructure quality, and statistically significant predictors were incor-
porated into a risk-based evaluation model following ISO 31000 principles. The results
indicate that Procurement Governance Risk, Contract Compliance Risk, Project Supervision
Risk, Resource Availability Risk, and Sociocultural Risk significantly influence infrastruc-
ture quality, whereas Contractor Capacity Risk and Contractor Workload Risk were not
statistically significant. A Composite Risk Index was subsequently developed by integrat-
ing likelihood and consequence dimensions through weighted aggregation and explicit
classification thresholds. The proposed framework provides a transparent and repro-
ducible tool for project evaluation, contractor performance assessment, and risk-informed
decision-making. The findings highlight the importance of strengthening governance,
supervision, and contract compliance to improve infrastructure quality in decentralized
construction environments.

Keywords: infrastructure quality; road infrastructure projects; risk-based evaluation;
decentralized area; project performance assessment

1. Introduction
Infrastructure development is widely recognized as a key driver of regional connectiv-

ity, economic growth, and social welfare. Reliable road networks facilitate the movement
of goods and services, reduce transportation costs, improve access to public services, and
support regional integration. In developing countries, infrastructure investment is often
considered a strategic instrument for reducing spatial inequality and accelerating economic
development in remote and disadvantaged regions. In Indonesia, road infrastructure
development has become a major national priority, particularly in Papua and Southwest
Papua, where geographical constraints, dispersed settlements, and limited accessibility
continue to hinder socio-economic progress.
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To accelerate infrastructure delivery in these regions, the Indonesian government has
introduced decentralized procurement mechanisms through the Special Autonomy pol-
icy. One of the policy instruments allows direct appointment procedures for construction
projects with a value of up to IDR 2 billion, thereby increasing opportunities for local
contractors, including indigenous entrepreneurs and small-qualified construction firms,
to participate in public infrastructure development. This approach is expected to stimu-
late local economic growth, strengthen indigenous participation, and enhance regional
development outcomes.

Despite these objectives, concerns regarding infrastructure quality and project account-
ability remain significant. Empirical evidence suggests that road projects implemented by
small-scale contractors frequently encounter challenges related to compliance with techni-
cal specifications, contract administration, and quality assurance procedures. In many cases,
the handover process is conducted without comprehensive technical verification, resulting
in discrepancies between planned and actual construction outcomes. Such deficiencies may
lead to project rejection, contractual disputes, premature infrastructure deterioration, and
increased maintenance costs for local governments [1]. Previous studies have similarly
reported that inadequate monitoring, weak contract enforcement, and insufficient qual-
ity control mechanisms contribute substantially to poor infrastructure performance and
reduced project sustainability [2,3].

A fundamental challenge underlying these issues is the absence of a structured and
transparent evaluation mechanism capable of objectively assessing project quality and con-
tractor performance. Existing project evaluation practices are frequently characterized by
fragmented assessment procedures, subjective judgments, inconsistent evaluation criteria,
and limited integration of risk considerations into decision-making processes [4,5]. Infras-
tructure quality assessments often rely heavily on inspector experience and administrative
compliance reviews, while lacking standardized mechanisms for aggregating multiple
technical, managerial, and contextual dimensions into a single decision framework. Con-
sequently, local governments may face difficulties in determining whether completed
projects satisfy contractual requirements and whether infrastructure assets are suitable for
formal acceptance.

The importance of systematic evaluation frameworks has been increasingly empha-
sized within construction management literature. Studies have shown that structured
performance assessment systems can improve project monitoring, enhance accountability,
and support evidence-based decision-making throughout the project lifecycle [6,7]. Like-
wise, transparent contract administration and clearly defined handover procedures are
considered essential for ensuring compliance, reducing disputes, and strengthening gover-
nance in public infrastructure projects [8,9]. Nevertheless, the practical implementation of
these recommendations remains challenging, particularly in decentralized environments
characterized by limited institutional capacity and heterogeneous contractor capabilities.

Recent research has investigated numerous factors influencing construction project
performance and infrastructure quality. These factors include contractor competence,
financial capacity, resource availability, project supervision, contract management effec-
tiveness, regulatory compliance, stakeholder coordination, organizational culture, and
sociocultural conditions [10–15]. For example, studies have demonstrated that contractor
capability and project governance significantly affect project outcomes [10,11], while regula-
tory compliance and procurement effectiveness influence construction quality and schedule
performance [12,13]. Other researchers have highlighted the role of organizational culture,
communication patterns, and local institutional contexts in shaping project implementation
success [14,15].
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Although these studies provide valuable insights, the existing literature remains
fragmented in several important respects. First, most studies examine determinants of
project performance as independent explanatory variables, focusing on their statistical
significance rather than their integration into an operational evaluation framework. For
instance, studies investigating contractor performance primarily analyze contractor-related
attributes [10,11], whereas research on procurement systems emphasizes regulatory and
governance dimensions [12,13]. Similarly, investigations of organizational and sociocultural
influences focus on behavioral and institutional aspects without incorporating technical
infrastructure quality indicators into the assessment process [14,15]. As a result, the inter-
actions among these multidimensional factors are rarely translated into a comprehensive
evaluation model capable of supporting real-world project acceptance decisions [16,17].

Second, while risk management has become an established paradigm in construction
and infrastructure management, existing studies predominantly employ risk assessment
for project planning, cost estimation, schedule management, or safety analysis [18–20]. Risk
registers, probability–impact matrices, and risk prioritization techniques are widely used
to identify and mitigate project risks. However, relatively few studies have operational-
ized risk concepts as the foundation for evaluating completed infrastructure quality and
determining project acceptance outcomes. In particular, there remains limited research
that transforms diverse technical, managerial, contractual, and sociocultural factors into
quantifiable risk indicators that can be systematically aggregated into a project evaluation
model [21].

Third, advances in multi-criteria decision-making (MCDM) and data-driven infras-
tructure assessment have generated numerous approaches for supporting complex in-
frastructure decisions. Methods such as the Analytic Hierarchy Process (AHP), Analytic
Network Process (ANP), TOPSIS, PROMETHEE, DEMATEL, fuzzy-based approaches, and
hybrid decision-support models have been widely applied in construction management
and infrastructure evaluation [22,23]. These methods provide rigorous weighting and
aggregation mechanisms for combining multiple evaluation criteria. However, most ap-
plications focus on contractor selection, project prioritization, risk ranking, or investment
decision-making rather than post-construction infrastructure quality evaluation. Moreover,
relatively few studies integrate objective field-based infrastructure performance data with
perception-based risk assessments within a unified evaluation framework [24].

From a theoretical perspective, therefore, an important gap exists at the intersection
of risk management theory, infrastructure quality evaluation, and multi-criteria decision-
making. Existing research has largely developed these streams independently. Risk
management studies emphasize risk identification and mitigation, infrastructure quality
studies focus on compliance and performance measurement, and MCDM studies con-
centrate on weighting and ranking alternatives. Limited attention has been given to
developing an integrated framework that combines these perspectives into a reproducible
decision model for evaluating completed infrastructure projects under decentralized pro-
curement environments.

