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Abstract 

Technical criteria are one of the determining factors in calculating the technical index amount of the allocation budget for 

road infrastructure. The technical criteria include pavement deterioration, bridge condition, road performance, local budget 

allocation for road capital expenditure, allocation of local budget government for routine maintenance of roads, e-

monitoring reporting, and SHP map reporting. Evaluation is required to determine the influence of each of these criteria 

and highlight the importance of comprehensive and continuous data testing to provide an overview of road infrastructure 

data and budget allocations. This study aims to analyze the influence of each technical criterion based on infrastructure 

data and the allocation of funding for local road maintenance in Indonesia. Two regression methods, Multiple Linear 

Regression with Dummy (MLRD) and Binary Logistic Regression (BLR), were used to identify and evaluate each variable 

and the potential of the resulting criteria. The results show that pavement deterioration (PD) and road performance (RP) 

are the criteria that significantly influence the assessment of infrastructure data and are the best models. This finding 

highlights the need for comprehensive data testing to provide an accurate overview of local road infrastructure from the 

data submitted by local governments to the central government. 

Keywords: Infrastructure; Road; Special Allocation Fund; Local Road; Regression Method. 

 

1. Introduction 

Adequate and quality road infrastructure is essential for improving the economy and regional connectivity [1]. 

However, this needs to be supported by the availability of budget allocations and complete technical data according to 

conditions and needs. Therefore, the correlation between available budget allocations and road maintenance practices is 

fundamental to ensuring sustainable infrastructure maintenance [2]. However, in several countries, there are instances 

where the criteria and budget allocations are inefficient and inappropriate in planning and implementation [3]. In addition 

to budget limitations [4, 5], fiscal disparities [6, 7], and political interests can also hinder development in the regions, 

particularly in locations where surrounding communities are at threat of conflict [8]. Therefore, program monitoring and 

evaluation are critical to ensure influence and targeted use of resources to minimize risks associated with budget 

limitations, fiscal gaps, and political interests. Several studies have explored the assessment of road maintenance based 

on technical criteria and budget allocation.  

Setyawan et al. (2024) identified a strong relationship between maintenance budget allocation and road stability, 

with a regression value of R² = 0.94. This finding underscores that increased maintenance funding significantly enhances 

road stability [2]. Additionally, the study highlights the importance of adopting sustainable road construction practices 
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and ensuring adequate budget allocation for maintenance to achieve and sustain road stability effectively. Jayakody et 

al. (2024) have developed an integrated budget allocation of roads. The findings benefit asset managers in deciding the 

maintenance budget allocation optimization for a cross-asset system consisting of road and water pipe assets [9]. Another 

study by Kaba & Assaf (2019) developed a maintenance priority for roads in sub-Sahara considering technical criteria 

such as pavement performance, international roughness index (IRI), traffic survey, annual average daily traffic (AADT), 

assessment of the functional condition, and pavement structure, economic, social, and cultural indicators use of principal 

components analysis (PCA) for weighting to help select priority road construction and preservation projects [10]. In 

addition, Obeti et al. (2024) showed that the relationship between the road maintenance cost criterion and the length of 

road to be maintained criterion has a significant impact and is the dominant determinant for sustainable road maintenance 

[11]. Identifying and selecting the factors that affect fund allocation based on the criteria and characteristics of the road 

is a prerequisite for establishing a scientific and reasonable road maintenance allocation model [12].  

In other words, budget allocation decisions should be considered based on numerous criteria, and researchers have 

proposed various approaches. A regression technique approach can be comprehensively applied. Multiple Linear 

Regression with Dummy (MLRD) and Binary Logistic Regression (BLR) techniques are simple and easy-to-use 

computational tools to investigate the relationship between multiple independent and dependent variables in complex 

linear and non-linear relationships among various parameters [13, 14]. Likewise, this approach allowed us to assess the 

influence and determine the best model for the overall criteria tested. Several studies are limited to road quality and 

performance improvement models for budget allocation, weighting models, and prioritization of road infrastructure 

maintenance. However, it is essential to highlight how these criteria can be evaluated comprehensively by the established 

criteria. In other words, to improve the quality of infrastructure data and budget allocation, it is necessary to reinforce 

criteria with a data-driven approach to accurately and on-target identify infrastructure needs [15]. 

This study aims to analyze the influence of each technical criterion based on infrastructure data and the allocation of 

funding for local road maintenance in Indonesia. The findings highlight the necessity for comprehensive data testing to 

provide an accurate overview of local road infrastructure from the data submitted by local governments to the central 

government. Another finding is that the budget allocation data in this study can help identify whether the technical 

criteria allocated from the central government to local governments influence the allocation of funds for local road 

maintenance in Indonesia. 

