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1. Introduction 
In the rapidly growing field of software development, the success of software projects is critical for 

organizations because it provides broad strategic benefits, including operational efficiency and driving 

product innovation in a competitive market [1], [2]. However, research shows that most projects do not 

meet their objectives [3], [4] most software projects exceed their established time and budget constraints 

[5], which often leads to financial losses and waste of resources [6]. The Chaos report from Standish 

Group highlights that around 65% of software projects face challenges of exceeding budget, being late, 

or failing due to not meeting quality standards [7]. The alarming trend of software project failures makes 

it imperative to develop predictive models [8], to be able to assess the likelihood of project success or 

failure early on [9], [10], thus enabling proactive intervention against the factors that cause failure. 
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 The success of a software project is a crucial factor in the information 

technology industry, but it is often difficult to predict due to its complexity 

and high dynamics. This research aims to develop a model for predicting 

the success of software projects, particularly B2C e-business software in 

Indonesia, utilizing a machine learning approach. This study involved 28 

variables that affect the success of software projects obtained from previous 

research. The dataset was compiled from the historical records of software 

projects from various software development companies in Indonesia. The 

predictive model was developed using Support Vector Machine and 

Artificial Neural Network algorithms, with hyperparameter tuning 

performed via Grid Search. The modelling process includes the pre-

processing stage of data, which involves synthetic data generation due to 

inadequate data collection, as well as the application of several dataset 

mining techniques (SMOTE, ADASYN, SMOTE Tomek Links, and 

ADASYN Tomek Links). Additionally, model training and performance 

evaluation are conducted using a confusion matrix. The search for 

important features using the Shapley Additive Explanations method is also 

conducted to develop an automated recommendation system based on key 

factors that require improvement. The results showed that the SVM model 

with Grid Search tuning of hyperparameters in the SMOTE Tomek Links 

data test yielded the best performance, with an accuracy of 87.8%, 

demonstrating the significant potential of machine learning in identifying 

project success factors from the early stages. This study contributes to the 

development of decision-support tools for B2C project managers in 

Indonesia by providing accurate early predictions and interpretable 

recommendations.  
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Many factors affect the success of software projects [11], [12], but the Project Planning and 

Requirement factor is a common factor used by several researchers, including [13]–[15]. Other 

researches  [16], [17] have explored various factors and methodologies to predict the success of a software 

project. Similarly, [18] conducted a comprehensive analysis of software development factors globally, 

using machine learning techniques such as logistic regression, Decision Trees, and support vector 

machines. The results showed that logistic regression and decision tree models achieved the highest level 

of accuracy, demonstrating the effectiveness of machine learning in risk prediction. 

Despite advances in predictive modeling for software project success, some gaps remain in the existing 

literature, including limited coverage of factors such as human, organizational, and environmental 

factors, as noted in studies [19]. Many studies focus on a narrow set of factors that affect the success of 

a project, often overlooking other factors of the software project. The existence of these diverse success 

factors for software projects is what makes the research in this field a challenge [20]. Another gap is 

related to the development of models that predict the success of software projects based on specific 

datasets or case studies, which limits their application in a variety of contexts, making the existing model 

not universally applicable to all software development environments. The need for an effective software 

project success prediction model is critical in today's competitive landscape. In fact, there is no consensus 

on which method is best to predict the success or failure of a software project [21], given that the 

different characteristics of the data collected, the very different types of software projects, and the 

different factors of technology acceptance in each country also influence the success of a software project 

[22]. In the case of Indonesia, research on the success of software projects is still limited to the factors 

that affect them, so to help prevent software project failures, more research is needed on how to assess 

or predict the success of software projects based on the type of software developed to avoid project failure 

early on, considering the consequences of software project failure can have an impact in terms of cost 

and reputation [23], [24]. The purpose of this study is to: 

• Construct a machine learning model to predict the success of Software Projects, especially B2C e-

business software in Indonesia. 

• Offers an automated recommendation system for performance improvement based on the most 

significant determinants of software project success. 

This study will not only contribute to the academic literature but also provide a decision-support 

tool for project managers, ultimately leading to increased project success and improved resource 

allocation. 

