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Abstract-- Predicting maintenance and preventing failures in natural gas pipelines is critical for safety and 

efficiency in the oil and gas industry. This research utilizes machine learning (ML) and deep learning (DL) 

methods to predict failures in natural gas transmission pipelines. Using a dataset from the U.S. Department of 

Transportation’s Pipeline and Hazardous Materials Safety Administration (PHMSA), the study examines failure 

incidents from 2010-2019 and non-failure data from 2020-2023. The research involves comprehensive data 

preprocessing, addressing missing values and dataset imbalances. Key pipeline attributes such as diameter, wall 

thickness, age, and operating pressure are used for failure prediction. The ML approach employs logistic 

regression, optimized for binary classification tasks, to establish the probability of pipeline failures. For the DL 

approach, an Artificial Neural Network (ANN) with Feed Forward and Back Propagation algorithms is developed. 

Key parameters, including activation functions and hyperparameters, are finely tuned to enhance predictive 

performance. ReLU activation functions are used in input and hidden layers, while the sigmoid function is applied 

to the output layer. Performance evaluation of both ML and DL models is based on accuracy, F1 Score, and Area 

Under Curve (AUC). In summary, ML showed better performance than DL, with value of accuracy is 0.74, F1 

Score is 0.85, and AUC is 0.55 while the value of accuracy, F1 score, AUC from DL is 0.61, 0.003, and 0.58 

respectively. DL offers superior performance in handling complex and huge amounts of data. In the other hand, 

ML offers more robust models and simpler adjustable models than DL. Because of the amount of computed data in 

this research, it is better to have ML as a predictive algorithm.   
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I. INTRODUCTION 

Predicting maintenance and preventing failure are crucial in the oil and gas industry. Several incidents 

worldwide, including in Indonesia, are clear examples that neglecting process safety measures can severely 

harm the environment and result in loss of human life. Oil and natural gas are essential energy commodities that 

support daily life. Pipelines transport these hydrocarbons to various locations globally and can be categorized to 

a high-risk activity. Some of the reasons are due to the combination of the hazardous nature of the materials 

being transported, the complex technical and operational challenges, the potential for severe environmental 

impact, the aging infrastructure, and the human and organizational factors involved in their management and 

maintenance. These aspects necessitate stringent safety measures and continuous improvement in safety 

practices to mitigate risks effectively.[1]. 

In oil and gas distribution, a distribution facility, which consists of a piping system, transportation system 

and storage system, is required. The piping system alone can span thousands of kilometres, with various 

specifications [2]. Assessing the risk of failure in such extensive facilities demands substantial resources. 

Maintenance strategies are essential to ensure the pipes function effectively while keeping costs reasonable. 
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Inspection and repair expenses encompass several components, such as in-line inspection costs, major defect 

repairs, repairs at main points on the pipe, repairs to corroded parts, which are a function of time at the time of 

ongoing inspections [3].  

Due to the numerous and varied data sources, specialized methods are required to calculate and predict oil 

and gas pipeline failures. Monitoring the safety performance of oil and gas facilities necessitates multiple 

indicators that reflect the facility's actual condition. These indicators are then used to confirm that a process or 

equipment is operating correctly and to alert when a malfunction occurs. One commonly used indicator is the 

number of accidents and fatalities [4]. Hopkins proposed several key indicators, including backlogs of safety-

critical work, temporary repairs, levels of maintenance delays, and the percentage of maintenance task not 

completed on time. Several other studies increasingly discuss and identify safety indicators. Reiman and 

Pietikainen discussed about focusing on both the negative and positive aspects of safety performance so that the 

organizations can better anticipate and mitigate risks, ultimately leading to improved safety outcomes [5]. Paul 

Swuste highlighted that while process safety indicators are valuable tools for improving safety, their 

development and application require careful consideration of the unique aspects of each organization and 

process. Further research and regulatory support are essential for advancing the effectiveness of these indicators 

[6] 

