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Abstract 
 

Delayed BPJS claim payments can disrupt hospital financial management, requiring prediction based on historical data. This study applies 

an Artificial Neural Network using the Backpropagation algorithm to predict delayed BPJS claim payment status in Binjai City. Claim data 

from 2023–2024 were used for training, while 2025 data were used for testing. The model employed a 4–3–1 architecture, a learning rate 

of 0.2, a maximum of 10,000 epochs, and a target error of 0.01 using MATLAB. Training produced a Mean Squared Error of 0.0091831 

at the 87th epoch. Testing on 12 records yielded 11 correct predictions and one incorrect prediction, achieving 91.67% accuracy. These 

results indicate Backpropagation performs well and may support faster, objective, consistent, measurable claim payment evaluation in 

hospitals. 
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1. Introduction 

The National Health Insurance (JKN) program, administered by BPJS Kesehatan, is one of the cornerstones of healthcare financing in 

Indonesia. At referral healthcare facilities, payment for services is made through the Indonesian Case-Based Groups (INA-CBGs) system, 

which requires complete administrative documentation, accurate coding, and a well-organized claims verification process. The accuracy 

of claims payments is critical because these funds directly impact cash flow, operational activities, and the sustainability of hospital service 

quality [1]. 

 

In practice, delays in claim payments remain a problem that can cause financial losses for hospitals [2]. These delays are generally caused 

by incomplete documentation, discrepancies between diagnoses and INA-CBGs codes, errors in coding medical procedures, discrepancies 

in verification results, and the high workload of staff [3]. These conditions prolong the claim disbursement process and can disrupt the 

procurement of medications, payments to medical staff, and hospital operational funding [4]. 

 

Efforts to address claim delays have so far primarily involved document reviews, administrative improvements, staff capacity building, 

and inter-unit coordination. However, these approaches remain reactive in nature because they are implemented only after claims have 

been put on hold or experienced delays [5]. Previous research has also largely focused on the causes and impacts of claim delays, but has 

not yet produced a system capable of predicting the risk of delays early on based on historical data patterns [6]. 

 

One method that can be used to build such a prediction system is an Artificial Neural Network using the Backpropagation algorithm [7]. 

This method is capable of learning nonlinear relationships and recognizing complex patterns through a process of adjusting weights based 

on prediction errors [8]. Previous research has shown that backpropagation has been successfully used to predict inflation rates, rainfall, 

and food prices with low error rates and good accuracy [9]. 

 

Nevertheless, the application of backpropagation in previous studies has primarily been used to predict economic, environmental, and 

commodity phenomena, whereas its application to predict the status of late payments for BPJS Kesehatan claims remains limited [10]. 

Furthermore, there have not been many studies that specifically use historical claim data from Djoelham Binjai General Hospital as the 

basis for classifying claims as late or on time [11]. Therefore, this study applies a Backpropagation Artificial Neural Network to build a 

predictive model for BPJS Kesehatan claim payment delays and to measure its performance based on the Mean Squared Error and accuracy 

rate [8]. 
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2. Research Methods 

2.1. Research Data and Variables 

This study uses 36 historical BPJS Kesehatan claim records from Djoelham General Hospital in Binjai for the 2023–2025 period. A total 

of 24 data points from 2023–2024 were used as training data, while 12 data points from 2025 were used as testing data. The data included 

service type, document completeness, verification status, claim processing time, and payment delay status. 
 

Table 1: Research variables 

Symbol Variables Description 

X1 Type of service Outpatient or inpatient 

X2 Document completeness Complete or incomplete 

X3 Verification status Approved or requires revision 

X4 Claim processing time Payment processing time in days 

Y Delay status Late or on time 

 

Variables X1 through X4 are used as inputs, while variable Y is used as the model’s output target. 
 

Table 2: BPJS Health Claims Data 

Years ID Type of service Document completeness Verification Claim processing time Target 

2023 K001 Inpatient Care Complete Approved 10 It's Not Too Late 

2023 K002 Outpatient Care Complete Approved 12 It's Not Too Late 

... ... ... ... ... ... ... 

2023 K012 Outpatient Care Complete Approved 15 It's Not Too Late 

2024 K001 Inpatient Care Complete Approved 9 It's Not Too Late 

... ... ... ... ... ... ... 

2024 K012 Outpatient Care Complete Approved 14 It's Not Too Late 

2025 K051 Inpatient Care Complete Approved 10 It's Not Too Late 

... ... ... ... ... ... ... 

2025 K062 Inpatient Care Incomplete Correction 19 It's Too Late 

Source: BPJS Kesehatan claims data from Djoelham General Hospital in Binjai for the 2023–2025 period. 

 

2.2. Research Data and Variables 

Claim data first undergoes transformation and normalization so that it can be processed by the Artificial Neural Network. Categorical 

variables are converted to numerical values, while the claim processing duration variable is normalized to the range 0–1. This step is 

performed to ensure that all variables are in a format compatible with the binary sigmoid activation function. 

