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ABSTRACT 

Article History: 
 

Companies need good human resources to achieve their goals, one of which is by providing 

rewards, such as location allowances. Bank Syariah "X" is one of the institutions that provides 

location allowance, which is an allowance based on the employee's work location. This policy 

was last established in 2021, therefore adjustments are needed. This study aims to analyze the 

factors that explain the determination of location allowance zoning and predict the zoning of 

new outlet location allowances. Location allowance zoning is determined based on the factors 

of cost, remoteness, and location access. Factors that are thought to represent these three factors 

and influence the determination of location allowance zoning are the consumer price index 

(CPI), human development index (HDI), construction cost index (CCI), infrastructure pillar 

index (IPI), outlet distance to the nearest health center (ODHC), and outlet distance to the nearest 

primary school (ODPS). The location allowance zones consist of three categories with an 

ordered nature. Based on the research objectives and the type of dependent variable, the method 

used was ordinal logistic regression. The research identified three key factors influencing the 

determination of location allowance zoning, namely CCI, IPI, and ODHC. The model achieved 

an overall accuracy of 70%, with balanced accuracy scores of 81.2% for Zone 1, 70.8% for Zone 

2, and 76.7% for Zones 3 & 4. Based on the initial policy data of Bank Syariah "X", the model 

misclassified 35.6% of outlets. 
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1. INTRODUCTION 

Companies require good human resources to achieve their vision, mission, and goals. Good human 

resources will enhance the company's chances of performing well, as company performance is 

influenced by employee performance. One of the factors that influences employee performance is the 

reward system [1]. The goals of the reward system are to appreciate the employee, increase the 

employee's loyalty, and reduce the turnover rates [2]. Bank Syariah "X" is one of the companies that 

implements a reward system for its employees. One of the rewards provided by Bank Syariah "X" is a 

location allowance, an allowance the company gives to employees based on where the employee works. 

The location allowance is determined based on factors of cost, remoteness, location access, and other 

things decided by the board of directors, which result in differences in the cost of living and quality of 

life.  

Bank Syariah "X" implements a three-zone system to determine location allowances. Zone 1 does 

not receive the location allowance, while Zone 2 and Zone 3 & 4 receive location allowances with 

different nominal amounts. The higher the zone category, the greater the nominal allowance given. The 

zoning policy for location allowances at Bank Syariah "X" was last established in 2021. However, 

changes in conditions may occur every year and cause conditions in each region to change. Therefore, 

it is necessary to update and adjust the policy to ensure the location allowance remains appropriate with 

the current circumstances in each outlet's area. In this study, the factors that influenced the zoning of 

location allowances at Bank Syariah "X" will be determined. The determination of these factors is 

chosen based on the criteria set by the company, namely the factors of cost, remoteness, and location 

access. The factors that are thought to influence the determination of location allowance zoning at Bank 

Syariah "X" and can represent the factors of cost, remoteness, and location access are the consumer 

price index (CPI), human development index (HDI), construction cost index (CCI), infrastructure pillar 

index (IPI), outlet distance to the nearest health center (ODHC), and outlet distance to the nearest 

primary school (ODPS).  

The ordinal logistic regression method is widely used in research to determine the factors that can 

influence the dependent variables with more than two categories with ordered properties. Additionally, 

this method produced the probability of occurrence for each category, which could be used to predict 

new observations. The ordinal logistic regression method was used by Döringer et al. [3] to determine 

the relationship between the independent variables (number of visitors, the number of visitors passing 

each other during the visit, and estimate of the crowd level) and the dependent variable, namely the 

crowd level (not crowded, slightly crowded, crowded, very crowded, extremely crowded) in the 

Bavarian Forest National Park. The study found that the factors influencing the crowd level were the 

number of visitors, the number of visitors passing each other during the visit, and the estimate of the 

crowd level. Therefore, the final model was built using these three factors and resulted in an accuracy 

of 70.6%. The ordinal logistic regression method was also used by Zalaghaie et al. [4] to determine the 

relationship between the independent variables (grain size, porosity, moisture content, rainfall, climatic 

data, liquid limit, calcium carbonate content, vegetation, and soil saturation level) and the dependent 

variable, which is the collapse sensitivity of soil deposits consisting of four levels (slight, moderate, less 

severe, and severe). The study found that the factors influencing the sensitivity of soil sediment collapse 

were porosity, moisture content, rainfall, climate data, and liquid limit. Therefore, the final model was 

formed using these five factors, which resulted in an accuracy of 70%. Research conducted by Addini 

et al. [5] used the ordinal logistic regression method to determine the relationship between the 

independent variables (vehicle type, gender, education level, occupation, religion, and age) and the 

dependent variable, which is material loss (light, medium, and heavy). The study found that the factors 

influencing material loss were vehicle type, gender, education level, occupation, religion, and age. 