Bao-ping Cai [7] employs Dynamic Bayesian Network (DBN) methods to predict failures in gas pipe 

structural systems.  The methodology used in DBN was using factors incorporated in pipeline system, such as 

deterioration and failure, and then integrates with environmental conditions, operational parameters, and 

historical failure data. Bao-ping Cai then found that the DBN-based resilience assessment approach is effective 

in modelling the complex dynamics of structural systems and offers valuable insights for improving the 

resilience of subsea oil and gas pipelines. Ensuring the resilience of engineering systems is crucial when facing 

catastrophic and unpredictable events. In the context of unforeseen natural disasters, any failure in oil and gas 

production facilities can significantly disrupt the company's overall operations. For example, Henry et al. [8] 

propose general metrics and suitable methods for evaluating resilience in highway system structures. They used 

quantify resilience, including probabilistic models, stochastic processes, and differential equations for 

quantifying the results of model complex system. Shirali et al. suggest a a methodology for quantitatively 

assessing resilience safety culture in a petrochemical plant by employing principal components analysis and 

numerical taxonomy. The approach aims to identify key factors and classify safety culture characteristics to 

enhance overall safety and resilience.[9] 

In the present work, the Deep Learning (DL) method, a subset of Machine Learning (ML), is used to predict 

failures in natural gas transmission pipes. ML and DL are compared for processing pipeline failure data, and 

their performance will be assessed in terms of accuracy, F1 Score, Area Under Curve (AUC), and other 

parameters. The comparison aims to determine which method works better for predicting pipeline gas failure.  

 

II. METHODOLOGY 

2.1 Raw Data 

The data used includes the history of gas transmission pipeline network failures in the United States in the 

period of 2010-2019 for failed pipelines and 2020-2023 for non-failed pipelines. Non failed data are considered 

by assuming that in 2020-2023 data, the pipeline have not failed yet in the period of 2010-2019. This open-

source data is available from the U.S. Department of Transportation's Pipeline and Hazardous Materials Safety 

Administration (PHMSA) website. The dataset is categorized into three groups. The first includes the physical 

characteristics of the pipes, such as nominal diameter, material, length, cover depth, and wall thickness. The 

second category involves operational conditions, like working pressure. The third consists of work logs related 

to the pipes, including pipe ID, years since installation, dates of historical breaks, incident report numbers, the 

operator responsible, the region of the pipe, and its latitude, longitude, and facility name. 

The downloaded dataset included 1692 entries from various gas transportation and distribution companies in 

the U.S. The distribution of this raw data is illustrated in Figure 1(a). The dataset initially included various 

pipeline system components such as valves, regulators, flanges, and pipe bodies, etc. The focus in this work was 

narrowed to the physical characteristics of the pipe bodies located both onshore and offshore, the percentage of 
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onshore vs offshore is 79.73% and 20.27%. After filtering the data to match our research focus, the number of 

entries was reduced from 1692 to 723.  
 

 
Figure 1. Pareto graph of raw dataset from PHMSA incident failure 

 

The dataset is then be split into two parts: 70% for training and 30% for testing. The training dataset include 

20% validation data to assess the performance during training.  

 

2.2 Method 

The dataset preprocessing, model development, application, and evaluation were conducted using R Studio 

software version 2023.03.0+386 for ML. Various packages, including "dplyr," "readxl," "psych," "caret," 

"corrplot," "imbalance," "ROSE," "tidymodels," "precrec," "keras," and "remotes," were installed in R Studio 

for data processing. The preprocessing steps encompassed data collection, cleansing, exploration, normalization, 

balancing, and splitting. Logistic regression, a common classification algorithm, was employed, with the class 

status threshold determined through trial and error. [10].  

For Deep Learning (DL), these steps were executed using Python on Google Colab. The preprocessed data 

from R was uploaded to Python, utilizing packages such as "pandas," "sklearn.model_selection," "tensorflow," 

and "keras." A feedforward neural network with the ReLU activation function was used as the algorithm. The 

performance of the ML and DL models was compared based on accuracy, sensitivity, specificity, F1 Score, and 

Area Under the Curve (AUC).  

2.2.1. Data Pre-processing: Data preparation is a crucial stage in the ML and DL processes, aimed at 

producing a high-quality dataset. A common issue during this stage is missing data, which can complicate the 

process and reduce efficiency, leading to incomplete datasets [11]. Ensuring complete and accurate data 

facilitates easier ML and DL processing. The preprocessing stage involves seven steps: data collection, data 

cleaning, data exploration, converting data to numeric form, data normalization, partitioning the data into 

training and testing sets, and addressing unbalanced data. 

During data cleaning, missing values in attributes are identified. Attributes with excessive missing values are 

removed to avoid reducing the model's predictive accuracy. For numerical attributes, missing values can be 

imputed by filling with zero, the mean, or the median [12]. When using the mean, it is important to ensure the 

data is well-distributed; otherwise, the median is used to minimize the impact of outliers. 

