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ABSTRACT 

 
This study introduces a new method for calculating operational risk levels in selecting audit units at Statistics 
Indonesia (BPS). The key novelty of this study lies in its two-level assessment framework, which 
systematically compares different risk calculation methods to determine the most effective approach for 
operational risk evaluation. Using exploratory factor analysis, the study identifies four key operational risk 
factors: operational costs, internal control, investment and guarantees, also financial performance. The 
analytic hierarchy process (AHP) is then applied to systematically assign weight scores to these factors and 
their corresponding subcriteria based on expert judgment. Integrating these approaches results in a more 
structured, comprehensive, and accurate risk assessment model. Compared to the previous method, this new 
method exhibits a narrower but more optimal risk-level range, a slightly higher average operational risk level, 
and fewer instances of underestimation or overestimation. This new method enhances the precision of risk 
assessment in selecting BPS audit units, enabling the internal audit team to allocate resources more effectively 
by prioritizing high-risk work units. Consequently, the overall efficiency and effectiveness of BPS's internal 
audit process improved. 
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 INTRODUCTION 

Effective internal audit planning plays a crucial role in ensuring the optimal use of limited 

resources. With effective internal audit planning, the internal audit function can use limited 

resources wisely and efficiently, directing internal auditors’ attention to areas that are critical and 

add value to the organization (Wang et al., 2021). According to Sudarmono and Tobing (2022), a 

risk-based audit plan is one approach in internal audit planning, which includes preparing a risk-

based annual internal audit plan (PAITBR) that integrates the internal audit with the overall risk 

management framework of the organization in which the auditor operates (Institute of Internal 

Auditors, 2009). 

One of the PAITBR process outcomes is a list of auditable units selected and organized based 

on their risk priority level. The list includes units requiring assurance and management system 

improvements (AAIPI, 2018). By determining the order of clients based on risk priority, the 

assignment is expected to generate improvement proposals that provide optimal added value and 

increase the effectiveness and efficiency of the organization’s operations. Therefore, we can 

conclude that the selection of auditable units at Statistics Indonesia (Badan Pusat Statistik, BPS) is 

an activity to determine the priority of the work units (SATKER) in 34 BPS provinces and 480 BPS 

districts and cities that will be audited every year based on their priority level of risk. Thus, effective 

audit implementation can increase confidence that clients will achieve the established goals (AAIPI, 

2018). 

Organizations with different levels of risk management maturity require tailored approaches 

in selecting auditable units. According to Pusdiklatwas BPKP (2014), entities with a maturity level 

below 3 require oversight from the Government Internal Control Apparatus (APIP) and rely on a 

risk factor approach, while those with a maturity level above 3 can utilize a risk register for a pure 

risk-based internal audit. APIP plays a crucial role in strengthening risk management by ensuring 

that organizations with lower maturity levels implement structured risk assessments in their audit 

selection process. Despite BPS achieving a maturity score of 3.731 in 2022, its inspectorate still 

employs the risk factoring approach due to incomplete risk register data across its regional work 

units. This condition highlights the ongoing need for APIP to support and enhance risk-based 

auditing processes. The situation also aligns with previous research, which underscores challenges 

in fully implementing risk-based audits at BPS (Hariadi, 2020). 

In calculating the risk level in selecting auditable units, the inspectorate of BPS still focuses 

on operational risk variables (BPS, 2022) because assessing the level of operational risk used in 

selecting auditable units can enable auditors to focus on high-risk areas and allocate resources 

effectively (Zemtsov & Sorokin, 2022). Furthermore, a comprehensive operational risk-level 

assessment can identify vulnerabilities, exposures, and threats, minimizing risks and potential 

disruptions to business operations (Ebnöther et al., 2003; Lawrence et al., 2018; van Asseldonk & 

Velthuis, 2014). 

Previous research by Hariadi (2020) revealed several weaknesses in the risk factor 

preparation method used by the BPS Inspectorate, particularly its failure to correctly apply the 

concept of risk factors (Pusdiklatwas BPKP, 2014). Currently, the BPS Inspectorate relies on a proxy 

approach, using operational risk variables without employing statistical techniques to classify them 

into proper operational risk factors. As a result, the method remains subjective (Hariadi, 2020). In 

principle, operational risk factors refer to characteristics, conditions, or sets of variables that 

increase the likelihood of operational risk (Wang et al., 2023). However, the data structure is tiered 

or multilevel (two levels), which adds complexity to risk assessment. Furthermore, the weighting of 
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risk factor scores is highly subjective, as internal risk preferences influence it. The auditor’s 

judgment, perception, and preferences determine the importance of each risk factor, resulting in an 

annual variation in the weighting system (AAIPI, 2018). The variations in variables used in 

calculating risk levels are presented in Table 1. 

Table 1. Differences of the Variable Used in the Risk-Level Calculation by Year 

Variables 
Score Weight 

2021 2022 2023 

IKPA value 2 years earlier - 0.10 - 

IKPA Value of the previous year - 0.10 0.05 

Previous Year Budget - 0.05 - 

Current Year Budget - 0.10 - 

Previous Year Capital Expenditure Budget - 0.05 - 

Current year capital expenditure budget 0.30 0.20 0.50 

Current Year Goods Expenditure Budget - - 0.10 

Current Year Employee Expenditure Budget - - 0.05 

Last year audited 0.50 0.30 0.10 

Internal Control System 2 years earlier - 0.05 - 

Internal Control System 1 year earlier 0.20 0.05 0.20 

Total 1.00 1.00 1.00 

Source: BPS (2022) 

The weaknesses of the auditable unit selection method currently used by the inspectorate of 

BPS will negatively affect the accuracy of operational risk level calculations. As a result, the selected 

audit unit sample may be less representative, leading to inefficient and ineffective allocation of audit 

resources (Felix et al., 2001). Auditors may spend too much time auditing low-risk areas and too 

little time on high-risk areas (Eilifsen & Messier, 2015). This situation is evidenced by testing the 

correlation between operational risk levels (as calculated by the BPS Inspectorate at the beginning 

of 2022) and the percentage of audit findings in 63 work units at the end of 2022 (as shown in Table 

2). The result obtained a correlation value of 0.029 with a p-value of 0.82 (> 0,05), indicating no 

significant positive relationship between operational risk levels and audit findings. The results 

contradict several previous studies (Furqan et al., 2020; Setyaningrum, 2017; Siregar & Rudiansyah, 

2019), which find that higher operational risk levels tend to result in more audit findings. 