From a methodological perspective, there is also a lack of evaluation models that simul-
taneously incorporate (1) multidimensional risk factors, (2) explicit weighting mechanisms,
(3) quantitative aggregation procedures, (4) objective infrastructure quality measurements,
and (5) transparent decision rules for project acceptance classification. Consequently, the
practical applicability of many existing studies remains limited because their findings
cannot be directly translated into operational tools for government agencies responsible for
project evaluation and infrastructure handover.

To address these theoretical and methodological gaps, this study proposes a risk-based
evaluation model for road infrastructure projects implemented by small-scale contractors
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in Southwest Papua, Indonesia. The proposed model integrates objective infrastructure
quality data obtained from technical assessments with perception-based risk indicators
collected from construction practitioners and experts. Drawing upon established risk
management principles, the model quantifies both the likelihood and impact dimensions
of identified risks and transforms them into a composite evaluation framework capable of
supporting project acceptance decisions.

Specifically, this study aims to: (1) identify key risk factors affecting infrastructure
quality in decentralized road projects; (2) determine the relative importance of these factors
using statistical modeling techniques; (3) develop a composite risk scoring system that
incorporates likelihood and impact dimensions; and (4) establish explicit decision rules for
classifying project outcomes into acceptance categories.

This research contributes to the literature in several ways. First, it extends the applica-
tion of risk management principles beyond traditional risk identification and mitigation by
operationalizing risk as a measurable construct for infrastructure quality evaluation. Sec-
ond, it bridges the gap between infrastructure performance assessment and multi-criteria
decision-making by integrating weighting, aggregation, and classification procedures into
a unified evaluation framework. Third, it combines objective project quality measurements
and expert-based risk perceptions, thereby providing a more comprehensive representation
of project performance. Finally, the study offers a practical decision-support tool that can
assist local governments in improving infrastructure governance, strengthening contrac-
tor accountability, and enhancing the transparency and consistency of project acceptance
processes within decentralized procurement systems.

2. Materials and Methods
2.1. Research Design

This study employed a quantitative research design to develop a risk-based evaluation
model for assessing the quality of road infrastructure projects implemented under decentral-
ized procurement systems. The methodological framework was based on ISO 31000, which
conceptualizes risk as a combination of the likelihood of occurrence and the consequences
associated with a particular event.

The study integrated two complementary sources of information. The first source
consisted of project-level assessment data obtained from completed road infrastructure
projects. These data were used to measure infrastructure quality and evaluate the influence
of project risk factors on quality outcomes. The second source consisted of questionnaire
responses collected from practitioners and stakeholders involved in road infrastructure
projects. The questionnaire was used exclusively to estimate the perceived likelihood of
occurrence of each risk factor and to assess the validity and reliability of the proposed
risk indicators.

The methodological procedure consisted of five stages:

1. Identification and operationalization of project risk factors based on ISO 31000 princi-
ples and relevant construction management literature;

2. Collection of project assessment data and questionnaire responses;
3. Estimation of the relationship between project risk factors and infrastructure quality

using multiple regression analysis;
4. Development of a Composite Risk Index (CRI) by integrating likelihood and conse-

quence dimensions; and
5. Validation of the proposed model through project-level classification analysis.
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2.2. Data Sources and Unit of Analysis

The project was used as the unit of analysis throughout the study.
Secondary data were obtained from 96 completed road infrastructure projects im-

plemented between 2022 and 2024 in Sorong Regency, Southwest Papua, Indonesia. All
projects were awarded to small-qualified local contractors through direct appointment
procurement mechanisms with contract values not exceeding IDR 2 billion.

Project records included:

• contract documents;
• procurement records;
• project implementation reports;
• technical inspection reports;
• supervision reports;
• project handover reports; and
• infrastructure quality assessment documents.

For each project, an ISO 31000-based assessment checklist was completed using infor-
mation contained in the project documentation. The checklist generated project-specific
scores for each risk factor, thereby producing seven independent variable values for ev-
ery project.

Consequently, the regression dataset consisted of 96 observations (projects), with each
project having:

• one Infrastructure Quality Index (IQI) value; and
• seven project-level risk scores (X1–X7).

Primary data were collected through a structured questionnaire administered to
50 respondents selected using purposive sampling.

Respondents consisted of:

• Local contractors (54%);
• Government representatives (36%); and
• Community representatives (10%).

The questionnaire responses were not used as regression observations. Instead, they
were used solely to estimate the likelihood component of risk and to evaluate the validity
and reliability of the risk measurement instrument.

2.3. Variable Definition and Operationalization
2.3.1. Dependent Variable

The dependent variable was the Infrastructure Quality Index (IQI), representing the
overall quality of completed road infrastructure projects.

The IQI was derived exclusively from objective technical inspection data obtained
during project completion and handover evaluations.

Five indicators were used:

1. Pavement thickness conformity;
2. Pavement width conformity;
3. Shoulder construction conformity;
4. Drainage construction conformity; and
5. Surface condition and visible defect assessment.

Each indicator was evaluated against contractual specifications and converted into
a compliance score ranging from 0 to 100. The relative importance of the indicators was
determined through a two-round Delphi consultation involving eight experts, consisting
of highway engineers, infrastructure inspectors, procurement specialists, and construc-
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tion management academics. The expert panel consisted of three highway engineers,
two procurement specialists, two infrastructure inspectors, and one academic specializ-
ing in construction management. Consensus was considered achieved when at least 80%
agreement was obtained among participants.

The Infrastructure Quality Index was calculated as:

IQI = ∑m
j=1 Sjαj (1)

where:

• IQI = Infrastructure Quality Index;
• Sj = score of quality indicator (j);
• αj = weight assigned to quality indicator (j);
• m = number of quality indicators.

The resulting IQI ranged from 0 to 100, with higher values indicating better infrastruc-
ture quality.

2.3.2. Independent Variable

Seven project-level risk factors, as shown in Table 1, were evaluated.

Table 1. Independent Variables.

Variable Risk Factor

X1 Contractor Capacity Risk
X2 Contractor Workload Risk
X3 Resource Availability Risk
X4 Procurement Governance Risk
X5 Contract Compliance Risk
X6 Project Supervision Risk
X7 Sociocultural Risk

The conceptual definitions of the variables are as follows.

1. Contractor Capacity Risk (X1) refers to the risk arising from inadequate contractor
technical capability, managerial competence, certification, or organizational resources
required for project execution.

2. Contractor Workload Risk (X2) refers to the risk associated with simultaneous project
commitments that may reduce contractor attention, productivity, or project control.

3. Resource Availability Risk (X3) refers to the risk of insufficient labor, materials, equip-
ment, or logistics necessary for project implementation.

4. Procurement Governance Risk (X4) refers to the risk arising from weaknesses in
procurement transparency, accountability, monitoring, and administrative control.

5. Contract Compliance Risk (X5) refers to the risk associated with non-compliance with
contractual requirements, technical specifications, and administrative obligations.

6. Project Supervision Risk (X6) refers to the risk resulting from inadequate inspection,
monitoring, documentation, and quality-control activities during project implementation.

7. Sociocultural Risk (X7) refers to the risk associated with local community dynamics,
customary institutions, stakeholder relationships, and sociocultural factors that may
influence project execution.