Section 1 reviews the literature to establish the research context and highlight its contributions. Section 2 clearly 

defines key terms related to infrastructure data criteria and budget allocations in Indonesia. Section 3 details the 

methodology employed in the study. Finally, Sections 4 and 5 present a series of statistical tests conducted to ensure 

accurate interpretation and reliability of the analysis. 

2. Infrastructure Data Assessment of the Special Allocation Fund 

The special allocation fund, known in Indonesia as DAK, is one type of transfer from the state budget allocated to 

fund regional infrastructure development to support national and regional priorities in Indonesia [16]. In addition, the 

purpose of the special fund allocation for the road infrastructure sector is to finance certain areas that are national 

priorities but are the responsibility of local governments [17]. 

In reality, the determination of DAK has been regulated in Government Regulation Number 55/2005 on balance 

funds. The allocation of DAK assistance is based on three criteria: general criteria, specific criteria, and technical data 

criteria [16]. The special allocation fund (DAK) allocation is determined by general criteria (e.g., financial capacity of 

a sub-national government), specific criteria (e.g., specific characteristics of a region), and technical criteria (e.g., 

guidelines established by the responsible line ministry), as shown in Figure 1. 

 

Figure 1. Criteria of the special allocation fund ‘DAK’  
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One of the criteria used in our study is the technical criteria. These criteria are established by the relevant technical 

ministries, specifically the Regional Infrastructure Facilitation Center, the Regional Infrastructure Facilitation Planning 

Section, and the General Secretariat of the Ministry of Public Works and Housing. In addition, the technical criteria for 

the road sector are based on established guidelines from the relevant technical ministries. These guidelines are essential 

for determining local technical data. The specific criteria are shown in Figure 2 and detailed in Table 1 [18]. 

 

Figure 2. Classification of technical criteria 

Table 1. Assessment of DAK technical criteria for roads 

Technical Criteria for Roads Definition 

Pavement deterioration Total length of roads with light and major damage level. 

Bridge condition Data of bridge dimension, type, and condition based on bridge management system (BMS) guidelines [19]. 

Road performance Increase in percentage of stable condition from the previous year. That is the last year (N-1) to the next year (N+1). 

Allocation of the local budget for road 

capital expenditure 

Contribution of local government budget funding (excluding DAK) to the road sector, compared to the total local 

government budget for road development. 

Allocation of the local budget government 

for routine maintenance of roads 
The local budget government focuses on maintaining road conditions and routine maintenance of roads and bridges. 

E-monitoring reporting 
Commitment of local governments in the implementation of DAK as measured by reporting the e-monitoring, which 

consists of physical and financial budget progress. 

SHP Map Reporting 
Compliance with the assessment of verified SHP maps that have been uploaded into the local road management 

information system. 

Technical criteria are classified into three categories, as shown in Figure 2. The three main categories provide an 

understanding of the criteria used to assess infrastructure condition (PD, BC, and RP), regional concern for allocation 

(LBCE and LBRM), and regional concern for compliance and reporting to central government (ER and SMR). In 

addition, seven technical criteria are one of the determining factors in calculating the technical index amount of the 

allocation budget for local road infrastructure in Indonesia. 

3. Research Methodology 

The methodology consists of several stages. The first stage is the collection of primary data obtained directly from 

the first author when verifying the technical data of the DAK for roads in 2021 through the regional road management 

information system known as SiPDJD [20]. The second stage is the selection of study sites, and the third stage is data 

compilation. The seven criteria are used and classified based on ratio/numeric, ordinal, or interval scales. This 

classification helps in understanding how each criterion can be analyzed and interpreted. 

The fourth stage is a series of analysis techniques performed using Multiple Linear Regression with Dummy 

(MLRD) and Binary Logistic Regression (BLR) to investigate the pattern and potential of correlation and influence 

between the dependent and independent variables of each technical criteria variable and determine the best model. In 

addition, it is necessary to ensure the robustness of the analysis results and the accuracy of interpretation in the field [7], 

as shown in Figure 3. 
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Figure 3. Variables and test methods of the research 

3.1. Collecting data and Area of Study 

As previously explained, the results of data collection on road infrastructure criteria in the proposed road 

maintenance budget allocation. This study is limited to three representative data locations in Indonesia: Riau Island, 

East Kalimantan, North Maluku, and Bali Island. In each study area, there are different provinces, 

districts/municipalities. The selection of the study areas was derived from an assessment of local pro-activity in DAK 

activities in the road sector [21]. The number of regions designated as study areas in each province is pr esent in 

Figure 4. 