 In theory, audit units with a high-risk profile generally have more internal control weaknesses 

and noncompliance with applicable laws and regulations; therefore, auditors will find more errors, 

fraud, violations, and areas of improvement. However, the absence of a significant correlation in 

this case suggests potential flaws in the current risk assessment approach, emphasizing the need for 

more accurate risk factor classification and selection methods. 

The correlation test results in Table 2 indicate that the current method for calculating 

operational risk in auditable unit selection used by the BPS inspectorate is still subjective and 

inadequate. Therefore, this finding highlights the urgent need for a new approach that is more 

objective and accurate in determining audit units’ operational risk levels. In this way, the selection 

process can better prioritize actual operational risks, enhancing the effectiveness and efficiency of 

internal audit activities. 
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Table 2. Correlation Test Results Between Operational Risk Levels and Audit Findings 

Variable 
 

Percentage of Audit 
Findings 2022 

Risk Level 2022 

Percentage of Audit 
Findings 2022 

Pearson Correlation 1 0.029 

Sig. (2-tailed) 
 

0.820 

N 63 63 

Risk Level 2022 Pearson Correlation 0.029 1 

Sig. (2-tailed) 0.820 
 

N 63 63 

   

Several previous studies (Yalisman, 2021; Purwanto et al., 2015; Valahzaghard & 

Ferdousnejhad, 2013; Wahyuningsih et al., 2022) proposed the use of factor analysis techniques 

and the analytic hierarchy process (AHP) to determine key risk factors and criteria score weights in 

auditable unit selection. Factor analysis helps identify key risk factors from a set of risk variables. 

This statistical technique can reduce the number of criteria or variables into several key factors 

representing all variables so that the data structure becomes tiered (2 levels) (Puslitbangwas BPKP, 

2020). This approach aligns with several research results that discuss factor analysis to determine 

risk factors affecting internal audit activities’ success, quality, and effectiveness (Almasria, 2022; Le 

& Nguyen, 2020; Mihret & Yismaw, 2007). 

The AHP technique has been widely applied in cases and research related to risk assessment 

(Bognár & Benedek, 2022; Cerić & Ivić, 2023; Ristanović, 2023) because it can reduce some of the 

limitations of risk assessment techniques using probability and impact. AHP can provide 

consistency checks on subjective assessments, organize many risks into a structured framework, 

assist risk managers in making risk-related decisions, and provide a risk assessment process that is 

easy to understand and systematic (Sum, 2015). AHP can also be applied in internal audit planning, 

especially when selecting auditable units. Several previous studies (Demirhan et al., 2019; Kuvat & 

Kılıç, 2020; Sueyoshi et al., 2009; Sum, 2015; X. Wang et al., 2021, 2023) used the AHP method to 

assign weighted scores to the risk factors involved in internal audit planning. At the risk assessment 

stage, AHP helps weight audit criteria and subcriteria through pairwise comparisons between 

criteria. This weighting is based on expert judgment, thereby reducing auditor subjectivity. 

Based on the problems above, this study develops new methods for calculating the level of 

operational risk that will be used in selecting auditable units in BPS. The new methods are based on 

risk factors obtained from the factor analysis results of all operational risk variables used by the 

inspectorate of BPS in determining the selection of auditable units. The weighting score is then given 

to each criterion and subcriterion in each risk factor, which is formed based on the AHP results. 

AHP is used as a multiplier factor for the level of operational risk in each variable that was 

determined and categorized first into an ordinal scale. Using the new method, which comprises two 

levels, the operational risk-level calculation results will be compared with the results of calculations 

from the BPS inspectorate using the old method, which comprises only one level. The comparison 

of the two methods distinguishes this research from several studies discussed previously. Therefore, 

the results can identify the most accurate, objective, and consistent method for calculating 

operational risk levels in auditable unit selection in all work units of Statistics Indonesia at the 

regency, city, and provincial levels.  
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RESEARCH METHOD 

The stages carried out in this study consist of three phases of activity, as illustrated in Figure 

1. The first phase is the formation of operational risk factors using factor analysis. The second phase 

involves weighing the criteria and subcriteria scores using AHP. The third phase includes preparing 

methods and calculating operational risk levels using the new methods. 

Figure 1. Conceptual Framework 

Data Sources 

This study utilizes two types of data sources: secondary and primary data. The secondary data 

was incorporated from various sources, specifically observational variables related to operational 

risk factors used by the BPS Inspectorate in selecting auditable units. These include budget 

implementation performance indicator (IKPA) value, the total budget for employees, goods and 

capital expenditures, the government agency performance accountability system (SAKIP) value, 

internal control system value, and the last year audited. Each variable is further described in the 

following section. The study utilizes data from the past two years for all variables except last year's 

audited variable, which is used to identify repeated or systemic findings (Lee, 1991). In total, 13 

variables are analyzed to accommodate data from the last two years. The AHP method calculates 

operational risk factor score weights using primary data collected through questionnaires. This 

study's questionnaire was designed to collect respondents’ preferences and assessments regarding 

the relevant risk factors from nine associate expert auditors at the BPS Inspectorate.  

Budget implementation performance indicator (IKPA) 

According to Munawir and Meutia (2021), financial performance negatively relates to audit 

findings—the more problems or discrepancies in audit findings, the lower the quality of local 

government financial performance implementation. This finding aligns with Bakri and Rahardyan 

(2022), who show that decreases in the effectiveness of local government financial management 

performance (not following proper procedures) relate to audit findings concerning noncompliance 

with laws and regulations. Thus, the lower the value of an agency’s financial performance, the higher 

the level of operational risk owned by the work unit in BPS, characterized by the number of possible 

audit findings obtained if an internal audit is conducted. This is in line with the scoring of the 

operational risk level of each IKPA value category (BPS, 2022), as shown in the Appendix. The lower 

the IKPA value achieved by a work unit in BPS, the higher the operational risk level received by the 

work unit. 
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Employee expenditure, goods expenditure, and capital expenditure 

Defitri (2020) showed that employee expenditure negatively influenced a local government’s 

financial independence level—the greater the amount of employee expenditure, the lower the local 

government’s financial independence level. Therefore, local governments with low financial 

independence tend to have a higher risk of audit findings. This situation can occur due to limited 

financial capacity in funding personnel and operational expenditures, inefficient financial 

management due to dependence on transfer funds, and low budget discipline, which has the 

potential for irregularities. Saleh and Rahadian (2023) find the same situation concerning goods 

and services expenditures, which are vulnerable to audit findings. The greater the expenditure on 

goods and services, the greater the risk of audit findings revealed by the auditor. This situation 

occurs due to the lack of completeness and accuracy of accountability for the expenditure of goods 

and services that do not match the actual evidence. 