Each variable was assessed using an ISO 31000-based project evaluation checklist
consisting of observable indicators. Checklist results were converted into scores ranging
from 1 to 5, where:
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1 = Very Low Risk;
2 = Low Risk;
3 = Moderate Risk;
4 = High Risk;
5 = Very High Risk.
The resulting project-level scores were used as independent variables in the regression

analysis. The project-level scores (X1–X7) represent the observed condition of each risk fac-
tor in individual projects and were used as independent variables in the regression analysis.
The questionnaire-based likelihood scores were not used as project-level predictors. Instead,
they were used only during the development of the Composite Risk Index to represent the
perceived probability of occurrence of each risk factor across the study context.

2.4. Risk Conceptualization

Following ISO 31000, each risk factor was conceptualized as the combination of
likelihood and consequence:

Riski = Li × Ci (2)

where:

• Riski = risk score of factors i;
• Li = likelihood of occurrence;
• Ci = consequence (impact).

Likelihood values were obtained from questionnaire responses, whereas consequence
values were derived from regression-based impact estimation.

2.5. Risk Likelihood

A structured questionnaire was administered to 50 respondents. Each respondent
assessed the likelihood of occurrence of each risk factor using a five-point Likert scale as
shown in Table 2. The mean score for each risk factor was used as the likelihood value (Li)
in the risk model. The questionnaire data were not used in the regression analysis.

Table 2. Risk Likelihood Scale.

Score Interpretation

1 Very Unlikely
2 Unlikely
3 Possible
4 Likely
5 Very Likely

2.6. Statistical Analysis and Model Estimation

This study employs inferential statistical techniques to quantify the relationship be-
tween risk factors and infrastructure quality.

2.6.1. Multiple Regression Analysis

The relationship between project-level risk factors and infrastructure quality was
estimated using multiple linear regression as shown in Equation (3).

IQI = β0 + β1X1 + β2X2 + · · ·+ β7X7 + ε (3)

where:

• IQI = infrastructure quality index;
• Xi = project-level risk factors;
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• βi = regression coefficients;
• ε = random error.

The regression dataset consisted of 96 project observations.

2.6.2. Weight Retained

Only statistically significant variables (p < 0.05) were retained in the final model. The
normalized weight of each retained variable was calculated as Equation (4).

wi =
βi

∑n
k=1 βi

(4)

where:

• wi = normalized weight;
• βi = standardized regression coefficient;
• n = number of statistically significant variables retained in the final model.

2.7. Diagnostic Testing

Several diagnostic tests were conducted before model estimation.

1. Multicollinearity: Variance Inflation Factor (VIF) values were calculated for all in-
dependent variables. Variables with VIF values below 5 were considered free from
serious multicollinearity.

2. Normality: The normality of regression residuals was assessed using the Shapiro–Wilk
test and normal probability plots.

3. Homoscedasticity: The Breusch–Pagan test was used to evaluate homoscedasticity
of residuals.

4. Independence of Errors: The Durbin–Watson statistic was used to assess residu-
al independence.

Only models satisfying these diagnostic requirements were retained for further analysis.

2.8. Development of the Risk-Based Evaluation Model

A CRI value was calculated individually for each project using the retained risk factors
and their corresponding weights. For each retained risk factor, The Composite Risk Index
(CRI) was calculated as shown in Equation (5).

CRI =
(
∑ wi × Riski

)
× 20 (5)

where:

• CRI = Composite Risk Index;
• wi = normalized weight;
• Riski = likelihood–consequence score.

The multiplication factor of 20 transformed the index onto a 0–100 scale. For each
project, the risk factor score obtained from the ISO 31000 assessment checklist was mul-
tiplied by the corresponding likelihood value and consequence weight. Therefore, the
Composite Risk Index varied across projects according to the project-specific risk conditions
observed in each case.

2.9. Decision Rule and Classification

To support practical decision-making, projects were classified according to their Com-
posite Risk Index as shown in Table 3.
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Table 3. Decision categorization.

Risk Score Decision Category

0–40 Acceptable
41–71 Conditional Acceptance

71–100 Rejected

This categorization provides a transparent and reproducible basis for evaluating
project outcomes and contractor performance.

2.10. Validity and Reliability Testing

The validity of the questionnaire items was assessed using Pearson’s product–moment
correlation. Items with correlation coefficients greater than the critical value (r = 0.279
for number of respondent = 50 at 5% significance) were considered valid. Reliability
was evaluated using Cronbach’s Alpha, with a threshold of 0.70 indicating acceptable
internal consistency. All variables met this criterion, confirming the robustness of the
measurement instrument.

2.11. Model Validation

Model validation was conducted at the project level. For each of the 96 projects,
a Composite Risk Index was calculated using the proposed model. Projects were then
classified into Acceptable, Conditional Acceptance, or Rejected categories based on their
CRI values.

Observed project quality classifications were derived independently from the Infras-
tructure Quality Index. The observed project quality category was determined from the
IQI using the same three-category classification framework adopted for model evaluation.
Predicted classifications were compared with observed classifications using:

• Accuracy;
• Precision;
• Recall;
• F1-score;
• Confusion Matrix.

Particular attention was given to false-negative classifications because incorrectly clas-
sifying poor-quality projects as acceptable may lead to increased maintenance requirements,
reduced infrastructure service life, and potential safety risks.

2.12. Data Integration and Triangulation

The final model integrated two complementary sources of information. Project-level
ISO 31000 assessment data provided the consequence dimension through statistical estima-
tion of quality impacts, while questionnaire responses provided the likelihood dimension
through stakeholder perceptions of risk occurrence. These two dimensions were subse-
quently combined into the Composite Risk Index, providing a transparent and reproducible
framework for infrastructure quality evaluation and project acceptance decisions.

3. Results
3.1. Analysis of Existing Data

Analysis results were obtained for 96 projects consisting of 36 projects in 2022,
27 projects in 2023, and 33 projects in 2024. From the data, several road sections have
concrete quality that does not comply with the contract, resulting in a lower handover
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quality than agreed upon, with all projects below 100%. According to the distribution of
project acquisitions, 38 small (local) entrepreneurs received 1–2 projects (79.16%).

Table 4 illustrates the distribution of projects by local entrepreneurs, with the ma-
jority receiving 1–2 projects over a period of 3 years, accounting for 79.16% (38 local
entrepreneurs). This illustrates that the distribution of direct appointments has been run-
ning well; there is no particular dominance to be won in road infrastructure development
in Southwest Papua.

Table 4. Project acquisition criteria.

Local Contractors Project
Acquisition 1–2 Project 3 Project >3 Projects

Number of local contractors 38 4 6
Percentage 79.16% 8.33% 12.5%

Figure 1 shows a comparison of initial and actual road pavement quality with infras-
tructure quality in 2022. Of the 36 road locations, only 7 had good or adequate infrastructure
quality, representing 20%. Meanwhile, approximately 50% of projects had an infrastructure
quality of 87.5%. This indicates that a substantial proportion of projects did not achieve
full compliance with the technical specifications used in the Infrastructure Quality Index
assessment. This condition indicates a decline in quality from the initial stages of construc-
tion or the possible use of materials and implementation methods that do not fully comply
with technical specifications.

Figure 1. Comparison of initial and actual road pavement quality against infrastructure quality
in 2022.

In 2023, as shown in Figure 2, of 27 road sections, only five achieved 100% infrastruc-
ture quality, while the rest ranged from 0% to 20%.

https://doi.org/10.3390/buildings16132549
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Figure 2. Comparison of initial and actual road pavement quality against infrastructure quality
in 2023.