 

Figure 4. Area and number of Study 

The data collected consisted of seven criteria obtained from each study area, and seven criteria are presented in Table 

1. Several technical criteria were gathered from road and bridge condition surveys and map surveys, encompassing 

essential data attributes related to road networks and GIS-based regional conditions. In addition to the technical data 

obtained from these survey activities, the other essential data from several regional agencies proposing DAK, such as 

data in the form of evaluation reports and monitoring of DAK activities as regional compliance in reporting SHP maps. 

In addition, APBD data for road capital expenditures and APBD allocations for routine road maintenance are aspects 

and forms of regional concern in maintaining road assets in their regions. 
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3.2. Determination of Variables and Attributes 

The variables in this study are defined as a set of logical conditions utilized to this point in the criteria for calculating 

the local budget allocation index in Indonesia and the adoption from Minister of Public Works regulation No. 5 on 

operational guidelines for the implementation of DAK infrastructure for roads in 2021 [18]. The variables and attributes 

identified are present in Table 2, which were derived based on the form and scale of the collected data 

Table 2. Variables coding criteria 

Technical Criteria For Roads (Variable) Acronym/symbol Definition a Coding 

Pavement Deterioration PD Km (length) 

Bridge Condition BC 
1 : Yes 

0 : No 

Road Performance RP 
1 : Up 

0 : Down 

Allocation of the local budget for road capital expenditure LBCE 
1 : Yes 

0 : No 

Allocation of the local budget government for routine maintenance of roads LBRM 
1 : Yes 

0 : No 

E-Monitoring Reporting ER 

0  :  0 × Reporting 

4  :  1 × Reporting 

6  :  2 × Reporting 

8  :  3 × Reporting 

10 :  4 × Reporting 

SHP Map Reporting SMR 
1 : Yes 

0 : No 

3.3. Statistical Test MLRD Method 

Multiple linear regression with Dummy (MLRD) variables generally shows the availability or lack of quality or 

attributes. Dummy variables are nominal/ordinal scale independent variables grouped by code with a value of 1 or 0 

[22]. The dependent variable uses an interval/ratio or ratio/numeric scale, as in Table 1. The equation for the multiple 

linear regression model is present in Equation 1. 

Y = β0 ± βiXi … … … … ± βnXn  (1) 

where, 𝑦 is the dependent variable, 𝑋𝑖  is with 𝑋𝑛  represents the independent variable, 𝛽1 ; coefficient of regression 

variable 𝑥1, 𝛽0 is (intercept point) regression line and y-axis, 𝛽1is coefficient of regression variable 𝑥1, 𝛽𝑛 is coefficient 

of regression variable 𝑋𝑛.  

The problem: To investigate the influence of pavement damage (PD) and e-monitoring reporting (ER) on other 

variables, PD and ER are treated as dependent variables (y). Meanwhile, BC, RP, LBCE, LBRM, and SMR variables 

were used as independent variables (x). Based on this, we propose our first hypothesis as follows H1: variables bridge 

condition (BC), road performance (RP), allocation of the local budget for road capital expenditure (LBCE), allocation 

of the local budget government for routine maintenance of roads (LBRM), e-monitoring reporting (ER) and SHP Map 

reporting (SMR) were in classified as independent variables or (x) has a significant influence on pavement deterioration 

(PD).  

H2: variables pavement deterioration (PD), bridge condition (BC), road performance (RP), allocation of the local 

budget for road capital expenditure (LBCE), allocation of the local budget government for routine maintenance of roads 

(LBRM), and SHP Map reporting (SMR) were in classified as independent variables or (x) has a significant influence 

on e-monitoring reporting (ER). Furthermore, the hypothesis and goodness of fit data should be considered when 

determining the regression test. Analysis regression is used based on backward eliminations [23]. In the multiple linear 

regression with dummy, the coefficient of determination (R2) followed the f-test and t-test [24]. It aims to analyze data, 

describe variables and their relationships, and influence and present the results empirically. 

3.4. Statistical Test BLR Method 

Logistic regression is utilized to model a binary variable (0,1) based on one or more other variables. Binary Logistic 

Regression is an extension of linear regression. This is used when the dependent variable is categorical and the 
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independent variable is continuous, discrete, or mixed. If the dependent variable is a yes/no variable expressed as 1 and 

0, then this model is called binary logistic regression. [22]. In addition, binary logistic regression (BLR) models are 

flexible and intuitive for significant interpretation [25]. In particular, the BLR technique investigates the influence of 

multiple independent variables (x) on a dependent variable (y) with binary characteristics. The binary logistic regression 

equation used is in Equation 2. 