After cleaning, the dataset is converted into atomic vectors, forming a data frame in R programming. 

Categorical data within these data frames must be converted to numerical form using the Encode Categorical 

Features method. Data exploration involves selecting important attributes that contribute to failure factors in a 

gas pipe system. Compiling and selecting a subset of features improves the performance of failure prediction 

models [13].  

Normalization scales the data between 0 and 1, speeding up the convergence process in the model. This step 

is necessary because the features often have large value variations. In the context of Artificial Neural Networks 

(ANN), normalization is preferred to avoid making assumptions about the data distribution. In contrast, 
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standardization, typically used in ML algorithms, assumes a normal/Gaussian distribution and accounts for 

features with different units. 

The normalized dataset is then split into 70% for training and 30% for testing. Finally, to balance the dataset, 

the Randomly Over Sampling Examples (ROSE) package is used.  

2.2.2. Machine Learning Development: The algorithm used in ML is logistic regression, where this method 

is used for binary classification tasks, where the outcome variable has two possible values, usually represented 

as 0 and 1. The logistic regression has the following form:  

𝑓 (𝑥) =  
1

1+ 𝑒−𝑥      [1] 

whereas x is result from Generalized Linear Model (GLM) calculation, and f(x) is probability result. GLM 

calculation is obtained in the R studio using the GLM function.  

Logistic regression is used for classification cases, so it is necessary to set a threshold or limit of result 

values where the results of the GLM modeling created previously (x-axis) will have a probability of failure or 

success, namely between 0 and 1 (y-axis). The threshold used in this research is the result of trial and error in R 

studio, which looked for the highest accuracy value. The accuracy value referred to here is how much the 

predicted and actual results both produce a failed prediction category.  

2.2.3. Deep Learning Development: DL uses Artificial Neural Networks (ANN) as a programming 

architecture for training and evaluating selected algorithms. The algorithm used is Feed Forward and Back 

Propagation. These algorithms work together to produce predictions and reducing the errors in one epoch. Some 

of the important parameters in DL are number of layers, activation function, weight function, bias function and 

loss function. For tuning the model, was using hyperparameter function such regularization technique, dropout 

function, and learning rate.  

Activation function was using ReLU on the input and hidden layer [14], meanwhile for the output layer was 

using sigmoid as activation function. Bias initialization using method zeros. The activation function from each 

layer generally has the equation as follow:  

𝑋𝑗
𝑙 =  ∑ (𝑤𝑖𝑗

𝑙−1𝑂𝑖
𝑙−1 + 𝑏𝑖𝑗

𝑙−1)𝑛
𝑖=1             [2] 

Whereas l is the layer number, j is the series number of the nodes, n is the total nodes on the previous layer, 

O is the output value in the next layer, w is weight nodes connected to the next layer, and b is bias.  

The correlation between input value and output value has an equation as follow:  

𝑂 = 𝑓𝑚(𝑤𝑚𝑓𝑚−1(𝑤𝑚−1𝑓𝑚−2(… 𝑓1(𝑤1𝑥1 + 𝑏1) … + 𝑏𝑚−2) + 𝑏𝑚−1) + 𝑏𝑚)  [3] 
 

The equation [3] can be called as feed forward equation. While for back propagation, the equation is as 

follow:  

𝐸 =  
1

𝑁
∑ ||𝑂 − 𝑂̂||2𝑁

𝑝=1                       [4] 

Whereas N is total epochs/training number, O is output value, and 𝑂̂ is observed value.  
The weight function was using Glorot Initialization. Loss function on back propagation algorithm using 

binary cross-entropy loss function. Binary cross-entropy function has equation form as follow:  

𝐿 (𝑦, 𝑦̂) =  −
1

𝑁
∑ [𝑦𝑖 log(𝑦̂𝑖) + (1 −𝑁

𝑖=1 𝑦𝑖) log(1 − 𝑦̂𝑖)]   [5] 

Whereas y is correct label (0 or 1), 𝑦̂ is predicted probability with class 1, and N is number of 

examples.  
2.2.4. Measuring Performance: This test aims to assess the performance of a model algorithm to determine 

if it is effective. Common methods used include the Confusion Matrix and Area Under the Curve (AUC). The 

Confusion Matrix is widely used in machine learning and statistics to evaluate the performance of classification 

models, especially in supervised learning. It includes the following components: True Positive (TP), True 

Negative (TN), False Positive (FP), and False Negative (FN), which help calculate various performance metrics. 
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TABLE 1. 