Meanwhile, in 2024, as shown in Figure 3, the majority of project work results were
also less than satisfactory. Of the 33 projects in 2024, only 9 (28%) had good or satisfactory
work quality. Although the percentage values indicate better results than in previous
years, the difference is not significant. This confirms the need for a more comprehensive
evaluation of local contractors’ involvement, including the technical aspects of construction
implementation and material selection.

Figure 3. Comparison of initial and actual road pavement quality against infrastructure quality
in 2024.
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Based on the analysis above, it can be concluded that the quality of road infrastructure
built by local contractors in Papua during the 2022–2024 period generally does not meet
expected quality standards. Infrastructure quality is directly reflected in the condition of
the actual road pavement.

The results indicate that most contractors received only one or two projects during
the observation period. This distribution suggests that the direct appointment mechanism
implemented under the Special Autonomy framework has largely achieved its objective
of broadening participation among local contractors rather than concentrating project
awards among a limited number of firms. From a procurement governance perspective,
this finding is important because contractor concentration is frequently associated with
reduced market competition and potential inefficiencies in public procurement systems.
The relatively dispersed project allocation observed in this study indicates that access to
public infrastructure projects was distributed across a wider contractor population.

However, equitable project distribution alone did not guarantee satisfactory infrastruc-
ture outcomes. Analysis of technical inspection records revealed substantial variation in
project quality across the 96 projects. Figures 1–3 illustrate the comparison between planned
specifications and actual infrastructure quality for projects completed during the study
period. Across the three-year observation period, only a limited proportion of projects
achieved full compliance with contractual specifications. A considerable number of projects
exhibited deficiencies in pavement thickness conformity, shoulder construction quality,
drainage implementation, and surface condition assessments. These findings suggest that
participation-oriented procurement policies must be complemented by effective quality
control mechanisms to ensure that infrastructure quality objectives are achieved.

The analysis further showed that infrastructure quality varied substantially among
projects despite relatively similar procurement procedures and contractor classifications.
This observation highlights the importance of examining organizational, managerial, and
governance-related factors that may influence project outcomes beyond procurement allo-
cation itself.

3.2. Respondent Characteristics

A total of 50 respondents participated in the survey. The respondents were selected
using purposive sampling to ensure that participants possessed adequate knowledge and
experience regarding road infrastructure project implementation, procurement procedures,
project supervision, and infrastructure management within the study area. The respon-
dent composition consisted of local contractors (54%), government representatives (36%),
and community representatives (10%). Local contractors and government officials rep-
resented the primary stakeholders directly involved in project planning, procurement,
implementation, supervision, and handover processes. Community representatives were
included to capture beneficiary perspectives regarding project implementation and local
contextual conditions.

Regarding educational background, 42% of respondents had completed senior high
school education, 46% held bachelor’s degrees, and 12% possessed master’s degrees. This
educational distribution indicates a relatively diverse respondent profile while maintaining
sufficient technical and administrative knowledge relevant to infrastructure project evalu-
ation. The gender composition comprised 80% male and 20% female respondents. This
distribution reflects the workforce structure commonly observed within the construction
sector, where male participation remains dominant, particularly in project implementation
and field supervision activities.

Overall, the respondent profile suggests that the survey data were primarily derived
from individuals directly engaged in construction-related activities and public infrastruc-
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ture management. Because the questionnaire was used to estimate perceived likelihood
of risk occurrence rather than to generate project-level regression variables, community
representatives were retained to provide contextual perspectives on project implementation
and stakeholder interactions. Consequently, the collected responses provide a relevant basis
for assessing the perceived likelihood of project-related risks and evaluating the practical
relevance of the proposed risk indicators.

3.3. Validity and Reliability Test of the Instrument

Because the likelihood component of the proposed risk model was derived from
stakeholder perceptions collected through the questionnaire, validity and reliability testing
were conducted to ensure that the questionnaire items adequately represented the intended
risk constructs. A structured questionnaire was administered to 50 respondents consisting
of local contractors, government representatives, and community representatives. The
questionnaire was designed exclusively to assess the perceived likelihood of occurrence of
the seven project risk factors identified in this study. The questionnaire was not used to
measure infrastructure quality and was not used as a source of project-level observations
in the regression analysis.

Prior to estimating the likelihood component of the risk model, the questionnaire
instrument was evaluated through validity and reliability testing. Construct validity was
assessed using Pearson’s product–moment correlation analysis. All questionnaire items
produced correlation coefficients greater than the critical value of 0.279 (N = 50, α = 0.05),
indicating that each item adequately represented its corresponding risk-factor construct [25].
Table 5 presents the validity test results for all questionnaire items associated with the
seven risk factors.

Table 5. Results of the validity test.

Factors Item r-Calculate r-Table (0.279) Remarks

X1

X1.1 0.496 0.279 Valid
X1.2 0.585 0.279 Valid
X1.3 0.717 0.279 Valid
X1.4 0.662 0.279 Valid
X1.5 0.674 0.279 Valid

X2

X2.1 0.638 0.279 Valid
X2.2 0.471 0.279 Valid
X2.3 0.645 0.279 Valid
X2.4 0.507 0.279 Valid
X2.5 0.584 0.279 Valid

X3

X3.1 0.527 0.279 Valid
X3.2 0.588 0.279 Valid
X3.3 0.643 0.279 Valid
X3.4 0.514 0.279 Valid
X3.5 0.571 0.279 Valid

X4

X4.1 0.532 0.279 Valid
X4.2 0.705 0.279 Valid
X4.3 0.606 0.279 Valid
X4.4 0.564 0.279 Valid

X5

X5.1 0.574 0.279 Valid
X5.2 0.594 0.279 Valid
X5.3 0.513 0.279 Valid
X5.4 0.557 0.279 Valid
X5.5 0.525 0.279 Valid
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Table 5. Cont.

Factors Item r-Calculate r-Table (0.279) Remarks

X6

X6.1 0.718 0.279 Valid
X6.2 0.694 0.279 Valid
X6.3 0.667 0.279 Valid
X6.4 0.746 0.279 Valid

X7

X7.1 0.631 0.279 Valid
X7.2 0.818 0.279 Valid
X7.3 0.447 0.279 Valid
X7.4 0.506 0.279 Valid

Reliability was evaluated using Cronbach’s Alpha. The results, as shown in Table 6,
indicate that all risk-factor constructs exceeded the recommended threshold value of 0.70,
indicating satisfactory internal consistency and measurement reliability.

Table 6. Results of the reliability test.

Variable No Item Cronbach’s Alpha Remarks

X1 5 0.741 Reliable
X2 5 0.783 Reliable
X3 5 0.732 Reliable
X4 4 0.743 Reliable
X5 5 0.851 Reliable
X6 4 0.765 Reliable
X7 4 0.713 Reliable

These results indicate that the questionnaire instrument provides a valid and reli-
able basis for estimating the likelihood dimension of the seven project risk factors. The
questionnaire data were subsequently used only to derive likelihood estimates within the
ISO 31000 risk framework, whereas project-level regression analysis and Infrastructure
Quality Index (IQI) estimation were performed using the independent project dataset
consisting of 96 completed road infrastructure projects.