𝜋(𝑥𝑖) =
𝑒𝑥𝑖

′𝛽

1+𝑒
𝑥𝑖

′𝛽
=

𝑒𝛽0+𝛽1𝑥1+ ...+𝛽𝑝𝑥𝑝

1+𝑒𝛽0+𝛽1𝑥1+ ...+𝛽𝑝𝑥𝑝
  (2) 

where: 𝜋(𝑥𝑖) is probability of dependent variable, e is exponential, 𝛽0 is Constanta, 𝛽1 is coefficient of regression 

independent variable 𝑥1. 

In this study, the binary properties of the variables bridge condition (BC), road performance (RP), allocation of the 

local budget government for routine maintenance of roads (LBRM), allocation of the local budget for road capital 

expenditure (LBCE), and SHP map reporting (SMR) were classified as dependent variables or (y) respectively, these 

variables work as subsequent hypotheses (hypotheses H3 to H7) to analyze the logistic regression model described in 

Table 3. 

Table 3. The variables and hypotheses used for BLR 

Variable Description/Acronym/symbol Variable Description/Acronym/symbol 

Y1
(3) dependent BC Y1

(4) dependent RP 

X1 PD X1 PD 

X2 RP X2 BC 

X3 LBCE X3 LBCE 

X4 LBRM X4 LBRM 

X5 ER X5 ER 

X6 SMR X6 SMR 

X1.. X6
 (3) Independent  X1.. X6

 (4) Independent  

Y1
(5) dependent LBCE Y1

(6) dependent LBRM 

X1 PD X1 PD 

X2 BC X2 BC 

X3 RP X3 RP 

X4 LBRM X4 LBCE 

X5 ER X5 ER 

X6 SMR X6 SMR 

X1.. X6
 (5) Independent  X1.. X6

 (6) Independent  

Y1
(7) dependent SMR   

X1 PD   

X2 BC   

X3 RP   

X4 LBCE   

X5 LBRM   

X6 ER   

X1.. X6
 (7) Independent    

In binary logistic regression (BLR) using backward elimination, the hypotheses and model fit parameters tested 

include Nagelkerke R-Square, the omnibus test, and the Wald test. This makes it possible to describe the variables and 

their correlations, analyze their influence, and present the results of the study empirically. 

4. Results and Discussion 

Conceptually, the relationship between variables, in statistics, the value of the correlation coefficient varies between 

+1 and -1. The relationship between the two variables is weaker as the correlation coefficient value is close to 0 [24, 

26]. The calculation results are in Table 4 using the Pearson coefficient correlation matrix. Based on the calculation 

results, although the coefficient value = 0.377, close to 0, which confirms the absence of a strong relationship, the 

calculation results show a significant positive correlation between the variables of pavement damage (PD) and road 

performance (RP). It means that when the value of the PD variable increases, the RP variable tends to increase. 
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Table 4. Summary of the correlation test 

 PD BC RP LBCE LBRM ER SMR 

PD 

(Pavement Deterioration) 

Pearson Correlation 1 0.091 0.377* 0.075 -0.224 0.254 -0.041 

Sig. (2-tailed)  0.581 0.018 0.649 0.171 0.118 0.806 

N 39 39 39 39 39 39 39 

BC 

(Bridge Condition) 

Pearson Correlation 0.091 1 0.065 -0.380* 0.088 0.191 0.212 

Sig. (2-tailed) 0.581  0.695 0.017 0.596 0.244 0.195 

N 39 39 39 39 39 39 39 

RP 

(Road Performance) 

Pearson Correlation 0.377* 0.065 1 0.296 -0.182 0.192 -0.104 

Sig. (2-tailed) 0.018 0.695  0.067 0.267 0.240 0.529 

N 39 39 39 39 39 39 39 

LBCE 

(Allocation of the Local Budget for Road 

Capital Expenditure) 

Pearson Correlation 0.075 -0.380* 0.296 1 -0.095 0.205 -0.380* 

Sig. (2-tailed) 0.649 0.017 0.067  0.564 0.210 0.017 

N 39 39 39 39 39 39 39 

LBRM 

(Allocation of the Local Budget Government 

for Routine Maintenance of Roads) 