 
Table 3: Research Data Transformation 

Variables Category Value 

Type of service Outpatient 0 

Inpatient 1 

Completeness of 

Documents 

Complete 0 

Incomplete 1 

Verification Status Under Review 0 

Approved    1 

Delay Status Not Late 0 

Late 1 

 

Normalization was performed on the claim processing duration variable using the Min-Max Normalization method as follows: 

 

X′= 
𝐗−𝐗𝐦𝐢𝐧

𝐗𝐦𝐚𝐱−𝐗𝐦𝐢𝐧
                     (1) 

For example, a claim processing time of 10 days—with a minimum of 8 days and a maximum of 20 days—results in the following 

normalized value: 

 

X′= 
𝟏𝟎−𝟖

𝟐𝟎−𝟖
  = 0,17                    (2) 

 

The results of the transformation and normalization are then used as input data for the model training and testing processes. Examples of 

the processed data are shown in Table 4. 
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Table 4: Research Data Transformation 

ID Claim X1 X2 X3 X4 Y 

K001 1 0 1 0,17 0 

K002 0 0 1 0,33 0 

K003 0 0 1 0,00 0 

K004 1 1 0 1,00 1 

... ... ... ... ... ... 

K012 0 0 1 0,58 0 

Source: Analysis of BPJS Kesehatan claim data from Djoelham General Hospital in Binjai. 

2.3. Backpropagation Artificial Neural Network Architecture 

The artificial neural network architecture used is a 4–3–1 architecture, consisting of four neurons in the input layer, three neurons in the 

hidden layer, and one neuron in the output layer. The four input neurons represent service type, document completeness, verification status, 

and claim processing time. The single output neuron generates a prediction of the claim payment status—whether it is late or not. 

 
Table 5: Network architecture and parameters 

Components Configuration 

Input layer 4 neuron 

Hidden layer 3 neuron 

Output layer 1 neuron 

Network architecture 4–3–1 

Activation functions Sigmoid biner 

Learning rate 0,2 

Maximum epoch 10.000 

Target error 0,01 

Software MATLAB 

 

The binary sigmoid activation function is used because it produces outputs in the range of 0 to 1, making it suitable for binary classification. 

In this study, output values close to 0 are categorized as on-time claims, while values close to 1 are categorized as late claims. The model 

architecture can be described as follows: 

 

(𝑿𝟏,𝑿𝟐,𝑿𝟑,𝑿𝟒) → (𝒁𝟏, 𝒁𝟐,𝒁𝟑) → 𝒀                 (3) 

 

Description: 

 

X1 : service type 

X2 : document completeness 

X3 : verification status 

X4 : claim processing time 

Z1−Z3 : neurons in the hidden layer 

Y : claim payment delay status 

 

A learning rate of 0.2, a maximum of 10,000 epochs, and a target error of 0.01 were used in the model training process using MATLAB. 

 

2.4. Training and Testing Process 

The The training process was conducted using 24 claim data points from 2023–2024, while 12 data points from 2025 were used in the 

testing phase. The data was split by period so that the model could be trained using historical patterns and tested on new data it had not 

previously encountered. The entire training and testing process was implemented using MATLAB. 

 

The training stages of the Backpropagation Artificial Neural Network are shown in Table 6. 
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Table 6: Model training stages 

Stage Process 

1 Input the transformed and normalized data 

2 Initialize the network’s weights and biases 

3 Perform the feedforward process 

4 
Calculate the difference between the network’s output and 

the target 

5 Perform backpropagation to update the weights 

6 
Repeat the process until the target error or the maximum 

number of epochs is reached 

7 Save the trained weights for testing 

 

In the feedforward process, input values are passed to the hidden layer and the output layer to obtain a predicted output. Next, the output 

value is compared with the target to obtain an error value. This error is backpropagated from the output layer to the hidden layer to update 

the network’s weights and biases. The process is repeated until the error value reaches the target of 0.01 or the number of training epochs 

reaches a maximum of 10,000. 

 

Once the training process is complete, the resulting network weights are used to test the 2025 claims data. The model’s output is then 

classified into two categories: a value of 0 for claims that are not late and a value of 1 for late claims. The predicted results are compared 

with the actual values to assess the model’s ability to predict delays in BPJS Kesehatan claim payments. 

 

3. Results and Discussion 
3.1. System Implementation 
 

The The BPJS Kesehatan claim payment delay prediction system was developed using MATLAB R2015b. The system interface consists 

of a main menu, a Backpropagation menu, and an analysis results menu. The main menu serves as a navigation page for accessing the 

training and testing processes, viewing prediction results, and exiting the application. 

 

 
Fig. 1: The system’s main menu screen 

 

The Backpropagation menu is the main page for running the model training and testing processes. In the training section, users can import 

training data and targets, and specify the learning rate, maximum number of epochs, and target error. In the testing section, users can import 

test data, run the prediction process, and view the accuracy rate, the number of correct predictions, and the number of incorrect predictions. 