Therefore, the final model was formed using these six factors and resulted in an accuracy of 76.27%.  

The studies conducted by Döringer et al. [3], Zalaghaie et al. [4], and Addini et al. [5] showed that 

ordinal logistic regression used to determine the factors affecting dependent variables of ordinal type 

and predict new observations based on the final model. The ordinal logistic regression model will be 

formed to determine what factors influence the zoning of location allowances at Bank Syariah "X" and 

to make predictions for new outlets where zoning categories have not been defined. The model is 

evaluated based on test data and the initial policy data of Bank Syariah "X". The ordinal logistic 

regression method was used because this method can model the relationship between the independent 
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variable and the dependent variable (location allowance zoning), which consists of three levels with an 

ordered nature, namely Zone 1, Zone 2, and Zone 3 & 4. 

2. METHODS 

Material and Data 

This study used data on the outlets of Bank Syariah "X" in Indonesia in 2023. The variables used in 

the study were shown in Table 1. 

Table 1. Research Data 

Variable Variable Name Type Source 

𝑌 
Location allowance 

zoning 

Ordinal 

(1, 2, 3 & 4) 
Bank Syariah "X" 

𝑋1 
Consumer price index 

(CPI) 

Ratio 

Badan Pusat 

Statistik (BPS) 
𝑋2 

Human development 

index (HDI) 

𝑋3 
Construction cost index 

(CCI) 

𝑋4 
Infrastructure pillar 

index (IPI) 

Badan Riset dan 

Inovasi Nasional 

(BRIN) 

𝑋5 
Outlet distance to the 

nearest health center 

(ODHC) Bank Syariah "X" 

& Google Maps 

𝑋6 
Outlet distance to the 

nearest primary school 

(ODPS) 

Research Method  

Ordinal Logistic Regression 

The ordinal logistic regression method is a method to see the relationship between the independent 

variable and the categorical dependent variable, which has an ordered nature with the categories of the 

dependent variable numbering more than two. The probability of the independent variable Y falling into 

category 𝑘 or 𝑌 = 𝑘 is as follows [6]: 

𝑃(𝑌 = 𝑘|𝒙) = 𝜋𝑘(𝒙) =
exp(𝛽𝑘0 + ∑ 𝛽𝑘𝑖𝑥𝑖

𝑝
𝑖=1 )

1 + exp(𝛽𝑘0 + ∑ 𝛽𝑘𝑖𝑥𝑖
𝑝
𝑖=1 )

 (1) 

where 𝑘 = 1,2, … , 𝐾 − 1 and 1 − 𝜋𝑘(𝒙) expressing the probability of 𝑌 not belonging to the 𝑘th 

category. In logistic regression, the logit model formation uses the cumulative probability denoted by 

𝛾𝑘(𝒙), which is as follows [7]: 

𝛾𝑘(𝒙) = 𝑃(𝑌 ≤ 𝑘|𝒙) = 𝜋1(𝒙) + 𝜋2(𝒙) + ⋯ + 𝜋𝑘(𝒙);  𝑘 = 1,2, … , 𝐾 (2) 

The logit model of cumulative probability (cumulative logit model) is defined as follows [7]: 

𝑙𝑜𝑔𝑖𝑡[𝑃(𝑌 ≤ 𝑘|𝒙)] = 𝛽𝑘0 + ∑ 𝛽𝑘𝑖𝑥𝑖

𝑝

𝑖=1

; 𝑘 = 1, … , 𝐾 − 1; 𝑖 = 1, . . . , 𝑝 (3) 

In logistic regression, there are three types of models commonly used, namely the adjacent-

category, the continuation-ratio, and the proportional odds models. In this study, the proportional odds 

model will be used because this model is the most common and frequently used in the ordinal logistic 

regression model. The following is the logit form of the model [6]: 
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𝑐𝑘(𝒙) = ln [
𝑃(𝑌 ≤ 𝑘|𝒙)

𝑃(𝑌 > 𝑘|𝒙)
]  