Pearson Correlation -0.224 0.088 -0.182 -0.095 1 -0.102 0.250 

Sig. (2-tailed) 0.171 0.596 0.267 0.564  0.536 0.124 

N 39 39 39 39 39 39 39 

ER 

(E-Monitoring Reporting) 

Pearson Correlation 0.254 0.191 0.192 0.205 -0.102 1 -0.101 

Sig. (2-tailed) 0.118 0.244 0.240 0.210 0.536  0.540 

N 39 39 39 39 39 39 39 

SMR 

(SHP Map Reporting) 

Pearson Correlation -0.041 0.212 -0.104 -0.380* 0.250 -0.101 1 

Sig. (2-tailed) 0.806 0.195 0.529 0.017 0.124 0.540  

N 39 39 39 39 39 39 39 

* Correlation is significant at the 0.05 level (2-tailed). 

Furthermore, the bridge condition (BC) variable is significantly related to the variable of allocation of the local 

budget for road capital expenditure (LBCE). In addition, other variables producing a positive correlation relationship 

are the BC and LBCE variables from the resulting correlation coefficient value of 0.380. One limitation of this study is 

that the coefficient correlations test value remains relatively low. These findings are similar to those of Altaie & Dishar 

(2024), who reported average correlation coefficients ranging from 0.2 to 0.3 [27]. While the correlation coefficient in 

this study is similar to previous findings, it indicates a significant relationship. The results of this study can be further 

explored by exploring more complex relationships between independent and dependent variables [28]. Further analysis 

utilized a regression approach, which made it possible to identify the influence of each variable. This method provides 

a comprehensive analysis of how each factor contributes to the results observed in this study. 

4.1. Analysis and Result: The MLRD 

Model estimation results for the pavement damage (PD) variable and the e-monitoring reporting (ER) model are 

shown in Equations 3 and 4, respectively. In addition, the R² reliability factors for each equation are 0.142 for PD and 

0.127 for ER. 

PD = 4.427 + 0.873 RP  (3) 

ER = 4.303 + 1.697BC + 4.000 LBCE  (4) 

where, PD is a variable indicating pavement deterioration, RP is a variable indicating road performance, ER is a variable 

indicating e-monitoring reporting, BC is a variable indicating bridge condition, and LBCE is a variable indicating 

allocation of the local budget for road capital expenditure. 

Based on the first model (Equation 3) and Table 5, it can be seen that the RP variable has a simultaneous influence 

on the PD variable. In addition, every time there is an increase of 1 unit in the RP variable, the PD value will increase 

by 0,873. In other words, when there is an increase in the RP variable, the value of the PD variable will also increase. 

The second model (Equation 4) shows that the BC and LBCE variables influence the ER variable. Every one-unit 

increase in the BC variable will increase the ER value by 1,697, assuming that the LBCE variable remains constant. In 

addition, every one-unit increase in the LBCE variable will change the ER variable by 4,000 units. 
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Table 5. The variables and hypotheses used for MLRD 

Variable Description/Acronym/symbol Variable Description/Acronym/symbol 

Y1
(1) dependent PD Y1

(2) dependent ER 

X1 BC X1 PD 

X2 RP X2 BC 

X3 LBCE X3 RP 

X4 LBRM X4 LBCE 

X5 ER X5 LBRM 

X6 SMR X6 SMR 

X1.. X6
 (1) Independent  X1.. X6

 (2) Independent  

The hypothesis and goodness of fit model should be considered when determining the regression test. Analysis 

regression is used based on backward eliminations [23]. The coefficient of determination (R2) is a higher R2 value in the 

multiple linear regression with a dummy (MLRD). It is generally considered better as it indicates a stronger relationship 

between x and y can be used for prediction or another purpose. However, a negligible R2 does not mean x is impractical 

in explaining y. Instead, a negligible R2 might indicate that y is also influenced by other significant factors [25]. Likewise, 

the R2 results on the PD and ER variables generate a coefficient of determination of 0.142 and 0.127, respectively. It 

means that the independent variables in this study can explain the dependent variable PD (14.2%), and other independent 

variables excluded from observation explain the remaining 85.8%. In addition, the dependent variable for ER (12.7%), 

along with other independent variables excluding observations, explains the remaining 87.3%. The results of the analysis 

and hypothesis testing of the pavement deterioration (PD) and e-monitoring reporting (ER) models in this study are 

referred to in Table 6, using backward elimination [23, 29]. 

Table 6. Summary of the statistical result for DP and ER 

Dependent Independent 
F-test T-Test 

𝐑𝟐 
F-stat Sig. F-stat Sig. 