Rumihin et al. (2021) found that capital expenditure positively influences error disclosure in 

nonprofit financial reports. Due to its role in improving public welfare, capital expenditure is prone 

to corruption. As the budget grows, so does the complexity of accountability, increasing the risk of 

irregularities and reducing audit opinion quality. Similarly, Qowi et al. (2017) showed that larger 

capital budgets lower local government performance due to higher moral hazard risks. Budgetary 

slack may also occur, misaligning allocations with actual capacity and reducing efficiency. In BPS, 

higher budgets for employees, goods, and capital expenditure correlate with increased operational 

risk and potential audit findings. This aligns with BPS (2022), which assigns higher operational risk 

scores to units with larger expenditure ceilings (Appendix 1). 

Value of government agency performance accountability system (SAKIP) 

Lukito (2014) found that to gain public trust, the government must build accountability by 

transparently reporting development performance to the public. By reporting clear and open 

performance, the government can demonstrate its responsibility in developing tasks and programs. 

Similarly, Latief et al. (2023) said that if a region achieved performance accountability achievements 

in the good or very satisfactory category (with a SAKIP achievement value above 60), the region 

could be said to effectively and efficiently implement budget programs and activities. The above 

indicates that the lower the performance accountability score obtained by a government agency, the 

higher the risk of failure in implementing the program and activity budget effectively and efficiently. 

This situation aligns with previous studies (Fresiliasari, 2023; Masni & Sari, 2023; Saraswati & 

Triyanto, 2020), showing that agencies that can account for their performance accountability well 

tend to be better able to prevent or reduce the level of risk of corruption or fraud from a program or 

activity in the agency. 

Previous studies (Ditasari & Sudrajat, 2020; Rasyid et al., 2022) found a negative relationship 

between local government performance accountability and the risk level of BPK audit findings. This 

suggests that weaker performance accountability correlates with higher audit risks. Based on these 

findings, it can be inferred that a lower SAKIP score in a BPS work unit indicates a higher 

operational risk level, as reflected in the potential number of audit findings if an internal audit is 

conducted. 

Internal Control System  

Additional research (Fresiliasari, 2023; Kustiawan, 2017; Ladewi et al., 2020; Manfa, 2022) 

showed that an organization or company with a suitable internal control system would significantly 

help prevent the risk of fraud or fraud committed by employees or management. In other words, the 
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better the internal control system in an organization, the less risk there is of fraud. Furthermore, 

Widodo and Sudarno (2017) indicated that the weaker the internal control system in a local 

government, the more risk of audit findings related to internal control and noncompliance with laws 

and regulations, which ultimately results in a poor BPK audit opinion received (reputational risk). 

The theories from the research above suggest that the weaker the internal control system owned by 

a work unit in BPS, the higher the level of operational risk in the work unit, characterized by the 

number of possible audit findings obtained if an internal audit is conducted. This aligns with the 

scoring of operational risk-level criteria from each category of the internal control system (BPS, 

2022), as shown in Appendix 1. The weaker the internal control system of a work unit in BPS, the 

higher the operational risk level received by the work unit. 

Last year audited 

The existing literature (Arens et al., 2014; Sueyoshi et al., 2009) highlights that the time 

elapsed since the last audit is a key audit risk factor. A longer period increases the likelihood of 

material misstatements in financial statements or violations of laws and regulations. Accordingly, 

in BPS work units, a longer gap since the last audit indicates a higher operational risk level, reflected 

in the potential number of audit findings during an internal audit. This aligns with the BPS 

Inspectorate's operational risk-level scoring criteria (BPS, 2022), as shown in Appendix 1, where a 

longer audit gap results in a higher operational risk score. 

Factor Analysis 

This study employs two analytical techniques: factor analysis and the Analytical Hierarchy 

Process (AHP). This analysis uses exploratory factor analysis because no theoretical basis or 

previous research provides a definitive framework for applying risk factors in operational risk-level 

calculations (Rahim & Saputra, 2018). Thus, this study aims to develop a new theoretical model. 

Additionally, factor analysis structures the data into a multilevel format (two levels): level 1 is 

operational risk factors (criteria), and level 2 is operational risk variables (subcriteria). This study's 

operational risk factors were formed through four stages below.  

1. Factor analysis feasibility test. According to Yamin and Kurniawan (2011), factor analysis 

can be feasible or suitable to be applied as a research model if the results of the Kaiser–

Meyer–Olkin (KMO) measure of sampling adequacy (MSA) test in measuring sample 

adequacy show a KMO value greater than 0.5. Bartlett’s Test of Sphericity results were used 

to see if the correlation matrix is not an identity matrix with the condition that the 

significance value must be less than 0.05. Another mandatory test is checking the anti-image 

matrix correlation’s MSA value to assess each variable’s feasibility. Variables with an MSA 

value of less than 0.5 are eliminated. 

 

2. Factor extraction. It is a process to determine the number of factors formed using the 

eigenvalue and scree test approaches (Hair et al., 2018). Factors with eigenvalues greater 

than one are retained as significant factors. A scatter plot is used to visualize the decrease in 

eigenvalues and determine the number of factors that formed. 

3. Variable distribution and factor rotation. At this stage, the distribution of variables into the 

factors formed based on the loading factor value is conducted. Factor rotation ensures that 

all operational risk variables can be optimally distributed among the operational risk factors 

formed. This research uses the orthogonal method recommended by experts because it 

produces a factor structure that is simpler and easier to interpret than the oblique method 

(Johnson & Wichern, 2005). 
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4. Operational risk factor naming. The next step is to give names to the operational risk factors 

formed. Each risk factor is given a name that reflects the characteristics of the operational 

risk variables that form it. 

Meanwhile, the AHP was carried out in four steps.  

1. Define the problem and establish a hierarchy. The hierarchy includes objectives, criteria, 

subcriteria, and alternatives (Muanley et al., 2022). 