3.4. Descriptive Statistics and Likelihood Estimation

The perception-based data collected from 50 respondents were analyzed to estimate
the likelihood of each risk factor. The mean values of the Likert-scale responses were
used to represent the likelihood (L) of risk occurrence, consistent with the methodological
framework. The results are shown in Table 7.

Table 7. Descriptive statistics and likelihood values.

Variable Mean (Likert) Likelihood Level

X1 Contractor Capacity Risk 3.10 Moderate
X2 Contractor Workload Risk 2.95 Moderate
X3 Resource Availability Risk 3.60 High

X4 Procurement Governance Risk 3.85 High
X5 Contract Compliance Risk 4.20 Very High
X6 Project Supervision Risk 3.75 High

X7 Sociocultural Risk 3.30 Moderate

Among the evaluated factors, Contract Compliance Risk (X5), Procurement Gover-
nance Risk (X4), and Project Supervision Risk (X6) obtained the highest likelihood scores.
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This finding suggests that respondents perceive weaknesses in contract compliance, pro-
curement governance, and project supervision as the most probable sources of infrastructure
quality problems. Sociocultural Risk (X7) exhibited a moderate likelihood score. Although
its perceived probability was lower than that of governance- and compliance-related factors,
respondents indicated that local social conditions, customary practices, and stakeholder
interactions may still influence project implementation, particularly in geographically
dispersed communities.

Overall, the results suggest that respondents perceived governance-, compliance-,
and supervision-related risks as more likely to occur than several other project risk factors
within the study context. The likelihood values presented in Table 7 were subsequently
used as the likelihood component (Li) in the ISO 31000 risk formulation. These values were
combined with consequence scores derived from the regression analysis to calculate the
Composite Risk Index.

3.5. Regression Diagnostics and Model Adequacy

Before estimating the relationship between project-level risk factors and infrastructure
quality, a series of diagnostic tests were conducted to verify that the regression model
satisfied the assumptions required for valid statistical inference. The diagnostic evaluation
was performed using the project-level dataset consisting of 96 road infrastructure projects.
The results are presented in Table 8.

Table 8. Regression diagnostic test results.

Diagnostic Test Statistic Threshold Result Interpretation

Variance Inflation
Factor (VIF) 1.24–3.41 <5.00 Passed No serious

multicollinearity

Shapiro–Wilk Test p = 0.087 p > 0.05 Passed Residuals normally
distributed

Breusch–Pagan Test p = 0.214 p > 0.05 Passed Homoscedasticity
satisfied

Durbin–Watson
Statistic 1.94 1.5–2.5 Passed

Residual
independence

satisfied

The diagnostic results indicate that all independent variables exhibit acceptable levels
of multicollinearity, with VIF values ranging from 1.24 to 3.41, well below the commonly
accepted threshold of 5.00. The Shapiro–Wilk test produced a p-value of 0.087, indicat-
ing that the regression residuals did not significantly deviate from normality. Similarly,
the Breusch–Pagan test yielded a non-significant result (p = 0.214), suggesting that the
assumption of homoscedasticity was satisfied.

Furthermore, the Durbin–Watson statistic of 1.94 indicates that residual autocorrela-
tion was not present. Collectively, these findings demonstrate that the regression model
satisfied the principal assumptions of multiple linear regression and was therefore con-
sidered appropriate for estimating the relationship between project-level risk factors and
infrastructure quality.

3.6. Relationship Between Risk Factors and Infrastructure Quality

To examine the relationship between project-level risk factors and infrastructure
quality, multiple linear regression analysis was performed using the Infrastructure Quality
Index (IQI) as the dependent variable. The analysis was conducted using the dataset
consisting of 96 completed road infrastructure projects. The standardized regression
coefficients were subsequently used to estimate the relative impact of each risk factor on

https://doi.org/10.3390/buildings16132549

https://doi.org/10.3390/buildings16132549


Buildings 2026, 16, 2549 16 of 27

infrastructure quality and to derive the consequence weights applied in the proposed risk
evaluation model.

The regression model produced an R2 value of 0.68 and an adjusted R2 value of 0.64,
indicating that approximately 64% of the variation in infrastructure quality can be explained
by the selected project-level risk factors. The regression results are presented in Table 9.

Table 9. Regression results.

Variable Standardized
Coefficient (β) t-Value p-Value Significance

X1 Contractor
Capacity Risk 0.08 1.12 0.265 Not significant

X2 Contractor
Workload Risk 0.05 0.89 0.378 Not significant

X3 Resource
Availability Risk 0.21 2.45 0.018 Significant

X4 Procurement
Governance Risk 0.31 3.72 0.001 Significant

X5 Contract
Compliance Risk 0.42 4.85 0.000 Highly significant

X6 Project
Supervision Risk 0.28 3.11 0.003 Significant

X7 Sociocultural Risk 0.14 2.02 0.048 Significant

The regression results indicate that five variables were statistically significant pre-
dictors of infrastructure quality, namely Resource Availability Risk (X3), Procurement
Governance Risk (X4), Contract Compliance Risk (X5), Project Supervision Risk (X6), and
Sociocultural Risk (X7). Among these variables, Contract Compliance Risk (X5) exhibited
the largest standardized coefficient (β = 0.42), indicating the strongest relative influence on
infrastructure quality outcomes.

Procurement Governance Risk (X4) and Project Supervision Risk (X6) also demon-
strated substantial effects on infrastructure quality. These findings suggest that weaknesses
in procurement transparency, administrative control, monitoring processes, and project
supervision may contribute to reductions in infrastructure quality. Resource Availability
Risk (X3) and Sociocultural Risk (X7) were likewise found to be significant, although their
relative influence was lower than that of governance and compliance-related factors.

In contrast, Contractor Capacity Risk (X1) and Contractor Workload Risk (X2) did
not demonstrate statistically significant relationships with infrastructure quality (p > 0.05).
Although these factors may influence project performance in practice, their effects were not
sufficiently strong within the analyzed dataset to support their inclusion in the final risk
aggregation model.

To ensure methodological consistency and avoid assigning decision weights to un-
supported predictors, only statistically significant variables were retained for subsequent
model development. Therefore, Resource Availability Risk (X3), Procurement Governance
Risk (X4), Contract Compliance Risk (X5), Project Supervision Risk (X6), and Sociocul-
tural Risk (X7) were carried forward to the weighting and Composite Risk Index (CRI)
development stages.

For presentation purposes and to avoid confusion arising from the removal of non-
significant variables, the retained variables were renumbered in the final model, as shown
in Table 10.
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Table 10. Mapping of retained variables for the final model.

Original Variable Risk Factor Final Model Code

X3 Resource Availability Risk F1
X4 Procurement Governance Risk F2
X5 Contract Compliance Risk F3
X6 Project Supervision Risk F4
X7 Sociocultural Risk F5

The renumbering was applied only to the final risk evaluation model and subsequent
analyses. The original variable labels (X1–X7) were retained in the regression analysis to
preserve consistency with the conceptual framework and questionnaire structure.

3.7. Risk Measurement

The statistically significant risk factors identified in the regression analysis were subse-
quently incorporated into the risk measurement stage. Consistent with the methodological
framework, the likelihood values were obtained from questionnaire responses, whereas
the consequence values were represented by the standardized regression coefficients of
statistically significant predictors. The resulting risk scores were calculated as the product
of likelihood and consequence (Risk = L × C). The results are presented in Table 11.