= ln [
𝜋0(𝒙) + 𝜋1(𝒙) + ⋯ + 𝜋𝑘(𝒙)

𝜋𝑘+1(𝒙) + 𝜋k+2(𝒙) + ⋯ + 𝜋𝐾(𝒙)
]  

 = 𝜃𝑘 − 𝒙′𝜷; 𝑘 = 1, … 𝐾 − 1 (4) 

Parameter Estimation 

The parameters 𝜃𝑘 and 𝜷 are estimated using the maximum likelihood method [8]. Suppose for 

each 𝑖th observation with 𝑖 = 1,2, . . . , 𝑛, 𝑦𝑖𝑗 = 1, when 𝑗 = 1,2, . . . , 𝐾 and 𝑦𝑖𝑗 = 0 otherwise. The 

general form of the likelihood for a sample of 𝑛 mutually independent observations, (𝑦𝑖 , 𝒙𝑖);  𝑖 =
1,2, . . . , 𝑛 is as follows [6], [7]: 

 𝑙(𝜷) = ∏ [∏[𝜋𝑗(𝒙𝑖)]
𝑦𝑖𝑗

𝐾

𝑗=1

]

𝑛

𝑖=1

  

 = ∏ [∏ [
𝑒𝑥𝑝(𝜃𝑗 + 𝒙𝑖′𝜷)

1 + 𝑒𝑥𝑝(𝜃𝑗 + 𝒙𝑖′𝜷)
−

𝑒𝑥𝑝(𝜃𝑗−1 + 𝒙𝑖′𝜷)

1 + 𝑒𝑥𝑝(𝜃𝑗−1 + 𝒙𝑖′𝜷)
]

𝑦𝑖𝑗𝐾

𝑗=1

]

𝑛

𝑖=1

 (5) 

where "𝜷" denotes the coefficient for the 𝑝th independent variable (𝛽) and the intercept for each 

category in the model (𝜃𝑘). The form of the log-likelihood equation is as follows: 

𝐿(𝜷) = ∑ ∑ 𝑦𝑖𝑗

𝐾

𝑗=1

ln [
exp(𝜃j + 𝒙𝑖′𝜷)

1 + exp(𝜃j + 𝒙𝑖′𝜷)
−

exp(𝜃j−1 + 𝒙𝑖′𝜷)

1 + exp(𝜃j−1 + 𝒙𝑖′𝜷)
]

𝑛

𝑖=1

 (6) 

Parameter estimates are obtained by deriving the log-likelihood equation for each parameter to be 

estimated and then equating the derivative to zero. 

Multicollinearity Detection 

Logistic regression models are sensitive to multicollinearity between independent variables in the 

model [6]. Variance inflation factors (VIF) value is used to detect multicollinearity with the following 

formula [9]: 

𝑉𝐼𝐹 =
1

1 − 𝑅𝑝
2 (7) 

where 𝑅𝑝
2 is the coefficient of determination of the regression model with 𝑥𝑝 as the dependent variable 

and other independent variables as independent variables. If the VIF value is more than 10, then there 

is multicollinearity between independent variables. 

Assumption of Proportional Odds 

There is an assumption of the proportional odds model that must be held, where the parameters 

do not change for different categories [10], [11]. In the proportional odds model assumption test, the 

following hypothesis is used [7]: 

𝐻0: 𝛽1𝑝 = 𝛽2𝑝 =  …  = 𝛽𝑘𝑝 = 𝛽 (The coefficient 𝛽𝑘 of the 𝑝th independent variable is the same 

for each model in different categories) 

𝐻1: Not so (The coefficient 𝛽𝑘 of the 𝑝th independent variable is not the same for each model in 

different categories) 

for each 𝑝 = 1,2, … , 𝑃 where 𝑃 denotes the number of independent variables and 𝑘 =
1,2, . . . , 𝐾 − 1 where 𝐾 denotes the number of categories. 

The test statistics used is the likelihood ratio test, which is as follows [6]:  
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𝐿𝑅 = −2(𝐿0 − 𝐿1) (8) 

where 𝐿0: Log-likelihood of the model with the same independent variable coefficients for each model 

in different categories; 𝐿1: Log-likelihood of the model with independent variable coefficients not equal 

for each model in different categories. 