2. Compile a pairwise comparison matrix C. The pairwise comparison matrix is prepared by 

assessing the relative importance of elements at each level of the hierarchy. As proposed by 

Saaty (1980), the assessment is done using a scale of 1–9. 

 

C = [𝐶𝑖𝑗]
𝑛𝑥𝑛

 = 

[
 
 
 
 

1 𝐶12 … 𝐶1𝑛

1
𝐶12

⁄ 1 … 𝐶2𝑛

. . . .
1

𝐶1𝑛
⁄ 1

𝐶2𝑛
⁄ . 1 ]

 
 
 
 

                        ………………………………………………...  (1) 

where C is the pairwise comparison matrix of criteria, 𝐶𝑖𝑗 is the comparison ratio between 

criterion i and criterion j, and n is the number of criteria. 

 

NoC = 
𝑛(𝑛−1)

2
       ……………………………………………….  (2) 

where NoC is the number of pairwise comparisons the decision maker must conduct. 

3. Calculate the eigenvalue (𝜆) and eigenvector (W). The priority vector (W) or weights are 

calculated using the geometric mean method of each row of the pairwise comparison matrix 

(Saaty, 1980). The priority vector is normalized so that the sum becomes one. 

C x W = 𝜆𝑚𝑎𝑥 x W          ……………………………………………….   (3) 

𝐺𝑀𝑖  =  [∏ 𝐶𝑖𝑗
𝑛
𝑗−1 ]

1
𝑛⁄          ……………………………………………….   (4) 

where GMi is the geometric mean value of criterion i. 

𝑊𝑖  =  
𝐺𝑀𝑖

∑ 𝐺𝑀𝑖
𝑛
𝑖−1

             ……………………………………………….   (5) 

4. Calculate the alternative score by multiplying the criteria priority vector by the alternative 

score against each criterion. The result is each alternative's global score. 

5. Check for consistency. The AHP method requires consistency in judgment, which is checked 

by calculating the consistency ratio (CR). The judgment is considered consistent if the CR is 

less than 0.1. 

 

RESULT AND DISCUSSION  

Phase 1: Establishment of Operational Risk Factors 

The factor analysis results indicate that none of the 13 operational risk variables are 

eliminated. This outcome was obtained from a series of tests to ensure the feasibility of the data in 

conducting further factor analysis. First, the KMO MSA and Bartlett’s Test of Sphericity were 

conducted. The test results showed a KMO value of 0.732 >0.5 and Bartlett’s Test significance value 

of 0.000 <0.05, which indicated that the data qualified for factor analysis. Furthermore, testing was 
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conducted on each operational risk variable using anti-image matrix correlation to examine the 

MSA value. The results showed that all 13 operational risk variables had MSA values >0.5, 

suggesting that the variables were feasible and could be analyzed further. Additional testing on the 

communality value was also conducted to ensure that the operational risk variables could explain 

the factors well. The results showed that all variables had communality values >0.5, indicating a 

strong relationship between the operational risk variables and the factors to be formed. 

After establishing feasibility, the following process is factor extraction to determine the 

number of operational risk factors that will be formed. In this study, the number of factors was 

determined using two methods, namely the scree plot and the percentage of diversity (eigenvalue) 

approach. The scree plot shows that the curve starts to slope after four components or factors are 

formed, which indicates that four factors are the ideal number of dominant operational risk factors. 

The eigenvalue approach also confirms these results, forming four factors with an eigenvalue >1 and 

can explain 66.447% of the total variance in the data—the result of the factor extraction completely 

presented in Table 3. 

Table 3. Factor Extraction Results 

After determining the number of factors, the next step is distributing the 13 operational risk 

variables to the four identified factors. Variable distribution is based on the highest loading factor 

value of each variable. Orthogonal rotation was applied to achieve a more apparent factor structure. 

Each of the four operational risk factors was named according to the characteristics of the variables 

that composed them, as shown in Table 4. The first risk factor, which explained 28.831% of the 

variance, was named “operational costs” also comprised the goods and employee expenditure ceiling 

variables. The second risk factor, which explained 16.845% of the total variance, was named 

“internal control” also consisted of SAKIP and SPI score variables. The third risk factor, which 

explained 12.448% of the total variance, was named “investment and assurance” and comprised the 

capital expenditure ceiling variable and the last year audited. Finally, the fourth risk factor, which 

explained 8.323% of the total variance, was named “financial performance” and comprised the IKPA 

score variable. 

 

 

Compon
ent 

Initial Eigenvalues Extraction Sums of Squared 
Loadings 

Rotation Sums of Squared 
Loadings 

Total Variant 
%  

Cumulative 
%  

Total Variant
%  

Cumulative 
%  

Total  Variant 
% 

Cumulative 
% 

1 3.748 28.831 28.831 3.748 28.831 28.831 3.245 24.960 24.960 

2 2.190 16.845 45.676 2.190 16.845 45.676 2.201 16.931 41.891 

3 1.618 12.448 58.124 1.618 12.448 58.124 1.833 14.097 55.988 

4 1.082 8.323 66.447 1.082 8.323 66.447 1.360 10.459 66.447 

5 0.823 6.327 72.774             

6 0.773 5.945 78.720             

7 0.642 4.935 83.655             

8 0.623 4.792 88.447             

9 0.484 3.726 92.173             

10 0.475 3.657 95.830             

11 0.365 2.807 98.638             

12 0.116 0.891 99.528             

13 0.061 0.472 100.000             
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Table 4. Naming the Formed Operational Risk Factors 

Risk Factor Name Total Variance Risk Variable Items Loading Factor 

Risk Factors 1: 

Operational costs 

28.831 Goods Expenditure Budget for 2022 0.890 

Goods Expenditure Budget for 2023 0.884 

Employee Expenditure Budget for 2022 0.868 

Employee Expenditure Budget for 2023 0.863 

Risk Factors 2: 

Internal control 

16.845 SAKIP scores in 2021 0.724 

SAKIP scores in 2022 0.711 

Internal Control System in 2021 0.666 

Internal Control System in 2022 0.663 

Risk Factors 3: 

Investment and Assurance 

12.448 Capital Expenditure Budget for 2023 0.742 

Capital Expenditure Budget for 2022 0.719 

Last Year Audited −0.704 

Risk Factors 4: 

Financial performance 

8.323 IKPA Value in 2021 0.821 

IKPA Value in 2022 0.661 

 

Based on the four identified operational risk factors, a multilevel data structure (2 levels) can 

be developed to calculate operational risk levels for selecting auditable units in BPS. The first level 

(criteria) represents the four main operational risk factors: operational costs, internal control, 

investment and assurance, also financial performance. The second level (subcriteria) consists of 

operational risk variables that comprise each risk factor. In this multilevel data structure, each risk 

factor and risk variable can be given different weights or priorities depending on their importance 

and needs for the organization. Furthermore, the operational risk level of each work unit can be 

calculated using the AHP method. By implementing this structured approach, the selection of 

auditable units in BPS becomes more systematic and comprehensive, ensuring that all relevant 

operational risk aspects are effectively considered (Bhushan & Rai, 2004; Wang, 2021). 