 

 
Fig. 2: Backpropagation menu display 
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3.2. Model Training Results 

The training process was conducted using 24 BPJS Kesehatan claim datasets from 2023–2024. The model used a 4–3–1 architecture, a 

learning rate of 0.2, a maximum of 10,000 epochs, and a target error of 0.01. The training process in the system began by importing the 

data and targets, entering the network parameters, and then clicking the “Start Training” button. 

 

 
Fig. 3: Implementation of the model training process 

 

The training results show that the network achieved an MSE value of 0.0091831 at the 87th epoch. This value is smaller than the target 

error of 0.01, so training was automatically stopped with the status “Performance Goal Met.” This result indicates that the network 

successfully converged without using the entire maximum limit of 10,000 epochs. 

 

 
Fig. 4: Model training performance graph 

 

The performance graph shows a gradual decrease in MSE until it reaches its best value of 0.0091831 at epoch 87. This decrease indicates 

that the process of updating the weights and biases brings the network’s output closer to the target. Additionally, the regression coefficient 

of 0.99177 indicates a very strong relationship between the network’s output and the target value. 

3.3. Section headings 

The testing process was conducted using 12 BPJS Kesehatan claim data points from 2025 that had not been used in training. The test data 

was imported via the “Import Test Data” button; the system then loaded the trained model, performed normalization, and generated 

predictions based on a threshold value of 0.5. Output values ≥ 0.5 were classified as “late,” while outputs < 0.5 were classified as “not 

late.” 
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Fig. 5: Implementation of the model testing process 

 

The test results show that 11 out of 12 data points were predicted correctly, while one data point resulted in a prediction error. Thus, the 

model’s accuracy rate is 91.67%. These results indicate that the model has good generalization ability in recognizing patterns of late claim 

payments in new data. 

3.4. Analysis of Prediction Results 

The analysis results menu displays a prediction table, the number of test data points, the number of correct and incorrect predictions, the 

accuracy rate, a bar chart, and a pie chart. This display makes it easy for users to evaluate the model’s results without performing manual 

calculations. 

 

 
Fig. 6: Display of prediction analysis results 

 

The analysis results show that delays tend to occur in claims with incomplete files, verification statuses that still require correction, and 

relatively long claim processing times. Conversely, complete files, approved verification statuses, and shorter processing times tend to 

result in a “not delayed” classification. This pattern indicates that the model is capable of learning the relationship between the input 

variables and the claim payment delay status. 

3.5. Black-Box Testing Results 

Black-box testing was conducted to ensure that each function in the application could receive input and produce output according to user 

requirements. The testing focused on navigation, data import, model training, data testing, and result presentation without examining the 

internal program code structure. 
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Table 7: Black-box testing results 

No. Menu/Function Test Scenario Expected Result Result 

1 
Backpropagation 

menu 

Select the Backpropagation 

menu 

The training and testing page is 

displayed 
Successful 

2 
Import training 

data 
Select the training data file 

The training data is displayed in the 

table 
Successful 

3 
Import training 

target 
Select the training target file The target data is displayed in the table Successful 

4 Training process 
Run the training process 

after entering the parameters 

The system displays the MSE and epoch 

values and saves the model 
Successful 

5 Import testing data Select the testing data file The testing data is displayed in the table Successful 

6 Testing process Run the testing process 

The system produces predictions, 

accuracy, and the numbers of correct 

and incorrect predictions 

Successful 

7 Analysis results 
Select the prediction results 

menu 

The system displays the result table and 

visualisations 
Successful 

8 Main menu Select the main menu 
The system returns to the application’s 

main page 
Successful 

9 Exit menu Select the exit menu The application closes successfully Successful 

Source: Application testing results using the black-box testing method. 

 

The testing results demonstrate that all application functions operated according to the predefined scenarios. The system successfully 

imported data, trained the model, tested new data, calculated prediction accuracy, and presented the results in tables and graphical 

visualisations. No functional errors were identified during testing. Therefore, the application met the specified functional requirements and 

was considered suitable as a supporting tool for predicting delays in BPJS Kesehatan claim payments. 

4. Conclusion  

This study successfully implemented an Artificial Neural Network using the Backpropagation algorithm to predict delays in BPJS 

Kesehatan claim payments at RSU Djoelham Binjai. The model employed a 4–3–1 network architecture, a learning rate of 0.2, a maximum 

of 10,000 epochs, and a target error of 0.01. The training process achieved an MSE of 0.0091831 at the 87th epoch and a regression 

coefficient of 0.99177, indicating a strong relationship between the network output and the target values. 

 

Testing on 12 claim records from 2025 produced an accuracy of 91.67%, with 11 correct predictions and one incorrect prediction. The 

model identified that incomplete documents, claims requiring verification corrections, and longer processing times were associated with a 

higher risk of payment delay. Black-box testing also confirmed that all application functions operated successfully. Therefore, the 

developed model can support early identification and evaluation of potential delays in BPJS Kesehatan claim payments. 
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