Confusion Matrix 
 

 Actual Values 

Positive Negative 

Predicted 

Values 

Positive 
TP (True 

Positive) 

FP (False 

Positive) 

Negative 
FN (False 

Negative) 

TN (True 

Negative) 
 

After determining the values of TP, TN, FP, and FN, several parameters can be calculated: Accuracy, which 

measures the overall correctness of the model; Precision, which measures the proportion of true positive 

predictions; Recall (Sensitivity or True Positive Rate), which measures the proportion of actual positives 

correctly predicted; Specificity, which measures the proportion of actual negatives correctly predicted; and the 

F1 Score, which is the weighted average of Precision and Recall. 

The Area Under the Curve (AUC) evaluates the performance of binary classification models. It measures 

how well the model distinguishes between two classes (positive or negative) based on its predictions. AUC 

represents the area under the Receiver Operating Characteristic (ROC) curve, which graphically shows the 

model's performance across different threshold levels. AUC values range from 0 to 1, indicating the model's 

classification ability from poor to excellent. The AUC values are classified into several categories based on 

research by Hosmer and Lemeshow [15]. The closer the value is to 1, the better classification task is performed. 

  

III.  RESULT AND DISCUSSION 

The data cleansing result described in Figure 2. Attribute “Rupture_Length” and “Rupture_Width_Length” 

have the highest missing values, which is 88%. Because this attribute has very high missing values, it will be 

removed as a predictor because it can influence the prediction results by causing calculation bias. There are still 

quite a lot of missing values in Figure 4.1, which will be replaced with the median value of each column. 

However, with N/A in each column, it will not be able to produce the desired median value. Next, the median 

for each column is calculated without considering the N/A, then after getting the numerical results, the results 

will replace the N/A.  

 
Figure 2. Missing values distribution on each attribute 

 

In this research, from around 622 existing attributes, the author chose attributes that were considered to 

contribute to pipe failure. Attributes that have no effect as predictors, such as incident details, incident location, 

etc. are categorized as unused data. A detail of influential attributes can be seen in Table 2.  
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TABLE 2. 

Research Attributes Detail 
 

Data Type Attribute Variable Type 
Data variation 

Pipa Pipeline system 

Numerical 

Pipe Diameter Independent 29 N/A 

Pipe Wall Thickness 
Independent 

82 N/A 

Pipe SMYS 
Independent 

30 N/A 

Age 
Independent 

79 90 

Accident Pressure 
Independent 

424 756 

Length Segment Isolated 
Independent 

478 737 

Maximum Operating Pressure 
Independent 

260 425 

Depth of Cover 
Independent 

81 100 

Factor 

Pipe Specification 
Independent 

19 N/A 

Pipe Coating Type 
Independent 

11 N/A 

Class Location 
Independent 

4 

Status Dependent 2 
 

The imbalance data has a 74,61% and 25,39% or around 3:1 comparison between “Fail” and “No-Fail” 

category. After given the ROSE package, the value was shift to 53,49% and 46,51% or around 1:1 between 

“Fail” and “No-Fail” category. The correlation between attributes after normalization can be seen in Figure 3. To 

make future calculations easier, the attributes for each column have been renamed. X1 is the Pipe Diameter, X2 

is the Pipe Wall Thickness, X3 is the SMYS of the Pipe, X4 is coating type, X5 is pipe age, X6 is length 

segment pipe, X7 is Accidental vs MOP, X8 is depth pipe, X9 is location pipe failure, and X10 is the Class 

Location Type. 

  
Figure 3. Correlation between each attribute Figure 4. ROC curve 

 

This correlation graph between attributes explains the correlation between the attributes. The highest value is 

1 and the lowest is -1, where a positive value indicates that one attribute is directly proportional to another, 

while negative means it is inversely proportional. The higher the correlation value, the attributes involved have 

almost the same information and one can be removed to simplify calculations. The highest value is the 

correlation between X1 and X3 with a value of 0.67. This value category is still quite low (below 0.75), which 

means that these two attributes do not have much of the same information.  