Phase 2: Weighting of Criteria and Subcriteria Scores 

Based on the factor analysis results, four main operational risk factors are used as criteria for 

selecting auditable units in BPS: operational costs, internal control, investment and assurance, also 

financial performance.  After weighting these criteria using the AHP method (Table 5), the highest 

weight is assigned to investment and assurance (0.343), followed by operational costs (0.284), 

internal control (0.223), and financial performance (0.150). At the subcriteria level, the capital 

expenditure budget 2023 holds the highest weight (0.1960) under the investment and assurance 

category. This outcome aligns with previous studies (Qowi et al., 2017; Rumihin et al., 2021), which 

find that investment management (capital expenditure) is a significant operational risk factor in the 

public sector. High capital expenditure can increase risks such as irregularities in procurement, 

inefficiency, and potential corruption. 

The second highest-weighted subcriterion is the 2023 goods expenditure (0.1612), 

categorized under operational costs. This finding aligns with Saleh and Rahadian (2023), who 

identified operational costs, including goods expenditure, as a key risk factor in public sector 

operational risk management. High operational costs (including goods expenditure) can lead to 

risks such as waste, inefficiency, and potential irregularities. The third highest-weighted 

subcriterion is the last year audited (0.1092), which falls under investment and assurance. This 

result supports prior research (Arens et al., 2014; Sueyoshi et al., 2009), which emphasizes that the 
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elapsed since the last audit is an audit risk factor to which auditors must pay attention. The longer 

the interval, the higher the likelihood of material misstatements in the client’s financial statements 

or noncompliance with laws and regulations. 

Table 5. Total Score Weight in Each Operational Variable  

Risk Factor 
(Criteria) 

Criteria 
Score 

Weight 

Risk Variable (Sub Criteria) Sub Criteria 
Score Weight 

Total Score 
Weight (Criteria 
x Sub Criteria) 

Rank 

Operational costs 0.284 Goods Expenditure Budget for 2022 0.127 0.0361 10 

Goods Expenditure Budget for 2023 0.568 0.1612 2 

Employee Expenditure Budget for 2022 0.059 0.0167 13 

Employee Expenditure Budget for 2023 0.246 0.0700 7 

Internal control 0.223 SAKIP scores in 2021 0.148 0.0328 11 

SAKIP scores in 2022 0.368 0.0820 5 

Internal Control System in 2021 0.121 0.0269 12 

Internal Control System in 2022 0.363 0.0808 6 

Investment and 

Assurance 

0.343 Capital Expenditure Budget for 2023 0.571 0.1960 1 

Capital Expenditure Budget for 2022 0.111 0.0379 9 

Last Year Audited 0.318 0.1092 3 

Financial 

performance 

0.150 IKPA Value in 2021 0.281 0.0423 8 

IKPA Value in 2022 0.719 0.1081 4 

The score weighting results indicate that investment and assurance—particularly capital 

expenditures and audit frequency—are the top priorities when selecting auditable units at BPS. 

Furthermore, the operational cost aspect, especially the management of goods expenditures, plays 

a crucial role in mitigating operational risk. By considering the weighted score of each criterion and 

subcriterion, BPS can calculate the operational risk level using a structured, two-level framework. 

This approach enables the BPS Inspectorate to allocate audit resources more effectively and 

precisely prioritize auditable units. 

Phase 3: New Method Development and Operational Risk-Level Calculation in 2023 

The first stage of this study involves grouping operational risk variables using factor analysis, 

forming four operational risk factors so that the data structure formed becomes two levels. Level 1 

is an operational risk factor (criteria), and level 2 is an operational risk variable (subcriteria). In the 

second stage, the weighting process is applied to each risk factor (criteria) at level 1 and risk variable 

(subcriteria) at level 2 using the AHP. The results of the weighted scores of the criteria and 

subcriteria obtained are then used as a multiplier factor in preparing the operational risk-level 

method for selecting auditable units, as illustrated in Figure 2.  

Referring to Figure 2, the new methods for calculating the level of operational risk can 

generally be formulated as follows: 

New Operational Risk-Level Calculation Formula = ∑ 𝐖𝐢
𝐧
𝐢 = 𝟏 ∑ 𝐖𝐢𝐣𝐓𝐢𝐣

𝐦
𝐣 = 𝟏  …………………….   (6) 

= {W1*(W11*T11) + W1*(W12*T12) + W1*(W13*T13) + W1*(W14*T14)} + {W2*(W21*T21) + 

W2*(W22*T22) + W2*(W23*T23) + W2*(W24*T24)} + {W3*(W31*T31) + W3*(W32*T32) 

+ W3*(W33*T33)} + {W4*(W41*T41) + W4*(W42*T42)} 

= {0.284 ∗ (0.127 ∗ T11) + 0.284 ∗ (0.568 ∗ T12) + 0.284 ∗ (0.059 ∗ T13) + 0.284 ∗ (0.246 ∗ T14)} + 

{0.223 ∗ (0.148 ∗ T21) + 0.223 ∗ (0.368 ∗ T22) + 0.223 ∗ (0.121 ∗ T23) + 0.223 ∗ (0.363 ∗ T24)} + 
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{0.343 ∗ (0.571 ∗ T31) + 0.343 ∗ (0.111 ∗ T32) + 0.343 ∗ (0.318 ∗ T33)} + {0.150 ∗ (0.281 ∗ T41) + 

0.150 ∗ (0.719 ∗ T42)}. 