At a significance level of 𝛼, the null hypothesis (𝐻0) is rejected if the likelihood ratio (LR) exceeds 

the chi-square critical value 𝜒𝛼;(𝐾−2)𝑝
2  or if the 𝑝 − 𝑣𝑎𝑙𝑢𝑒 is less than 𝛼. If 𝐻0 is rejected, the 

proportional odds assumption doesn't hold [6], [7]. 

Lipsitz Test for Goodness of Fit 

The method used to test model fit is the Lipsitz method with the following hypothesis [7]: 

𝐻0: The ordinal logistic regression model fits the data. 

𝐻1: The ordinal logistic regression model does not fit the data. 

The test statistics are as follows [12]: 

𝐿𝑅 = −2(𝐿0 − 𝐿1) (9) 

where 𝐿0: Log-likelihood of the model without indicator variables; 𝐿1: Log-likelihood of the model with 

indicator variables. 

At significance α, 𝐻0 is rejected if 𝐿𝑅 > 𝜒𝛼;(𝑔−1))
2  with 𝑔 being the number of groups. If 𝐻0 is 

rejected, the ordinal logistic regression model formed does not fit the data. 

Parameter Significant Test 

The parameter significance test is carried out to test whether the independent variables in the 

model are significantly associated with the dependent variable [6]. The parameter significance test 

consists of a simultaneous test and a partial test.  

The simultaneous parameter significance test is carried out using the likelihood ratio test method 

with the following hypothesis [6]: 

𝐻0: 𝛽1 = 𝛽2 =  …  = 𝛽𝑝 = 0 (There is no significant effect of the independent variable on the 

dependent variable) 

𝐻1: At least one 𝛽𝑝 ≠ 0 (There is at least one significant independent variable on the dependent 

variable) 

The test statistics used are as follows: 

𝐺 = −2(𝐿0 − 𝐿1) (10) 

where 𝐿0: Log-likelihood for a model without independent variables (only constants); 𝐿1: Log-

likelihood for the model with independent variables. 

At significance α, 𝐻0 is rejected if 𝐺 > 𝜒𝛼;𝑝
2  with 𝑝 denoting the number of parameters. If 𝐻0 is 

rejected, at least one independent variable is significant to the dependent variable [6]. 

A partial parameter significance test was conducted using the Wald test method with the following 

hypothesis [6]: 

𝐻0: 𝛽𝑝 = 0; 𝑝 = 1,2, . . . , 𝑃 (The 𝑝th independent variable has no effect on the dependent variable) 

𝐻1: Not so (The 𝑝th independent variable has an influence on the dependent variable) 

The test statistics used are as follows: 

𝑊 =
𝛽̂𝑝

𝑆𝐸̂(𝛽̂𝑝)
 (11) 

where 𝛽̂𝑝: Estimated coefficient of the 𝑝th independent variable; 𝑆𝐸̂(𝛽̂𝑝): Standard error of the estimated 

coefficient 𝛽̂𝑝. 
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At α significance, 𝐻0 is rejected if 𝑊2 > 𝜒𝛼;𝑝
2  where 𝑝 denotes the number of independent 

variables used. If 𝐻0 is rejected, the independent variable is significant or influences the dependent 

variable [6]. 

Model Evaluation 

The results of the ordinal logistic regression model must be evaluated. One of the methods that 
can be used to evaluate the model is the confusion matrix. The confusion matrix displays the 
performance of the modeling results. From the confusion matrix, accuracy, sensitivity, specificity, and 
balanced accuracy can be obtained. The display of the confusion matrix is shown in Table 2 [13]. 

Table 2. Confusion Matrix 

Actual 
Predicted 

Class 1 Class 2 Class 3 

Class 1 𝑓11 𝑓12 𝑓13 

Class 2 𝑓21 𝑓22 𝑓23 

Class 3 𝑓31 𝑓32 𝑓33 

 

where 𝑓𝑖𝑗  for 𝑖 = 𝑗 is the number of observations of the-𝑖 class that were correctly classified as the-𝑖 class 

and 𝑓𝑖𝑗  for 𝑖 ≠ 𝑗 is the number of observations of the-𝑖 class that are incorrectly classified as the 𝑗 class. 

 Table 2 shows the comparison between actual data and predicted data. The confusion matrix 

consists of true positive (TP), true negative (TN), false positive (FP), and false negative (FN). True 

positive (TP) is the number of positive classes predicted to be true positive. True negative (TN) is the 

number of negative classes predicted to be true negative. False positive (FP) is the number of negative 

classes predicted as positive. False negative (FN) is the number of positive classes predicted to be 

negative [14]. 