PD 
Constant 

6.144 0.018* 
14.330 0.000 

0.142 
RP 2.479 0.018* 

ER 

Constant 

2.613 0.087** 

2.050 0.048 

0.127 BC 1.868 0.070** 

LBCE 1.929 0.062** 

Description: * indicates significance at a confidence level below 0.05%, ** indicates significance 

at a confidence level of more than 0.05%. 

Second, the F-test and T-tests were followed [24]. It is carried out to test the data, describe the influence, and deliver 

empirical study results. The simultaneous F-test results, as stated in Table 6, show that both F-stat values have a value 

of (6.144) for the PD model and the ER model F-stat has a value of (2.613) with a p-value of 0.018 for PD and 0.087 

for ER respectively. Thus, it hypothesized a significant influence of the two dependent variables. Furthermore, it is to 

evaluate the independent variables on the dependent variable partially. Third, the significance test (T-Test) of the PD 

model variables is carried out to identify these variables. According to this test, only the RP variable (0.018 <0.05) has 

a significant influence. There are no significant variables for the ER model, as presented in Table 6.  

Based on statistical tests, it shows that the two models simultaneously have a significant influence on the dependent 

variable. It can be seen that the RP variable significantly affects the PD variable model compared to other model 

variables. Another study states that pavement damage can have a significant influence on pavement performance, where 

damage that occurs on the pavement can simultaneously weaken the pavement structure and reduce its ability to 

withstand traffic loads [2 ,11, 30]. In such a way that, when viewed from the perspective of road performance, it also 

influences the type of damage that occurs on the road. Demonstrates that the PD models (Equation 3) can be used to 

predict or evaluate the dependent variable by considering the influence of RP. 

4.2. Analysis and Result of BLR  

The results were analyzed using the BLR method and tested with many combinations to find the most significant 

influence variables. All five variables were modelled as dependent variables, as shown in Table 4. The results are 

presented in Equations 5 to 9 and details of Table 7 using the best model through backward elimination 
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RP =
e−3.457+0.950 PD

1 + e−3.457+0.950 PD 
 (5) 

BC =
e−8.599−42.406 LBCE +4.967 ER 

1+e−8.599−42.406 LBCE +4.967 ER 
  (6) 

LBCE =
e−35.337−37.750 BC +9.217 ER 

1+e−35.337−37.750 BC +9.217 ER   
  (7) 

LBRM =
e−0.833+20.370 SMR 

1+e−0.833+20.370 SMR  
  (8) 

SMR =
e−1.526+19.677 LBRM +22.729 LBCE 

1+e−1.526+19.677 LBRM +22.729 LBCE    
  (9) 

where, RP is a variable of road performance, PD is a variable of pavement deterioration, BC is a variable of bridge 

Condition, LBCE is the allocation of the local budget for road capital expenditure, LBRM is the allocation of the local 

budget government for routine maintenance of roads, SMR is a SHP map reporting, and ER is the e-monitoring reporting. 

Table 7. Summary of the statistical result for BC, RP, LBRM, LBCE, and SMR 

Variables Omnibus-Test  Wald-Test Nagelkerke’ R 

Dependent Independent Chi  𝛘𝟐 df Sig. Chi  𝛘𝟐 Sig. 𝐑𝟐 

BC 

Constant 

8.924 2 0.012* 

0.000 1.000 

0.355 LBCE 0.000 0.999** 

ER 0.000 0.999** 

RP 
Constant 

5.446 0.020* 0.020* 
2.448 0.118 

0.197 
PD 4.375 0.036* 

LBRM 
Constant 

3.918 0.048* 0.048* 
4.835 0.028 

0.141 
SMR 0.000 0.999** 

LBCE 

Constant 

9.301 0.010* 0.010* 

0.000 0.998 

1.000 BC 0.000 0.997** 

ER 0.000 0.997** 

SMR 

Constant 

7.211 0.027* 0.027* 

0.000 1.000 

0.293 LBRM 0.000 0.999** 

LBCE 0.000 1.000** 

Description: * indicates significant at a confidence level below 0.05%, ** indicates significant at a confidence level of 

more than 0.05%. 

At this stage, there are three types of hypotheses. First, the omnibus test is similar to the F-test in regression with a 

significance level of 5% or 0.05 [22, 25]. The results showed that all tested models (BC, RP, LBCE, LBRM, and SMR) 

are significant. Indicates that the independent variables significantly influence the dependent variable, with a 

significance level of p-value < 0.05. Therefore, these models are considered valid for further analysis, as presented in 

Table 7. Hypothesis acceptance depends on the independent variable’s significant influence on the dependent variable 

[14].  