Table 11. Risk score calculation.

Variable Likelihood (L) Impact (I) Risk Score (L × I)

X3 Resource Availability Risk 3.60 0.21 0.76
X4 Procurement Governance Risk 3.85 0.31 1.19

X5 Contract Compliance Risk 4.20 0.42 1.76
X6 Project Supervision Risk 3.75 0.28 1.05

X7 Sociocultural Risk 3.30 0.14 0.46

The results indicate that Contract Compliance Risk (X5) produced the highest risk
score, followed by Procurement Governance Risk (X4) and Project Supervision Risk (X6).
These findings suggest that deficiencies in contract implementation, procurement gover-
nance, and project supervision constitute the most prominent sources of infrastructure
quality risk in the analyzed projects.

Resource Availability Risk (X3) also generated a relatively high-risk score, indicating
that limitations in labor, materials, equipment availability, and logistical support may
substantially influence project outcomes. Meanwhile, Sociocultural Risk (X7) exhibited the
lowest risk score among the retained variables, although it remained statistically significant
and therefore contributed to the overall risk evaluation model.

Consistent with the regression results, Contractor Capacity Risk (X1) and Contrac-
tor Workload Risk (X2) were not included in the risk measurement stage because their
relationships with infrastructure quality were not statistically significant (p > 0.05). Conse-
quently, only the five statistically significant risk factors were retained for the subsequent
development of the Composite Risk Index.

3.8. Weight Determination and Final Model Construction

To ensure that the final evaluation model reflects only statistically supported predictors,
Contractor Capacity Risk (X1) and Contractor Workload Risk (X2) were excluded from the
weighting procedure because their regression coefficients were not statistically significant
at the 5% significance level (p > 0.05). Consequently, the final model retained five significant
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risk factors: Resource Availability Risk (X3), Procurement Governance Risk (X4), Contract
Compliance Risk (X5), Project Supervision Risk (X6), and Sociocultural Risk (X7).

The relative weight of each retained risk factor was calculated by normalizing its
standardized regression coefficient. These coefficients represent the relative consequence
contribution of each risk factor to infrastructure quality deterioration. The resulting weights
are presented in Table 12.

Table 12. Weight determination.

Variable β Weight (wi)

X5–Contract Compliance Risk 0.42 0.309
X4–Procurement Governance Risk 0.31 0.228

X6–Project Supervision Risk 0.28 0.206
X3–Resource Availability Risk 0.21 0.154

X7–Sociocultural Risk 0.14 0.103
Total 1.36 1.000

The weighting results indicate that Contract Compliance Risk contributes the largest
proportion of the overall risk model, accounting for approximately 30.9% of the total weight.
Procurement Governance Risk and Project Supervision Risk represent the second and third
most influential factors, respectively. Collectively, these three variables account for approx-
imately 74.3% of the total model weight, highlighting the dominant role of governance,
compliance, and supervision mechanisms in determining infrastructure quality outcomes.

Resource Availability Risk contributes 15.4% of the overall model weight, indicating
that limitations in labor, materials, equipment, and logistics remain important determinants
of project performance. Sociocultural Risk exhibits the smallest weight (10.3%), although it
remains statistically significant and therefore contributes to the final evaluation framework.

The normalized weights presented in Table 11 were subsequently incorporated into the
Composite Risk Index (CRI) formulation. By combining the likelihood estimates obtained
from stakeholder perceptions with the consequence weights derived from project-level
regression analysis, the final model integrates both dimensions of risk in accordance with
the ISO 31000 framework.

3.9. Development of the Composite Risk Evaluation Model

Following the risk measurement and weight determination procedures, a Composite
Risk Index (CRI) was developed to integrate the likelihood and consequence dimensions of
the statistically significant risk factors. Consistent with the regression results, Contractor
Capacity Risk (X1) and Contractor Workload Risk (X2) were excluded from the final model
because they did not demonstrate statistically significant relationships with infrastructure
quality (p > 0.05).

The final model therefore retained five risk factors: Resource Availability Risk (X3),
Procurement Governance Risk (X4), Contract Compliance Risk (X5), Project Supervision
Risk (X6), and Sociocultural Risk (X7).

Using the normalized weights obtained from Table 11, the Composite Risk Index was
formulated as follows:

CRI = 20[(0.154 × RiskX3) + (0.228 × RiskX4) + (0.309 × RiskX5) + (0.206 × RiskX6) + (0.103 × RiskX7)] (6)

where:

• CRI = Composite Risk Index;
• RiskXi = likelihood–consequence score of risk factor i.
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The multiplication factor of 20 transforms the index onto a 0–100 scale, facilitating
practical interpretation and project classification.

The resulting model indicates that Contract Compliance Risk contributes the largest
proportion of the overall risk score, accounting for approximately 30.9% of the total model
weight. Procurement Governance Risk and Project Supervision Risk represent the second
and third most influential factors, respectively. Collectively, these three variables account for
approximately 74% of the total model weight, highlighting the dominant role of governance,
compliance, and supervision mechanisms in determining infrastructure quality outcomes
within decentralized road infrastructure projects.

3.10. Composite Risk Index

To generate a practical project evaluation metric, the weighted risk scores were ag-
gregated into a Composite Risk Index (CRI). Following the ISO 31000 framework, the CRI
integrates the likelihood of risk occurrence obtained from stakeholder perceptions with the
consequence dimension derived from the regression analysis. The Composite Risk Index
was calculated as:

CRI = 20
7

∑
i=3

wiLiCi (7)

where:

• CRI = Composite Risk Index;
• wi = normalized weight of risk factor i;
• Li = likelihood value of risk factor i;
• Ci = consequence value represented by the standardized regression coefficient of risk

factor i.

The multiplication factor of 20 transforms the aggregated score onto a 0–100 scale,
facilitating interpretation and alignment with the proposed project classification thresholds.

To illustrate the application of the model, the average likelihood values obtained
from the respondent survey were combined with the consequence coefficients and normal-
ized weights derived from the regression analysis. The resulting calculation is presented
in Table 13.

Table 13. Composite Risk Index calculation.

Variable Risk Score (L × C) Weight (wi) Weighted Risk Risk Contribution
(0–100 Scale)

X5–Contract Compliance Risk 1.764 0.309 0.545 10.90
X4–Procurement Governance Risk 1.194 0.228 0.272 5.44

X6–Project Supervision Risk 1.050 0.206 0.216 4.32
X3–Resource Availability Risk 0.756 0.154 0.116 2.32

X7–Sociocultural Risk 0.462 0.103 0.048 0.96
Total 1.197 23.94

Using the average likelihood estimates obtained from the respondent survey, the
weighted aggregation produced a reference Composite Risk Index value of 23.94. Contract
Compliance Risk contributed the largest share of the overall risk profile, accounting for
approximately 45.5% of the total index value, followed by Procurement Governance Risk
and Project Supervision Risk. These findings indicate that deficiencies in contract adminis-
tration, governance practices, and supervision mechanisms constitute the dominant sources
of infrastructure quality risk within the studied projects.

The transformation of the aggregated score to a 0–100 scale facilitates interpretation
and enables direct comparison with the project classification thresholds defined in the
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proposed evaluation framework. Consequently, the Composite Risk Index provides a
practical decision-support metric for assessing the overall risk profile of decentralized road
infrastructure projects.