The final formulation of the new methods for calculating the level of operational risk in the 

selection of auditable units in BPS can be obtained as follows: 

= {(0.0361 ∗ T11) + (0.1612 ∗ T12) + (0.0167 ∗ T13) + (0.07 ∗ T14)} + {(0.0328 ∗ T21) + (0.0820 ∗

T22) + (0.0269 ∗ T23) + (0.0808 ∗ T24)} + {(0.1960 ∗ T31) + (0.0379 ∗ T32) + (0.1092 ∗ T33)} + 

{(0.0423 ∗ T41) + (0.1081 ∗ T42)}. 

Figure 2. Development Process of a New Method of Operational Risk-Level Calculation in Audit Unit Selection 

 

Meanwhile, the formula for calculating the level of operational risk that the BPS inspectorate has 

used based on the old method (described in Figure 3) through the formula: 

Old Operational Risk-Level Calculation Formula = ∑ Wi
n
i=1 Ti  …………………….  (7) 

Where n is four operational risk factors formed, Wi is the weight score of criteria on the i-th 

operational risk factor, m is the number of risk variables in each operational risk factor, Wij

 is the weighted score of subcriteria on the i-th operational risk factor and j-th operational risk 
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variable, Tij is the risk-level score for the i-th operational risk factor and j-th operational risk 

variable. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Development Process of an Old Method of Operational Risk-Level Calculation in Audit Unit Selection 

The calculation results of the operational risk level range in 34 provincial BPS work units and 

480 regency or city BPS work units using the new method (3.066–1.142) are narrower than the 

range of values in the old method (3.55–1) as shown in Table 6. A narrower range of values may 

affect the accuracy of the operational risk level. Furthermore, a narrower range of operational risk-

level values may indicate that the new method assesses the operational risk level more clustered 

around the middle value. According to Hubbard (2020), an excessively narrow range can obscure 

critical data variability and introduce bias, while an overly broad range can also cause difficulty in 

discerning the true level of risk. 

Therefore, an optimal range of values is essential to ensure an accurate assessment of risk 

levels and to distinguish risk levels well. A value range that is too narrow or too wide can lead to 

errors in identifying risks and allocating resources for risk mitigation. Hubbard (2020) suggests 

that the ideal or optimal range of risk-level values is 10th to 90th percentiles. This range is broad 

enough to capture data variability but not extreme. Therefore, in the case of operational risk levels 

in the selection of auditable units at BPS, according to (Hubbard, 2020), the ideal operational risk-

level value range is between values 2 (30th–40th percentiles) and 3 (50th–70th percentiles). This 

range is broad enough to capture data variability and operational risks that may occur, but it is not 

so extreme that it can cause bias in assessing operational risk levels. 

A value of 1 (10th–20th percentiles) may indicate an outlier or an excessively low operational 

risk level, while a value of 4 (80th–90th percentiles) suggests an outlier or an overly high-risk level. 

Therefore, neither value is ideal for reference in risk assessment. According to Aven (2016), extreme 

maximum or minimum values can lead to overestimation or underestimation of the operational risk 

level, leading to errors in decision-making and resource allocation. Therefore, the assessment of 

operational risk using the new method is more optimal for application to the selection of auditable 

units in BPS when viewed in terms of the range of values produced compared to the old method. 

The new method does not produce extreme or outlier values (1 or 4) compared to the old method, 

which produces the lowest value, which is too low (1). 
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Table 6. Descriptive Statistics of Operational Risk Levels in 2023 

Scope Minimum Maximum Average 

New Method Old Method New Method Old Method New Method Old Method 

BPS- Province 1.1420 1 3.0657 3.55 1.9680 1.8066 

BPS- Regency/city 1.5535 1.25 3.0295 2.95 2.1101 1.8941 

All BPS Office 1.1420 1 3.0657 3.55 1.9774 1.8124 

The data in Table 6 shows that the average level of operational risk in all BPS work units using 

the new method is 1.9774, slightly higher than that of the old method of 1.8124. This difference is 

seen more clearly in the BPS regency/city, where the average level of operational risk using the new 

method is 2.1101 higher than the old method of 1.8941. This disparity can occur because the new 

method uses the AHP method in calculating the level of operational risk, and the weighting of scores 

on risk factors (criteria) and operational risk variables (subcriteria) is carried out in stages (2 levels). 

The use of the AHP method in a 2-level manner can lead to an increase in the average level of 

operational risk in the new methods for several reasons. First, the assessment is conducted more 

comprehensively, resulting in a more accurate assessment of operational risk and reflecting the 

actual conditions, which can lead to a higher average risk level (Dey, 2003). Second, using the AHP 

method allows each operational risk factor and operational risk variable to be given different 

weights according to their level of importance. A higher weight on certain risk factors or variables 

can increase the average risk level (Saaty, 1980). Third, the AHP method allows for consistent 

assessments using a pairwise comparison matrix, reducing bias and inconsistency in risk-level 

assessment that may occur in other methods. Therefore, the results of risk-level assessment can 

increase in accuracy, and the average risk level can rise (Russo & Camanho, 2015). 

The calculation results of operational risk levels in the new and old methods are categorized 

into four groups: very low (risk level < 1.5), low (1.5 ≤ risk level < 2), high (2 ≤ risk level < 3), and 

very high (risk level ≥ 3). Table 7 highlights an underestimation of operational risk levels when 

using the old methods. For instance, several work units previously classified in the “very low” 

category under the old methods shifted to the “low” category (73 work units) and even to the “high” 

category (4 work units) after applying the new methods. This outcome indicates that the new AHP 

and multilevel risk assessment methods enhance the identification of risk factors that may have 

been overlooked. A shift in the category of operational risk level (underestimation) also occurred in 

work units initially classified as “low” under the old methods, with 139 work units moving to the 

“high” category after applying the new methods. 

Table 7. Number of Work Units in Provincial and Regency/City BPS Based on Changes in Operational Risk-Level 

Categories in 2023 

Risk Category New Method Total 

Very Low Low High Very High 

 

Old Method 

Very Low 58 73 4 0 135 

Low 1 114 139 0 254 

High 0 14 87 1 102 

Very High 0 0 19 4 23 

Total 59 201 249 5 514 

Furthermore, Table 7 shows cases of overestimating operational risk-level calculations using 

the old methods. For example, some work units that previously used the old methods were in the 

“high” category but shifted to the “low” category (14 work units) after using the new methods. The 

change in the category of operational risk level that occurs after using the new method shows cases 
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of underestimation or overestimation of the calculation of the operational risk level. These cases 

negatively affect the accuracy of selecting the sample of work units to be conducted in internal 

audits. The sample of selected BPS provincial and regency/city work units may be less 

representative, which may result in auditors spending too much time, money, and effort auditing 

low-risk areas also too little time, money, and effort on high-risk areas (Eilifsen & Messier, 2015). 