Second, Wald Tests whether partial independent variables are sufficient to influence the dependent variable. Wald-

test testing is also commonly known as T-test [25]. In the test results that have been carried out, as shown in Table 7, 

the RP model partially indicates a significant value of 0.036. There are no significant results in partial checks on BC, 

LBCE, LBRM, and SMR variables.  

Third, Nagelkerke's R Square is the value of the independent variables' ability to explain the dependent variable's 

variability. In contrast, the residual is explained by other variables excluded from the research model; as shown in Table 

7, the bridge condition (BC) model gives the maximum value of R2 of 0.355. Unlike the LBCE model, R2 is 100%. This 

indicates a relatively large number that cannot be predicted [29]. 

Table 7 shows the final state of all variables tested in the final equation and decision model. The BLR analysis results 

indicate that Variable RP has the highest influence significance, and bridge condition (BC) criteria as an alternative 

second model has the highest influence significance. Based on the statistical parameter test results presented in Table 7, 

it can be seen that the selected model is derived from the road performance (RP) variable in Equation 5 and the bridge 

condition (BC) variable in Equation 6. Based on the BLR statistical results, the final conditions of all variables tested in 

the equations and decision models show that the road performance variable (RP) in Equation 5 has a significant 

influence. Furthermore, the bridge condition (BC) in Equation 6 is the second alternative model. 
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4.3. Validation of the Model 

Based on the model validation test, the two methods resulted in seven technical criteria models based on 

infrastructure data and budget allocations for road maintenance funding in Indonesia. One of the best models was 

selected from the seven obtained models, resulting in a significant statistical test value. Several statistical tests were 

conducted to validate the selected models, including normality, autocorrelation, and multicollinearity tests. Among the 

seven models analyzed, the PD model had a significant influence. The first step is to perform a normality test for the 

selected model. This test is essential to ensure the residuals are normally distributed, with a p-value > 0.05 [31]. The 

significance value (2-tailed) obtained a value of 0.924 > 0.05. This indicates that the PD model has a normal distribution 

at the 95% confidence level, as shown in Table 8. The Kolmogorov-Smirnov test results are presented in Table 8. 

Additionally, the results indicate that there is no significant difference between the distribution of unstandardized 

residuals and the normal distribution. This confirms that the normality assumption for the residuals has been satisfied. 

The significance value (2-tailed) obtained a value of 0.924 > 0.05. It is indicated that the PD model has a normal 

distribution at the 95% confidence level. 

Table 8. Result of the normality test of the PD model 

One-Sample Kolmogorov-Smirnov Test 

 Unstandardized Residual 

N 39 

Normal Parameters a,b 
Mean 0E-7 

Std. Deviation 0.91462178 

Most Extreme Differences 

Absolute 0.088 

Positive 0.065 

Negative -0.088 

Kolmogorov-Smirnov Z 0.549 

Asymp. Sig. (2-tailed) 0.924 

a. Test distribution is Normal. 

b. Calculated from data. 

Based on the residual histogram and Normal P-P plot, it can be concluded that this regression model generally 

satisfies the assumption of residual normality. The histogram shows a near-normal distribution of residuals with a mean 

value close to zero (-9.25E-16) and a standard deviation of 0.987, although there is a slight asymmetry (skewness). The 

Normal P-P plot shows that most of the dots follow the diagonal line, which indicates that the residuals follow a normal 

distribution, although there are some slight deviations at either end of the plot. The overall normality assumption is 

satisfied, indicating that the regression model should be used to explain the data. Therefore, based on Figure 5, the 

histogram of residuals, and the Normal P-P plot, this regression model largely satisfied the assumptions of residual 

normality. Thus, the regression model is robust and reliable. 

  

Figure 5. Histogram and P-Plot test of the PD model 
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The summary model in Table 9 shows that the model with the RP variable produces an adjusted R2 value of 0.05, 

which adjusts for the number of independent variables making a small contribution. In addition, the standard error value 

of the calculation in the model is 0.926 with a Durbin-Watson (D-W) value of 1.486. The D-W test is a statistical test 

used to detect autocorrelation in the residual of a model [23]. The resulting D-W value is then compared with the critical 

value (dL). Based on the resulting D-W value greater than dL, the model does not experience autocorrelation. This 

indicates that the resulting model has good accuracy because the resulting errors are not correlated with each other so 

the independent variables can explain the dependent variable influenceively. 