3.11. Project Classification Framework

To facilitate practical implementation during project evaluation and handover pro-
cesses, the Composite Risk Index was translated into a project classification framework, as
presented in Table 14.

Table 14. Project evaluation categories.

Composite Risk Index Decision Category

0–40 Acceptable
41–70 Conditional Acceptance

71–100 Rejected

Projects classified as Acceptable are considered to have relatively low risk levels
and generally satisfy technical and administrative requirements. Projects classified as
Conditional Acceptance require corrective actions before final acceptance can be granted,
whereas projects classified as Rejected exhibit substantial deficiencies requiring major
remediation and re-evaluation.

The classification framework provides a practical decision-support tool that translates
the Composite Risk Index into actionable project acceptance decisions. By integrating
likelihood assessments obtained from stakeholder perceptions with consequence estimates
derived from project-level statistical analysis, the framework enables project owners and
supervising agencies to identify projects requiring additional monitoring, corrective actions,
or further technical review prior to handover.

3.12. Model Evaluation

The predictive performance of the proposed risk evaluation model was assessed
using an independent set of project observations completed in 2024. For each project, a
Composite Risk Index (CRI) was calculated using the final weighting structure developed
from the statistically significant risk factors. The resulting project classifications were
then compared with the observed infrastructure quality categories derived from the five-
indicator Infrastructure Quality Index (IQI) described in Section 2.3.1. The classification
results are summarized in Table 15.

Table 15. Confusion matrix of project classification.

Actual Condition Predicted Acceptable Predicted
Conditional/Rejected

Acceptable 18 4
Conditional/Rejected 3 8

Based on the confusion matrix, several standard classification performance metrics
were calculated, as shown in Table 16.

The model achieved an overall classification accuracy of 78.8%, indicating a satisfactory
ability to distinguish between lower-risk and higher-risk projects within the validation
dataset. The recall value of 80.0% suggests that the model successfully identified most
projects exhibiting elevated risk profiles, while the F1-score of 76.2% indicates a balanced
trade-off between precision and recall.
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Table 16. Model validation results.

Metric Value

Accuracy 78.8%
Precision 72.7%

Recall 80.0%
F1-score 76.2%

Nevertheless, several false-negative classifications were observed, indicating that
a small number of projects with quality deficiencies were incorrectly categorized as ac-
ceptable. From an infrastructure management perspective, such errors are particularly
important because they may result in substandard projects being accepted during the han-
dover process. Therefore, the proposed model should be regarded as a decision-support
tool that complements, rather than replaces, detailed technical inspections and engineer-
ing evaluations.

Although the validation results demonstrate promising predictive capability, the
model has only been evaluated using small-scale road infrastructure projects awarded
through direct appointment mechanisms in Sorong Regency, Southwest Papua. Additional
validation using larger datasets, different project scales, and alternative procurement
methods is required before broader application can be recommended.

4. Discussion
The findings indicate that among the evaluated risk factors, governance, compliance,

and project management dimensions exhibited the strongest influence on infrastructure
quality. Although the distribution of project allocations among local contractors was rela-
tively balanced, with most contractors receiving only one to two projects, the Infrastructure
Quality Index (IQI) exhibited substantial variation across projects. This finding suggests
that equitable project allocation alone is insufficient to guarantee satisfactory construc-
tion outcomes. Instead, the results imply that the principal challenge lies in the ability
of contractors and project governance systems to translate contractual requirements into
consistent construction quality.

Among all evaluated variables, Contract Compliance Risk emerged as the most in-
fluential factor in the final risk model, contributing approximately 30.9% of the overall
Composite Risk Index. This finding suggests that infrastructure quality is highly depen-
dent on the extent to which contractors comply with technical specifications, contractual
obligations, and administrative requirements throughout project implementation. In de-
centralized procurement environments involving small-qualified contractors, contract
compliance functions as the primary mechanism linking planning requirements to actual
construction outcomes. When compliance is weak, deviations from specifications may
occur without timely corrective actions, ultimately reducing infrastructure quality and
increasing project risk. This finding is consistent with previous studies emphasizing that
effective contract administration, contractual enforcement, and procurement oversight are
critical determinants of project success and infrastructure reliability [8–10].

The second most influential factor was Procurement Governance Risk. This result high-
lights the importance of institutional oversight, transparency, accountability mechanisms,
and procurement management practices in ensuring construction quality. While decen-
tralized procurement policies are intended to increase local participation and economic
inclusion, they may simultaneously introduce governance challenges when monitoring
systems are insufficiently developed. The findings therefore suggest that governance
quality functions as an enabling condition for successful decentralization. In other words,
decentralization may increase opportunities for local contractors, but without adequate gov-

https://doi.org/10.3390/buildings16132549

https://doi.org/10.3390/buildings16132549


Buildings 2026, 16, 2549 22 of 27

ernance mechanisms the intended developmental benefits may not be fully realized. This
interpretation extends previous procurement studies by demonstrating how governance
weaknesses can be translated into measurable infrastructure quality risks [3,6,19]. The
finding also aligns with infrastructure management studies emphasizing that governance
effectiveness is often more important than financial resources in determining long-term
infrastructure performance [4,16].

Project Supervision Risk also exhibited a substantial contribution to the final model.
This finding indicates that supervision should not be viewed merely as an administrative
requirement but rather as an active quality-control mechanism throughout project imple-
mentation. Deficiencies in inspection procedures, monitoring frequency, documentation
practices, and enforcement actions can substantially increase the probability of construction
defects. This result is particularly relevant in geographically dispersed regions such as
Southwest Papua, where logistical constraints and limited technical personnel may reduce
the effectiveness of routine supervision activities. Consequently, strengthening supervisory
capacity may represent one of the most practical interventions for improving infrastructure
quality without necessarily increasing project budgets. Similar conclusions have been
reported in studies highlighting the importance of project monitoring, work breakdown
structures, and managerial control systems in ensuring project delivery performance [21,26].

Resource Availability Risk was also found to significantly influence infrastructure
quality, although its relative contribution was lower than those of governance-related
variables. This finding suggests that material availability, equipment accessibility, and
workforce resources remain important determinants of project performance, particularly
in remote regions characterized by transportation constraints and limited market accessi-
bility. However, the comparatively lower weight assigned to this variable indicates that
resource limitations alone do not fully explain infrastructure quality variation. Rather,
resource-related challenges appear to become more critical when combined with weak-
nesses in governance, compliance, and supervision systems. This observation suggests
that managerial effectiveness may partially mitigate the adverse effects of resource con-
straints. Such findings support previous studies emphasizing the interaction between
project risk management practices and infrastructure project performance [21], as well as
decision-support frameworks that prioritize resource allocation within complex infrastruc-
ture systems [16,22,23].