2. Method 

2.1. Research Design 
This research is a quantitative experimental study that employs a data-driven approach to develop a 

machine learning-based model predicting the success of B2C e-business software projects in Indonesia, 

utilizing artificial neural network algorithms and support vector machines. Parameter optimization using 

grid search, dataset resampling, and cross-validation techniques is also applied to help reduce overfitting 

and provide more reliable model performance estimation. The evaluation of the prediction model's 

performance is conducted using a confusion matrix, which yields accuracy, recall, precision, and the F1 

score. Moreover, the data of new software projects that have never been seen before can be predicted 

with predictive results in the form of "Successful", "Failed", or "Experience Challenges". The model can 

also provide automatic recommendations using the Shapley Additive Explanations method to enhance 

the performance of software projects by addressing identified weaknesses. A more detailed research 

design is shown in Fig. 1.  

A machine learning pipeline for improving software development project performance through 

predictive modeling and feature analysis. The process begins with data collection, followed by handling 

data shortages using GANs and addressing class imbalance with resampling methods such as SMOTE, 

ADASYN, and Tomek Links. The dataset is split into training and test sets, with the training set 



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 482 

 Vol. 11, No. 3, August 2025, pp. 480-498 
 

 Setiawan and Rahman (Machine learning-based B2C software project success prediction model in Indonesia) 

undergoing K-fold cross-validation to tune ANN and SVM models via Grid Search optimization of 

parameters such as hidden layers, activation functions, learning rates, kernel type, C, and gamma. The 

best-performing model, selected based on its accuracy, is validated using a confusion matrix that includes 

metrics such as accuracy, recall, precision, and F1-score. SHAP analysis is then applied to identify 

important features, which, combined with expert advice, guide performance improvement 

recommendations. Finally, the optimized model can be used to predict outcomes for new input data. 

 

Fig. 1. Research Design 

2.1.1. Dataset and Sampling 
The data in this study were obtained from several software development companies operating in 

Indonesia. Data collection was conducted through the dissemination of a survey questionnaire that was 

systematically designed and distributed using the snowball sampling technique, a non-probabilistic 

sampling method in which initial respondents recommend other relevant participants for inclusion [25]. 

This technique was chosen given the dispersed nature of the target population and its difficulty in being 

accessed directly. However, the use of snowball sampling methods also raises concerns regarding 

potential bias, as early respondents tend to recommend individuals with similar characteristics, which 

can reduce the diversity of the sample and influence the generalization of findings. However, the 

limitations in identifying and reaching the population at large make this method the most feasible 

alternative to obtain relevant data in the context of this study. 

To determine the minimum number of samples needed, the Lemeshow formula, commonly used in 

population surveys, is used to calculate the sample size based on established statistical parameters. 

Assuming a margin of error of 5%, a confidence level of 95%, and a proportion of the population of 

50% (p = 0.5), the minimum number of respondents needed to produce a statistically generalizable 

estimate is 385. This number is considered sufficiently representative to reflect the characteristics of the 

population as a whole in the context of this study. In this study, a sample of 157 data points was 
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successfully collected, which has a very unbalanced target class. Therefore, data augmentation is necessary 

to meet the minimum data sample requirements. 

2.1.2. Data Augmentation 
2.1.2.1. Generative Adversarial Networks (GAN) 

GAN is based on game theory, consisting of two machine learning models with neural networks 

trained simultaneously [26]. The generator, typically implemented as a convolutional neural network, 

aims to produce a sample of synthetic data that is indistinguishable from real data by analyzing the 

underlying data distribution. In contrast, discriminators are binary classifiers whose job is to distinguish 

between the original and the generated samples, perfecting the limits of their decisions through 

backpropagation. This conflicting arrangement encourages an evolutionary arms race, which pushes both 

networks towards improved performance and realism in the output produced [27]. The extreme situation 

of class imbalance in the minority data in the "successfully" class, which is only around 11.5%, is the 

reason for implementing GAN before class balancing with SMOTE and ADASYN. The Generative 

Adversarial Networks architecture is presented in Fig. 2. 