The adoption of new methods incorporating a multilevel risk assessment approach (2 levels) 

with the AHP enables a more accurate and comprehensive evaluation of each work unit’s 

operational risk level. This aligns with Bhushan and Rai (2004), who posited that using the AHP 

method in risk assessment has the advantage of accommodating various criteria and subcriteria in 

a structured manner and providing appropriate priority weights. This approach enhances the 

accuracy and comprehensiveness of risk assessments. Furthermore, Wang (2021) emphasized the 

importance of risk assessment methods that account for uncertainty and ambiguity in data.  The 

study proposed using multilevel risk assessment methods to handle complexity in risk assessment. 

As used in the new methods, the multilevel risk assessment method can provide more accurate risk-

level assessment results and consider various operational risk factors and variables more in-depth 

and comprehensively. Consequently, this approach allows the BPS Inspectorate to allocate internal 

audit resources more effectively, prioritizing work units with higher operational risk levels, thus 

increasing the efficiency and effectiveness of the internal audit process at BPS. 

Proving the Accuracy of the New Method Compared to the Old Method in Calculating 

Operational Risk Levels in 2023 

The data presented in Tables 8 and 9 show a significant difference in the average value of risk 

variables according to the operational risk-level categories between the old and new methods. Table 

8, which applies the old method, reveals certain irregularities and inconsistencies with established 

theories and prior research. One notable inconsistency appears in the “very high” operational risk-

level category, where the average employee expenditure for 2022 and 2023, goods expenditure for 

2022 and 2023, and capital expenditure for 2022 are lower than those in the “high” and “low” risk-

level categories. This finding contradicts the theoretical expectation that higher operational 

expenditures—such as employee, goods, and capital expenditures—correlate with higher 

operational risk levels (Defitri, 2020; Qowi et al., 2017; Saleh & Rahadian, 2023). This irregularity 

indicates an error in calculating the operational risk level using the old method. 

Table 8. Average Value of Risk Variables by Operational Risk-Level Category in 2023 using the Old Method 

Risk Variables 
Operational Risk-Level Category 

Very Low Low High Very High 

Employee Expenditure 2022 3,210,215,029.63 4,243,143,893.70 4,521,130,068.63 3,357,867,304.35 

Employee Expenditure 2023 3,166,332,244.44 4,269,053,799.21 4,552,737,931.36 3,367,900,391.30 

Goods Expenditure 2022 6,649,104,570.37 13,175,580,929.13 11,320,077,333.33 13,020,585,304.35 

Goods Expenditure 2023 6,010,082,407.41 11,594,559,314.96 9,379,366,754.89 11,042,962,043.48 

Capital Expenditure 2022 307,512,118.52 75,684,743.08 367,571,558.82 237,477,608.70 

Capital Expenditure 2023 1,918,585.19 2,808,149.61 568,914,627.45 3,387,071,913.04 

IKPA 2022 95.53 94.35 94.02 93.99 

IKPA 2021 96.53 95.92 94.97 96.12 

SPI 2021 2.76 2.82 2.64 2.43 

SPI 2022 3.90 3.38 3.09 2.87 

Last Year Audited 2.77 3.26 3.40 3.70 

SAKIP 2021 64.22 62.74 63.44 60.84 

SAKIP 2022 69.95 68.20 68.25 66.26 
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In contrast, Table 9, which applies the new method, demonstrates consistency with the 

established theory. The average employee expenditure budget for 2022 and 2023, goods 

expenditure budget for 2022 and 2023, also capital expenditure budget for 2022 and 2023 are 

increasing as the operational risk-level category rises from “very low” to “very high.” This result 

aligns with theoretical expectations and previous research, which suggest that higher operational 

expenditures—such as employee, goods, and capital expenditures—correlate with a higher level of 

operational risk within an organization. 

Table 9. Average Value of Risk Variables by Operational Risk-Level Category in 2023 using the New Method 

Risk Variables 
Operational Risk-Level Category 

Very Low Low High Very High 

Employee Expenditure 2022 2,615,362,288.14 3,561,138,437.81 4,586,311,172.69 7,487,422,000.00 

Employee Expenditure 2023 2,594,542,169.49 3,535,744,810.95 4,626,855,698.79 7,557,146,400.00 

Goods Expenditure 2022 4,876,410,898.31 7,200,138,487.56 15,337,215,469.88 28,889,058,400.00 

Goods Expenditure 2023 4,536,777,576.27 6,725,555,248.76 13,020,800,654.61 21,075,376,400.00 

Capital Expenditure 2022 112,749,644.07 201,194,420.00 189,146,995.98 1,925,589,000.00 

Capital Expenditure 2023 502,457.63 45,239,482.59 445,086,831.33 3,390,964,600.00 

IKPA 2022 96.39 95.28 93.72 87.43 

IKPA 2021 97.04 96.48 95.17 95.53 

SPI 2021 2.85 2.65 2.81 3.00 

SPI 2022 3.88 3.51 3.28 3.00 

Last Year Audited 2.93 3.08 3.31 3.60 

SAKIP 2021 64.98 63.39 62.59 63.10 

SAKIP 2022 71.02 68.94 67.73 67.91 

 

In the old method (Table 9), the average SAKIP value decreases as the operational risk-level 

category increases but exhibits inconsistency in the “high” category. In contrast, the new method 

(Table 10), the average SAKIP value tends to decrease consistently along with the increase in the 

operational risk-level category from “very low” to “very high.” This outcome indicates that the 

SAKIP value as a risk variable in the new method aligns more closely with established theories and 

prior research, which indicate that lower performance accountability (SAKIP) corresponds to 

higher operational risk in a work unit (Ditasari & Sudrajat, 2020; Rasyid et al., 2022). SPI 2021 and 

IKPA 2021 variable values in the old (Table 9) and new methods (Table 10) show a fluctuating 

pattern; thus, no conclusion can be drawn regarding which is better. 