Table 9. Statistically selected model test results with road performance (PD) variables 

Model Summary f 

Model R R Square Adjusted R Square Std. Error of the Estimate Durbin-Watson 

5 0.377e 0.142 0.119 0.92690 1.486 

e. Predictors: (Constant), RP 

f. Dependent Variable: PD 

In addition to testing for auto-correlation, the variables in the model are also tested for collinearity. 

Multicollinearity is done to check the correlation between independent variables in the model [30]. Multicollinearity 

can be seen from the tolerance and VIF values generated in a model as seen in Table 10. The results showed that 

the tolerance and VIF values generated are 1.000, which indicates that there is no collinearity problem with the 

model. This states that the model is reliable because there is no intercorrelation between the independent variables 

in the models. 

Table 10. (PD) Multicollinearity test result for road performance variable 

Coefficients a 

Model 
Unstandardized Coefficients Standardized Coefficients 

t Sig. 
Collinearity Statistics 

B Std. Error Beta Tolerance VIF 

1 
(Constant) 4.427 0.309  14.330 0.000   

RP 0.873 0.352 0.377 2.479 0.018 1.000 1.000 

The F-test result on the selected model variables, as shown in Tables 9 and 11, indicated that the model significantly 

influences the dependent variable, the PD variable. In addition, this model shows a p-value of 0.018, which means that 

the influence of RP on PD is statistically significant. This indicates that RP consistently contributes to the variation in 

PD. Although the significance value generated in this model tends to be minor, the RP variable shows that the variable 

influences the prediction of the value of the PD variable. Based on some of these things related to the statistical data 

tests carried out, the RP variable can be used as one of the references in decision-making. 

Table 11. F-Test result of road performance variable 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

RP 
PD 0.950 0.454 4.375 1 0.036 2.585 

Constant -3.457 2.209 2.448 1 0.118 0.032 

Predictors: (Constant), RP. 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 

Regression 5.279 1 5.279 6.144 .018f 

Residual 31.788 37 .859   

Total 37.067 38    

Predictors: (Constant), RP. 
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5. Conclusion 

Based on the analysis of seven technical criteria related to budget allocation, the criteria that have a role and 

influence the assessment based on infrastructure data for local budget allocation are the variable of pavement 

deterioration (PD) and road performance (RP). The PD-RP relationship is significant, both technically and when the 

data is statistically tested. When road quality deteriorates, road performance also deteriorates, and vice versa. So, if 

there is a decrease in road quality, it will significantly affect maintenance costs, affecting the overall performance of 

the road. 

In addition to these two best model options, other criteria, namely bridge condition criteria (BC) and e-monitoring 

reporting criteria (ER), can be used as alternative models. In its implementation, bridge condition and road condition 

are two things that are closely related to performance variables and cannot be separated as part of the infrastructure 

conditions. Furthermore, the e-monitoring criteria (ER) with the bridge condition criteria (BC) can be interpreted as the 

better or more compliant the DAK e-monitoring reporting, the better the bridge condition database, and vice versa. If 

the database related to infrastructure condition data is good, then the implementation of funds for maintenance activities 

will also be adequately realized. Based on the result of the model test, it can be seen that it is essential to conduct 

comprehensive and continuous data testing on the seven technical criteria used in assessing budget allocations for 

regional roads, especially in Indonesia. If the data used is tested comprehensively, it can provide more accurate condition 

assessment results to make implementing budget allocation activities more influential. 

Overall, the findings of this research study translate into actionable recommendations for local governments in 

Indonesia. Specifically, the first change that the budget allocation process should make based on the results of this 

study is to improve the quality of infrastructure data. Local governments should focus on improving the quality of 

infrastructure data to ensure accurate and consistent data collection every year. Local governments should focus on 

improving the quality of infrastructure data to ensure accurate and consistent data collection each year. Good data 

will provide a solid basis for planning and making the right decisions. The second is to set priorities based on needs.  

Local governments should set priorities based on the needs identified in the road infrastructure condition evaluation. 

By prioritizing budget allocations for maintenance based on needs, localities can direct resources to areas that need 

the most attention, thereby maximizing the impact of each expenditure. Third, conduct regular monitoring and 

evaluation. The central government conducts monitoring and evaluation. Local governments conduct e -monitoring 

to ensure that the physical treatment plan in the field is by the initial handling targets. This process will help identify 

whether the criteria set and the budget allocated are achieving the expected results. Further research can recommend 

other criteria models based on issues and phenomena that occur on regional roads, one of which is connectivity. 

Given that there are still isolated areas in Indonesia that have not been connected with an adequate road network, it 

is recommended that the central government consider additional criteria to support infrastructure criteria and budget 

allocations in the future. 
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