In this study, the model was evaluated using accuracy, sensitivity, specificity, and balanced 

accuracy with the following formula [15]: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (12) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (13) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (14) 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

2
 (15) 

Accuracy is the proportion of correctly predicted observations, sensitivity is the proportion of 

correctly predicted observations as a positive class, specificity is the proportion of correctly predicted 

observations as a negative class, and balanced accuracy is the average of sensitivity and specificity. 

 Model evaluation is essential to assess classification performance. However, for cases with an 

unbalanced class distribution, it is necessary to add other measurement values, namely sensitivity and 

specificity [16]. This is because minority classes contribute less to the accuracy calculation than majority 

classes. The sensitivity value indicates the proportion of observations that are correctly predicted as 

positive classes, and the specificity measures the proportion of observations that are correctly predicted 

as negative classes. From the sensitivity and specificity values, a balanced accuracy value can be 

obtained, which is a value that shows how well the model correctly predicts positive and negative classes 

[15]. 
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3. RESULTS 

Descriptive Statistical Analysis 

This section discusses descriptive statistics from observations totaling 225 outlets for each 

variable used in this study. Table 3 and Figure 1 show the distribution of outlets based on the location 

allowance zoning category. 

Table 3. Percentage and Number of Outlets by Zoning Category 

Zoning 

Category 

Number of 

Outlets 
Percentage Description 

Zone 1 106 47.1% No Allowance 

Zone 2 73 32.4% Allowance of a certain amount (Allowance A) 

Zone 3 & 4 46 20.4% Allowance greater than allowance A (Allowance B) 

 

 
Figure 1. Location Allowance Zoning Category Diagram 

 

Six variables are thought to influence the determination of location allowance zoning at Bank 

Syariah “X”, namely the consumer price index (CPI), human development index (HDI), construction 

cost index (CCI), infrastructure pillar index (IPI), outlet distance to the nearest health center (ODHC), 

and outlet distance to the nearest primary school (ODPS). Each outlet in the same district or city is in 

the same location allowance zoning category. Therefore, the observation unit for the CPI, HDI, CCI, 

and IPI variables is for each district/city. Meanwhile, the observation unit for ODHC and ODPS data is 

the outlet location because it calculates the distance from the outlet to the nearest health center and 

primary school. Table 4 presents the descriptive statistics of each independent variable. 

Table 4. Descriptive Statistics of Independent Variables 

 CPI HDI CCI IPI ODHC ODPS 

Minimum 111.8 64.13 83.86 1.330 57.45 37.61 

First Quartile 115.2 69.97 92.95 1.920 684.59 194.03 

Median 116.1 71.75 97.60 2.260 1077.89 376.87 

Mean 116.0 73.10 98.45 2.316 1206.40 404.74 

Third Quartile 117.1 75.70 102.63 2.640 1528.87 545.81 

Maximum 123.0 86.69 133.93 4.210 4114.07 1943.29 
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Data Preprocessing 

Data preprocessing must be done before processing and modeling with ordinal logistic regression 

to ensure the data is ready to be processed. In this research, data preprocessing involves outlier detection, 

data scaling, and data splitting. In this study, one of the data scaling methods used is the Min Max 

method. This method is sensitive to outliers [17]. Therefore, outliers will be removed for the data used 

for scaling with the Min Max method.  

Table 5. Comparison of Number of Outlets Before and After Outliers are Removed 

Zoning Category 
Number of Outlets 

before Outliers Removed 

Number of Outlets 

after Outliers 

Removed 

Zone 1 106 92 

Zone 2 73 64 

Zone 3 & 4 46 42 

 

Based on Table 5, there is a reduction in the number of outlets in Zone 1, Zone 2, and Zone 3 & 

4. The number of outlets in Zone 1 is reduced by 14 outlets, the number of outlets in Zone 2 is reduced 

by 9 outlets, and the number of outlets in Zone 3 & 4 is reduced by 4 outlets. 

 The distribution of data in this study has different units and quantities. Therefore, in this study, 

data scaling was carried out using the Min Max and Robust Scaler methods. Data scaling is done so that 

the data has uniform units and ranges to produce a good model. In addition, data scaling is done to avoid 

bias in the data processing process [18], [19].  

 Scaling data with the Min Max method is done by converting observed values into values 

ranging from 0 to 1. This method is sensitive to outliers [17]. Therefore, the data used is data without 

outliers, which is 198 observations. The second data scaling method is the Robust Scaler. This method 

is resistant to outliers [19]. Therefore, Robust Scaler uses the data before the outliers are removed, which 

is 225 observations.  