ML used threshold of 0.65 as the optimum classification with the highest accuracy value. This value was 

obtained by trial and error and has TP up to 160. Figure 4 shows the comparison between sensitivity and 

specificity values. The red graph shows the combination of all the probabilities resulting from the experiment. 
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The red graph is to the left of the linear dotted line, which indicates that the results are positive towards 1. Even 

though it is not straight and at the bottom, the greater the specificity, the closer the classification is to the linear 

line. The further away from the dotted linear line, the better it will be because the classification is heading 

towards 1. The value proposed as a reference is the pipe failure value, marked with the number 0 in the initial 

classification data. The threshold value is 0.65, so if the response produced is less than the threshold, the more it 

will be classified as "No Fail". Vice versa, if the response produced is more than the threshold, it is classified as 

"Fail". Increasing the threshold value can reduce the specificity value, resulting in a risk of reduced accuracy. 

This can be seen from models 5 and 6, where more pipes will be classified as pipes that have not experienced 

failure. Vice versa, reducing the threshold value will increase specificity where the pipe data response will 

experience more failures.  
 

TABLE 3. 
Model Performance Comparison in Logistic Regression 

 

 Logistic Regression – ML 

Threshold 0,30 0,50 0,65 

 Model 1 Model 2 Model 3 

Accuracy 0,25 0,60 0,74 

Sensitivity 0 0,64 0,98 

Specificity 1 0,49 0,02 

F1 Score NA 0,71 0,85 

AUC 0,48 0,55 0,55 

 

Table 3 shows the three different models in terms of threshold value. The most optimal model is shown in 

Model 3 with optimum accuracy values with optimum sensitivity and specificity as well. In this case, a 

sensitivity value of 1 means the model can recognize all examples that belong to the positive class, as well as a 

value of 0 which means the model is unable to identify the positive class at all. Specificity with a value of 1 

means that the model is perfectly able to recognize all examples that belong to the negative class, as well as a 

value of 0 which means it is not able to recognize the negative class at all. Determining these 3 types of 

threshold values is done by trial and error. The AUC value in Model 6 is also the highest among the other 

models. The higher the AUC value, the more the model is classified as true positive, or the predictions and 

actual are the same. 

The training dataset is used when processing DL and ML algorithms, while the testing dataset is used to test 

the model performance. The number of dataset items in training is 517 while testing is 220. Creating a DL 

architecture using several layers, where there is an input layer, a hidden layer, and an output layer. For the input 

layer, there are 10 independent variables and for the output layer there is 1 dependent variable. Determining how 

many hidden layers there are depends on how much data it has. Many hidden layers require a large amount of 

data in terms of variables and items. In this research, because the number of variables is only 10 and the number 

of items is only 517, there are only 4 hidden layers. The first/input layer has 10 nodes, the second layer has 32 

nodes, the third layer has 16 nodes, the last/output layer has 1 node. The schematic ANN of this architecture is 

given in the Figure 5. Learning rate also plays an important role in tuning the graphics. Small learning rate make 

sure that the graphic did not experience overshoot problem. In this study, the learning rate used is 0.0001.  
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Figure 5. ANN architecture scheme 
(a) (b) 

Fig 6. (a) Accuracy vs epochs curve, (b) Loss vs epochs curve 
 

Figure 6 shows the result of DL based on parameters that have been settled as per explanation in Section 

2.2.3. The previous training dataset needs to be split again by 20% for validation purposes. This was performed 

to test the parameter values in the training dataset, such as accuracy and loss against other datasets, in this case 

the validation dataset. 1x epochs indicates one feedforward and backpropagation algorithm process at once. 

Figure 6 (a) shows that with the increasing number of epochs given, the accuracy value on the training dataset 

tends to increase, while on the validation dataset it tends to decrease. Meanwhile, Figure 6 (b) shows that the 

loss is increasing. Figure 6 (b) shows that the loss is decreasing as the epochs increase. This is in accordance 

with the accuracy graph in (a), if the accuracy increases, the loss will decrease.  

The training and validation datasets should have a linear relationship because they come from the same 

dataset source and the same algorithm processing. The difference is that when the graph between training and 

validation crosses, the crossing point indicates the maximum accuracy of a model, and the model has 

experienced overfitting afterwards.  In Figure 6 (a) there is a slight difference where training and validation have 

non-linear graphs. At epochs below 10, both images show that the model is converging, meaning that epochs 

more than 10 increase the distance between training and validation, which indicates overfitting. In general, the 

results obtained from the model with training data with details of 4 layers and a total of 897 trained parameters 

above produce an accuracy value of 51.33% and a loss of 69.75%. 
 