However, the average value of SPI 2022 and IKPA 2022 shows that both the old and new 

methods provide the same pattern—the average value of SPI 2022 and IKPA 2022 consistently 

decreases along with the increase in the operational risk-level category from “very low” to “very 

high.” This outcome indicates that the data on the risk variables of the SPI 2022 and IKPA 2022 

values in the old and new methods are consistent with previous theories and research: the lower the 

value of the SPI and IKPA of a work unit (SATKER) at BPS, the higher the level of operational risk 

in the work unit (SATKER) (Bakri & Rahardyan, 2022; Widodo & Sudarno, 2017). In the risk 

variable for the last year audited, the data on the old and new methods provide results equally 

consistent with previous theories and research. The average last year audited increased along with 

the operational risk category from “very low” to “very high.” This finding is consistent with the 

theory that states that the longer a work unit is not audited, the higher the level of operational risk 

(Arens et al., 2014; Sueyoshi et al., 2009). 
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The discussion results indicate that the risk variables in the new method align more 

consistently with established theories and prior research, making it a more accurate and reliable 

approach for calculating operational risk levels in selecting auditable units at BPS. By adopting this 

improved method, BPS can more precisely identify high-risk work units, allowing for a more 

targeted allocation of audit resources and risk mitigation efforts. This, in turn, enhances the overall 

effectiveness and efficiency of operational risk management within the BPS environment. This 

outcome supports the theory expressed by Moeller (2009), which states that accurate risk 

assessment is the key to success in implementing risk-based auditing. If the risk assessment is 

inaccurate, the prioritization of audit units can be misdirected, so audit resources are not allocated 

effectively and efficiently.  

 

 CONCLUSION 

This study successfully developed a new method for calculating operational risk levels in 

selecting auditable units at BPS by integrating factor analysis and AHP. Through factor analysis, 

this study identified and formed four main operational risk factors: operational costs, internal 

control, investment and monitoring, and financial performance. Establishing these risk factors 

allows the data structure to be multilevel, with risk factors as criteria and risk variables as 

subcriteria. Furthermore, applying the AHP method, weighted scores are assigned to each criterion 

and subcriteria systematically and consistently based on expert judgment. By combining these 

approaches, the new method offers a more structured and data-driven framework for assessing 

operational risk levels. Compared to the old methods, the new methods have several significant 

advantages. 

First, the new method produces a narrower but more ideal or optimal range of operational 

risk-level values. This range of values is wide enough to capture data variability and operational 

risks that may occur but not too extreme to avoid bias in assessing risk levels. Second, the average 

operational risk level using the new method is slightly higher than the old method, indicating that 

the new method can provide a risk-level assessment that better reflects actual conditions. Third, 

new methods allow more accurate identification of operational risk levels, thereby reducing 

underestimation or overestimation of risk levels in the old methods. This ability is critical to 

ensuring the proper allocation of audit resources and avoiding wasting resources on low-risk areas 

or inattention to high-risk areas. 

By integrating the AHP approach with a multilevel risk assessment (2 levels), the new 

methods provide a more accurate and comprehensive operational risk assessment. This enables the 

BPS Inspectorate to allocate internal audit resources more effectively, prioritizing work units with 

higher operational risk levels. In this way, the overall effectiveness and efficiency of the internal 

audit process in BPS can be increased. Additionally, this method can be applied by agencies without 

an existing risk register, enhancing the accuracy of audit unit selection based on key risk factors. 

This study has several limitations that should be addressed in future studies. First, the 

observation variables used in this study are limited to BPS internal data, excluding external risk 

factors that may also influence operational risk. Second, the weighting of scores using AHP is 

carried out based on subjective assessments from middle auditors, which can be influenced by 

individual bias and experience. Third, the study focuses solely on operational risk assessment for 

selecting auditable units, without addressing other aspects of risk management. Future research can 

enhance the model by incorporating external risk factors, such as economic, political, and regulatory 
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conditions, for a more comprehensive analysis. Additionally, exploring more objective and data-

driven weighting methods, such as entropy weighting, can reduce subjectivity in risk evaluation. 

Lastly, future works can expand the scope of research, such as weighting the scores of each risk 

contained in the risk register. 
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APPENDIX 

Observation Variables and Categorization 

Observation Variable Category Score 

Risk Variable Risk Level 

IKPA Value in 2021 and 2022 IKPA Value < 70 
89 > IKPA Value ≥ 70 
95 > IKPA Value ≥ 89 
IKPA Value ≥ 95 

Very High  
High 
Low 
Very Low 

Employee Expenditure Budget 
for 2022 and 2023 

Budget Value < IDR 3 billion 
IDR 3 billion ≤ Budget Value < IDR 4 billion 
IDR 4 billion ≤ Budget Value < IDR 5 billion 
Budget Value ≥ IDR 5 billion 

Very Low 
Low 
High 
Very High 

Goods Expenditure Budget for 
2022 and 2023 

Budget Value < IDR 5 billion 
IDR 5 billion ≤ Budget Value < IDR 7,5 billion 
IDR 7,5 billion ≤ Budget Valueu < IDR 12 billion 
Budget Value ≥ IDR 12 billion 

Very Low 
Low 
High 
Very High 

Capital Expenditure Budget for 
2022 and 2023 

Budget Value < IDR 50 million 
IDR 50 million ≤ Budget Value < IDR 200 million 
IDR 200 million ≤ Budget Value < IDR 1 billion 
Budget Value  ≥ IDR 1 billion 

Very Low 
Low 
High 
Very High 

Internal Control System in 2021 
and 2022 

The internal control system is considered inadequate 
The internal control system is less than adequate 
The internal control system is adequate enough 
The internal control system is very adequate 

Very High 
High 
Low 
Very Low 

Last Year Audited Audited in the previous 1 year n−1 
Audited in the previous 2 years n−2 
Audited in the previous 3 years n−3 
Audited in the previous 4 or more years, n−4, n−5, etc 

Very Low 
Low 
High 
Very High 

SAKIP scores in 2021 and 2022 
 

SAKIP Score < 50 
50 ≤ SAKIP Score < 60 
60 ≤ SAKIP Score < 70 
SAKIP Score ≥ 70 

Very High 
High 
Low 
Very Low 

Source:  BPS (2022) 

Notes: The score for risk level is 1; very low is 2, high is 3, and very high is 4.  
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