 This research divides the data into two parts, namely training data and testing data. The 

determination of the data split percentage is based on testing seven different data split percentages and 

two different data scaling methods. Table 6 and Table 7 show the comparison of balanced accuracy at 

each percentage of data division. 

Table 6. Balanced Accuracy from Data Scaling Using the Min Max Method 

Data Split Training Data Testing Data 
Balanced Accuracy 

1 2 3 & 4 

60:40 118 80 75% 64.8% 76.9% 

65:35 128 70 71.4% 61.8% 72.4% 

70:30 138 60 69.8% 59.5% 69.6% 

75:25 148 50 69.8% 62.1% 72.5% 

80:20 158 40 72.6% 63.9% 71.8% 

85:15 168 30 80.6% 70% 70.4% 

90:10 178 20 81.2% 70.8% 76.7% 

 

 Based on Table 6, the highest balanced accuracy is the data split with 90% training data and 

10% testing data. The balanced accuracy values for Zone 1, Zone 2, and Zones 3 & 4 are 81.2%, 70.8%, 

and 76.7%.  
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Table 7. Balanced Accuracy from Data Scaling Using the Robust Scaler Method 

Data Split Training Data Testing Data 
Balanced Accuracy 

1 2 3 & 4 

60:40 135 90 73.6% 60.8% 66.7% 

65:35 146 79 69.6% 57% 67.6% 

70:30 157 68 66.1% 51.8% 64.7% 

75:25 168 57 66.7% 52.9% 68.4% 

80:20 180 45 68.8% 55.7% 68.3% 

85:15 191 34 67.6% 55.4% 67.7% 

90:10 202 23 73.5% 55.4% 70% 

  

 Based on Table 7, the highest balanced accuracy is the data split with 60% training data and 

40% testing data. The balanced accuracy values for Zone 1, Zone 2, and Zones 3 & 4 are 73.6%, 60.8%, 

and 66.7%. Based on the comparison between the highest balanced accuracy in Table 6 and Table 7, the 

highest balanced accuracy is the data split with 90% training data and 10% testing data on the data scaled 

using the Min Max method. Therefore, this study uses 178 training data and 20 testing data on the scaled 

data using the Min Max method without involving outliers. 

 

Multicollinearity Detection 

Multicollinearity detection uses the variance inflation factors (VIF) value with VIF values for 

each independent variable shown in Table 8. 

Table 8. Multicollinearity Detection Results (VIF Value) 

Variable IHK IPM IKK IPI JOP JOSD 

VIF Value 1.054536 1.176913 1.086839 1.136817 1.019433 1.038699 

 

 Based on Table 8, the VIF value of all independent variables is less than 10, which means there 

is no multicollinearity between independent variables. 

 

Assumption of Proportional Odds 

The proportional odds model assumption test uses the likelihood ratio value test, and the test 

results are shown in Table 9. 

Table 9. Proportional Odds Model Assumption Test Results 

Model 
Log 

Likelihood 

Chi-

square 

Degrees of 

Freedom 

P-

Value 

The model with the same independent 

variable coefficient for each model in 

different categories (𝐿0) 

−139.90    

The model with unequal independent variable 

coefficients for each model in different 

categories (𝐿1) 

−136.38 7.0463 6 0.3166 

 

 Based on Table 9, the values of 𝐿0 =  −139.90 and 𝐿1 =  −136.38 are obtained so that 𝐿𝑅 =
−2(𝐿0 − 𝐿1) = −2(−139.90 − (−136.38)) = 7.04 <  𝜒0.05;6

2 = 12.59 with 𝑝 − 𝑣𝑎𝑙𝑢𝑒 =

 0.3166 > 𝛼 = 0.05 so 𝐻0 fails to be rejected. Therefore, the coefficients of the independent variables 

are the same for each model with different categories, which means the proportional odds assumption is 

met. 
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Goodness of Fit Test 

The method used to test model fit is the Lipsitz method, and the test results are shown in Table 

10. 

Table 10. Model Fit Test Results 

Statistical Test Value Degrees of Freedom P-Value 

3.147 9 0.9582 

 

 Based on Table 10, 𝐿𝑅 = 3.147 < 𝜒0.05;9
2 = 16.919 with 𝑝 − 𝑣𝑎𝑙𝑢𝑒 =  0.9582 > 𝛼 = 0.05 so 

𝐻0 fails to be rejected. Therefore, the ordinal logistic regression model fits the data. 