TABLE 4. 
Model Performance Comparison in Deep Learning 

 

 Feedforward - DL 

Threshold 0,30 0,5 0,65 

 Model 1 Model 2 Model 3 

Accuracy 0,58 0,61 0,61 

Sensitivity 0,36 0,33 0,33 

Specificity 1 0,33 0,33 

F1 Score 0,31 0,003 0,003 

AUC 0,58 0,58 0,58 
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Table 4 shows the comparison of accuracy, sensitivity, specificity, F1 Score and AUC values. Model 2 with a 

threshold of 0.5 has an optimum value compared to the other 2 models. This is because in DL, determining the 

threshold is determined by how many layers of the ANN are used, the number of nodes, the activation function, 

and so on. Meanwhile, in ML logistic regression, the algorithm model used is only GLM, with parameter 

settings directly referring to looking for a higher AUC value by changing the threshold value. 
 

TABLE 5. 
Confusion Matrix Comparison between ML and DL 

 

Logistic Regression (ML) 
Actual 

Fail No Fail 

Predicted 
Fail 160 55 

No Fail 5 0 

Feed forward (DL) 
Actual 

Fail No Fail 

Predicted 
Fail 155 53 

No Fail 10 2 

 

 A positive value is when the model can predict that a pipe will fail ("Fail"), in this case the value in the 

status is 0. From a total of 220 testing data, ML produces more values, which is 160 compared to DL which is 

150.  
 

TABLE 6. 

Comparison performance between ML and DL 

 

 Logistic Regression - ML Feed forward - DL 

Threshold 0,30 0,50 0,65 0,30 0,50 0,65 

 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 

Akurasi 0,25 0,60 0,74 0,58 0,61 0,61 

Sensitifitas 0 0,64 0,98 0,36 0,33 0,33 

Spesitifitas 1 0,49 0,02 1 0,33 0,33 

F1 Score NA 0,71 0,85 0,31 0,003 0,003 

AUC 0,48 0,55 0,55 0,58 0,58 0,58 

 

In ML, the most optimal model is Model 3 while in DL it is Model 2, using respective threshold values of 

0.65 and 0.50. If we compare the results of each parameter, ML has a higher value in terms of accuracy, 

sensitivity and F1 score. Higher accuracy indicates that ML has a much better proportion of correct predictions. 

The sensitivity of ML is much higher which indicates that ML has a higher proportion of positives that are 

correctly detected by the model in this case the more they are classified as “Fail”. However, sensitivity that is 

too high will result in the model not really considering the number of False Positives. The F1 Score indicates 

whether a model is stable or not, because the F1 Score calculates precision and recall. The result is that ML is 

much more stable compared to DL, because DL has many nodes, layers, and complex activation functions. 

These things require further tuning and interpretation to prevent overfitting. DL can provide a higher F1 Score 

on complex and imbalanced datasets due to its ability to learn better feature representations. Between Models 2 

and 3 on the DL, the values are all the same, which indicates that the model has experienced overfitting at a 

threshold above 0.50.  

The AUC value for DL is slightly higher than for ML, because DL models are often able to learn non-linear 

patterns in the data. Graphically it can also be seen that the two are not too different. The AUC results can be 
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seen graphically in Figure 7. Furthermore, if we refer to the classification of AUC values made by Hosmer and 

Lemeshow [11], then the values of 0.55 and 0.58 in ML and DL are still categorized as incorrect classification. 

 
 

(a) (b) 

Figure 7.AUC graph comparison between (a) ML and (b) DL 

 

IV. CONCLUSION 

Deep learning (DL) can be applied to predict the potential failure of pipes by creating neural networks with 

multiple layers and performing calculations for failure classification. Key considerations include data 

preprocessing to ensure a uniform dataset for accurate predictions. Factors influencing DL prediction include the 

number of hidden layers, with more layers increasing model complexity and data requirements. In this case, two 

hidden layers were used and already indicating the overfitting problem. Activation functions such as ReLU and 

sigmoid are used for hidden and output layers, respectively. The loss function employed is binary cross-entropy 

to enhance classification accuracy. A small learning rate (0.0001) prevents overshooting, and L2 kernel 

regularization reduces overfitting. The number of epochs and batch size affect the simulation, with 100 epochs 

showing overfitting and early convergence. Comparatively, machine learning (ML) performed better, yielding 

higher accuracy and stability with a prediction accuracy of 0.74, F1 score of 0.85, and AUC of 0.55, whereas DL 

had a prediction accuracy of 0.61, F1 score of 0.003, and AUC of 0.58. 
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