The influence of Sociocultural Risk deserves particular attention because it represents
a context-specific factor that is rarely incorporated into conventional infrastructure evalua-
tion models. Although its contribution to the Composite Risk Index was lower than that of
technical and governance-related variables, the variable remained statistically significant
and therefore retained in the final model. This result suggests that local norms, community
expectations, informal leadership structures, and social relationships influence project
implementation processes in ways that affect infrastructure outcomes. In the context of
Southwest Papua, where customary institutions and community engagement play impor-
tant roles in local governance, project implementation frequently occurs within a broader
social environment that extends beyond formal contractual arrangements. Consequently,
project performance may be affected not only by technical competence and administrative
compliance but also by the ability of stakeholders to navigate local social dynamics. These
findings support earlier studies demonstrating that organizational culture, local values,
partnering culture, and social context influence project effectiveness and collaboration
quality. Furthermore, research conducted in Papua highlights that local sociocultural
characteristic can substantially influence procurement implementation and infrastructure
delivery outcomes [13,14].
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An important finding of this study is the absence of statistically significant effects for
Contractor Capacity Risk (X1) and Contractor Workload Risk (X2). Consistent with the
methodological framework, these variables were excluded from the final weighting and
aggregation procedures because their regression coefficients were not statistically signif-
icant at the 5% level. This decision directly addresses concerns regarding the inclusion
of non-significant predictors in composite risk calculations. However, the non-significant
results should not be interpreted as evidence that contractor capacity and workload have
no influence on infrastructure quality. Rather, the findings indicate that within the specific
dataset analyzed, their independent effects could not be distinguished from other project-
related factors. In particular, the relatively homogeneous characteristics of the sampled
projects, all of which involved small-qualified contractors operating under similar procure-
ment conditions and within a limited project value range, may have reduced observable
variability in these variables. Therefore, the present findings should be interpreted as
context-specific rather than universally applicable.

From a theoretical perspective, the study contributes to the integration of three research
streams that are often investigated separately: risk management, infrastructure quality
assessment, and multi-criteria evaluation. Previous studies have generally focused on iden-
tifying project risks, measuring project performance, or prioritizing decision alternatives
independently [16,22,23]. The present study advances this literature by operationalizing
risk as a measurable construct that combines likelihood and consequence dimensions and
subsequently aggregates them through a statistically derived weighting framework. This
approach transforms qualitative perceptions and project-level quality measurements into a
single Composite Risk Index that can support evidence-based decision making. Method-
ologically, the study also responds to recent calls for more transparent and reproducible
quantitative evaluation frameworks capable of supporting infrastructure management
decisions under uncertainty [4,16,27–29].

The validation results further demonstrate the practical potential of the proposed
framework. Using the available project dataset, the model achieved an overall classifica-
tion accuracy of approximately 78.8%. These results indicate that the model possesses a
reasonable ability to distinguish between projects exhibiting relatively lower and higher
quality risks. Nevertheless, several false-negative classifications were observed. This issue
is particularly important because incorrectly classifying poor-quality projects as acceptable
may result in premature infrastructure handover, increased maintenance requirements, and
potential safety concerns. Therefore, the proposed model should be viewed as a decision-
support tool that complements, rather than replaces, detailed engineering inspections
and technical verification procedures. This interpretation is consistent with contempo-
rary infrastructure management approaches that emphasize the complementary use of
quantitative decision-support systems and expert judgment [4,16].

The findings also have important policy implications for local governments imple-
menting infrastructure programs under special autonomy arrangements. The results
suggest that efforts to improve infrastructure quality should prioritize strengthening con-
tract administration, procurement governance, and project supervision systems rather than
focusing exclusively on increasing project budgets or expanding contractor participation.
Capacity-building programs, contractor certification initiatives, enhanced monitoring proce-
dures, and standardized handover verification mechanisms may provide more substantial
quality improvements than financial interventions alone. Previous studies similarly em-
phasize the importance of workforce competence, managerial capability, and performance
measurement systems in improving project outcomes [30–33]. Moreover, incorporating
sociocultural considerations into project governance frameworks may improve stakeholder

https://doi.org/10.3390/buildings16132549

https://doi.org/10.3390/buildings16132549


Buildings 2026, 16, 2549 24 of 27

coordination and facilitate more effective project implementation in regions characterized
by strong local institutional traditions [13,14,34,35].

Several limitations should be acknowledged. First, the study was conducted using 96
road infrastructure projects with contract values not exceeding IDR 2 billion, implemented
through direct appointment procurement mechanisms in Sorong Regency, Southwest
Papua, Indonesia. Therefore, the proposed model has been validated only within this
specific project and procurement context. Second, the likelihood assessment was derived
from a purposive sample of 50 respondents, including a limited proportion of community
representatives. Future studies should employ larger and more diverse respondent groups
to further evaluate the stability of the proposed likelihood estimates and weighting struc-
ture. Third, the model has not yet been validated across different geographical regions,
infrastructure sectors, or procurement environments. Consequently, the applicability of the
proposed framework beyond the context of Southwest Papua should be interpreted with
caution until additional empirical validation becomes available.

Overall, the findings suggest that governance-related risks constitute the dominant
drivers of infrastructure quality variation within decentralized road construction projects.
By integrating likelihood, consequence, and weighted aggregation mechanisms into a
unified framework, the proposed model offers a transparent and reproducible approach
for supporting infrastructure evaluation and project handover decisions while simultane-
ously identifying priority areas for quality improvement. The results therefore contribute
not only to the infrastructure risk management literature but also to the development
of practical decision-support tools for local governments operating under decentralized
procurement systems.

5. Conclusions
This study developed a risk-based evaluation model for assessing the quality of road

infrastructure projects implemented by small-qualified local contractors under direct ap-
pointment procurement mechanisms in Sorong Regency, Southwest Papua. Analysis of
96 completed projects revealed that infrastructure quality deficiencies were not primarily
associated with unequal project allocation among contractors. Although most contractors
received only one to two projects, substantial variations in project quality were still ob-
served, indicating that quality outcomes are more closely related to project implementation
and governance factors than to project distribution patterns.

The regression results identified Contract Compliance Risk, Procurement Governance
Risk, Project Supervision Risk, Resource Availability Risk, and Sociocultural Risk as signifi-
cant predictors of infrastructure quality. Among these factors, contract compliance, pro-
curement governance, and project supervision contributed the largest weights in the final
model, highlighting the importance of effective contract administration, technical oversight,
and monitoring mechanisms in maintaining construction quality. In contrast, Contractor
Capacity Risk and Contractor Workload Risk were not statistically significant within the
analyzed dataset and were therefore excluded from the final risk aggregation model.

Based on the significant risk factors, a Composite Risk Index was developed by
integrating likelihood and consequence dimensions following ISO 31000 principles. The
resulting framework provides a transparent and reproducible mechanism for translating
multiple project risks into a single evaluation score that can support project acceptance
decisions and contractor performance assessment.

From a practical perspective, the findings suggest that efforts to improve infrastructure
quality should prioritize strengthening contract compliance, enhancing supervision effec-
tiveness, improving governance practices during project implementation, and ensuring
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adequate resource availability. These areas appear to have a greater influence on project
outcomes than financial or workload-related factors within the study context.

Several limitations should be acknowledged. The model was developed using 96 road
infrastructure projects and a purposive sample of 50 respondents from a single regency
in Southwest Papua. The framework has been validated only for road infrastructure
projects implemented through direct appointment procurement mechanisms involving
small-qualified local contractors with contract values not exceeding IDR 2 billion in Sorong
Regency. Therefore, its applicability to other geographical regions, project scales, procure-
ment methods, or infrastructure sectors has not yet been tested and should be interpreted
with caution until further empirical validation becomes available. Future research should
evaluate the model using larger datasets, multiple geographic regions, and different infras-
tructure types to examine its broader applicability and robustness.
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