 

Parameter Significant Test 

The simultaneous parameter significance test was conducted using the likelihood ratio test, with 

the results shown in Table 11. 

Table 11. Model Fit Test Results 

Model 
Log 

Likelihood 

Chi-

square 

Degrees of 

Freedom 
P-Value 

Model without independent 

variables (𝐿0) 
−186.11    

Model with independent variables 

(𝐿1) 
−139.90 92.416 6 < 0.001 

 

 Based on Table 11, 𝐺 = −2(𝐿0 − 𝐿1) = −2(−186.11 − (−139.90)) = 92.416 > 𝜒0.05;6
2 =

12.6 with 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 𝛼 = 0.05 so 𝐻0 is rejected. Therefore, at least one independent variable is 

significant to the dependent variable. To assess the effect of each independent variable on the dependent 

variable, a Wald test was performed, and the results are presented in Table 12. 

Table 12. Partial Parameter Testing Results 

Variable Parameter Estimation P-Value Description 

CPI −0.1428 0.85016 Not Significant 

HDI −1.1089 0.16773 Not Significant 

CCI 6.9557 1.6 × 10−12 Significant 

IPI −2.4934 0.00363 Significant 

ODHC −1.4214 0.04491 Significant 

ODPS −0.7085 0.29481 Not Significant 

Zone 1 | Zone 2 0.2973   

Zone 2 | Zone 3 2.5083   

 

Based on Table 12, the p-value for the CCI, IPI, and ODHC variables is smaller than 𝛼 = 0.05, 

so 𝐻0 is rejected. Therefore, only the CCI, IPI, and ODHC variables influence the determination of 

location allowance zoning. After knowing what variables are significant in determining the zoning of 

location allowances, a new model was formed by involving only significant variables, namely the CCI, 

IPI, and ODHC variables, and the results are shown in Table 13. 

Table 13. Partial Parameter Testing Results Significant Variables 

Variable Parameter Estimation P-Value Description 

CCI 6.6466 2.1 × 10−12 Significant 
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Variable Parameter Estimation P-Value Description 

IPI −2.8949 0.000322 Significant 

ODHC −1.4938 0.033527 Significant 

Zone 1 | Zone 2 0.8302   

Zone 2 | Zone 3 3.0211   

  

 The final model of ordinal logistic regression is a model that only involves significant variables, 

namely the CCI, IPI, and ODHC variables. The final model of ordinal logistic regression is as follows. 

𝑙𝑛 (
𝛾1̂(𝒙)

1 − 𝛾1̂(𝒙)
) = 0.8302 − 6.6466𝑥3 + 2.8949𝑥4 + 1.4938𝑥5 (16) 

𝑙𝑛 (
𝛾2̂(𝒙)

1 − 𝛾2̂(𝒙)
) = 3.0211 − 6.6466𝑥3 + 2.8949𝑥4 + 1.4938𝑥5 (17) 

 

Model Evaluation 

The evaluation of the model was conducted using the test set data (10%) and the initial policy 

data of Bank Syariah "X". The results of model evaluation based on the test set data (10%) are shown 

in Table 14, the results of model evaluation based on the initial policy data of Bank Syariah "X" are 

shown in Table 15. 

Table 14. Model Evaluation Based on Test Set Data (10%) Results 

Evaluation Measurements Zone Category Percentage 

Accuracy  70% 

Sensitivity 

Zone 1 87.5% 

Zone 2 57.1% 

Zone 3 & 4 60% 

Specificity 

Zone 1 75% 

Zone 2 84.6% 

Zone 3 & 4 93.3% 

Balanced Accuracy 

Zone 1 81.2% 

Zone 2 70.8% 

Zone 3 & 4 76.7% 

Table 15. Model Evaluation Based on Initial Policy Data of Bank Syariah "X" Results 

Evaluation Measurements Zone Category Percentage 

Accuracy  64.4% 

Sensitivity 

Zone 1 82.1% 

Zone 2 45.2% 

Zone 3 & 4 54.3% 

Specificity 

Zone 1 66.4% 

Zone 2 79.6% 

Zone 3 & 4 94.9% 
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Evaluation Measurements Zone Category Percentage 

Balanced Accuracy 

Zone 1 74.2% 

Zone 2 62.4% 

Zone 3 & 4 74.6% 

 

The final model was created from 90% of training data using three significant variables, namely 

CCI, IPI, and ODHC. Based on Table 9, accuracy from 10% of test data using the model is 70%, and 

the balanced accuracy for Zone 1 is 81.2%, Zone 2 is 70.8%, and Zona 3 & 4 is 76.7%. Based on Table 

10, accuracy from initial policy data (225 outlets) using the model is 64.4%, and the balanced accuracy 

for Zone 1 is 74.2%, Zone 2 is 62.4%, and Zona 3 & 4 is 74.6%. Therefore, based on the formed ordinal 

logistic regression model, the model misclassified 80 outlets or 35.6% of outlets. 

4. DISCUSSIONS 

 The analysis of factors explaining the determination of location allowance zoning for Bank 

Syariah “X” outlets was conducted using the ordinal logistic regression method because the dependent 

variable (location allowance zoning) is ordinal. The selection of data for analysis was based on a 

comparison of balanced accuracy results obtained from seven training–testing data splitting schemes 

and various data scaling methods. Based on the comparison of the balanced accuracy results of each 

zone, the selected data division scheme is 90% training data and 10% testing data with the Min Max 

scaling method. In this study, the proportional odds model is used because it is the most common and 

frequently used model. The proportional odds model can be built if there is no multicollinearity and it 

fulfills the proportional odds assumption. Parameter estimation is done using the maximum likelihood 

method. The final model was formed from 90% of the training data, using three significant variables 

such as the construction cost index (CCI), the infrastructure pillar index (IPI), and the outlet distance to 

the nearest health center (ODHC). Based on the obtained ordinal logistic regression model equation, the 

estimated coefficient value for the CCI variable is −6.6466, so 𝑒𝑥𝑝(−6.6466) = 0.0013. It means that 

for every 1-point increase in the CCI, the likelihood of an outlet being classified in Zone 1 (compared 

to Zone 2 or Zones 3 & 4) or Zone 1 or Zone 2 (compared to Zones 3 & 4) decreases by a factor of 

0.0013. The estimated coefficient value for the construction cost index (CCI) variable is 2.8949, so 

𝑒𝑥𝑝(2.8949) = 18.0834. It means that for every 1-point increase in the CCI, the likelihood of an outlet 

being categorized in Zone 1 (compared to Zone 2 or Zones 3 & 4) or Zone 1 or Zone 2 (compared to 

Zones 3 & 4) increases by 18.0834 times. The estimated coefficient value for the variable distance from 

the outlet to the nearest health center (ODHC) is 1.4938, so 𝑒𝑥𝑝(1.4938) = 4.4542. It means that for 

every 1-meter increase in ODHC, the likelihood of an outlet being classified in Zone 1 (compared to 

Zone 2 or Zone 3 & 4) or Zone 1 or Zone 2 (compared to Zone 3 & 4) increases by 4.4542 times. The 

final proportional odds model produced an accuracy rate of 70%, and the balanced accuracy for Zone 1, 

Zone 2, and Zone 3 & 4 were 81.2%, 70.8%, and 76.7%, respectively. Based on the formed ordinal 

logistic regression model, 80 outlets, or 35.6% of the outlets, were misclassified by the model. 

5. CONCLUSION  

In this research, the following conclusions were obtained: 

1. Using the ordinal logistic regression method, this study identified the construction cost index 

(CCI), infrastructure pillar index (IPI), and outlet distance to the nearest health center (ODHC) as 

significant factors influencing the zoning of location allowances for Bank Syariah “X” outlets. A 

decrease in the construction cost index (CCI), an increase in the infrastructure pillar index (IPI), 

and an increase in the outlet distance to the nearest health center (ODHC) increases the odds of 

an outlet being classified as Zone 1 (versus Zone 2 or Zones 3 & 4) or in Zone 1 or Zone 2 (versus 

Zones 3 & 4). The final proportional odds model produced an accuracy rate of 70%, and the 

balanced accuracy for Zone 1, Zone 2, and Zone 3 & 4 were 81.2%, 70.8%, and 76.7%, 

respectively. 
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2. Based on the results of the proportional odds ordinal logistic regression model, the predicted 

location allowance zoning for the new Bank Syariah “X” outlets was as follows: Zone 2 for 

Bengkayang Regency, Zone 1 for Bangli Regency, and Zone 3 for Tual City. 
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