 

Fig. 2. GAN Architecture 

2.1.2.2. Synthetic Minority Oversampling Technique (SMOTE) 

SMOTE is an oversampling technique designed to address the problem of class imbalance in training 

data. When the amount of data in the minority class is much smaller than in the majority class, the 

machine learning model tends to provide biased predictions for the majority class. To address this, 

SMOTE generates new synthetic samples from the minority class [28], rather than simply duplicating 

existing data, as in conventional oversampling methods [29]. The SMOTE process begins by 

determining the minority class and then identifying the k-nearest neighbors from each minority sample 

based on Euclidean distance [30]. Once the nearest neighbor is obtained, SMOTE generates new 

synthetic data by selecting random points between the lines that connect the original minority sample 

to one of its neighbors. In this way, SMOTE effectively expands the representation of minority data, 

avoiding the overfitting problems that are common in data duplication. The formulas used in the 

synthetic data generation process are described in equations 1 and 2. 

𝑋𝑋𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑋𝑋𝑖𝑖 + (𝑋𝑋�𝑘𝑘 − 𝑋𝑋𝑖𝑖) × 𝛿𝛿   (1) 

𝑑𝑑(𝑖𝑖, 𝑗𝑗) = �∑ 𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑗𝑗𝑗𝑗)2𝑛𝑛
𝑖𝑖=𝑘𝑘    (2) 

Where 𝑋𝑋𝑛𝑛𝑛𝑛𝑛𝑛 is new synthetic data. 𝑋𝑋𝑖𝑖 is the original sample of the minority class, 𝑋𝑋�𝑘𝑘 is the closest 

neighbor of 𝑋𝑋𝑖𝑖. 𝛿𝛿 is a random number between 0 and 1. 𝑑𝑑(𝑖𝑖, 𝑗𝑗) is the Euclidean distance between the 

data point and, calculated using the square root of the square of the difference of each feature 𝑖𝑖, 𝑗𝑗. 
2.1.2.3. ADASYN 

ADASYN oversampling technique aims to balance the class distribution by adaptively generating new 

synthetic data, especially in areas where minority data is difficult for the model to learn [31]. Unlike 

conventional oversampling methods, ADASYN focuses more on generating new data based on data 
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density around minority class points that are difficult to classify [32]. ADASYN's steps in creating 

synthetic data include calculating the degree of class imbalance using equations 3 to 8. 

𝑑𝑑 = 𝑚𝑚𝑠𝑠
𝑚𝑚𝑙𝑙

   (3) 

Where 𝑀𝑀𝑆𝑆 is the number of examples of minority classes and 𝑀𝑀𝐿𝐿 is the number of examples of 

majority classes. Calculate the amount of synthetic data needed for a minority class. 

𝐺𝐺 = (𝑚𝑚𝑙𝑙 − 𝑚𝑚𝑠𝑠)𝛽𝛽   (4) 

Where 𝛽𝛽 is the desired minority: majority data ratio after ADASYN. Search for k-Nearest 

Neighbours from each minority example and calculate the 𝑟𝑟𝑖𝑖 value. Each example of a minority is 

associated with a different neighborhood. 

𝑟𝑟𝑖𝑖 = #𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑘𝑘

   (5) 

𝑟𝑟𝑖𝑖 shows the dominance of the majority class. High 𝑟𝑟𝑖𝑖 scores contain more examples of majority 

classes and are more difficult to study. Normalize the 𝑟𝑟𝑖𝑖 values. 

𝑟̂𝑟𝑖𝑖 = 𝑟𝑟𝑖𝑖
∑𝑟𝑟𝑖𝑖

   (6) 

Calculate the number of synthetic examples to be generated. 

𝐺𝐺𝑖𝑖 = 𝐺𝐺𝑟̂𝑟𝑖𝑖   (7) 

Since 𝑟𝑟𝑖𝑖 is higher for neighbourhoods dominated by majority class examples, more synthetic minority 

class examples will be generated for those neighbourhoods. 

Generate 𝐺𝐺𝑖𝑖 data for each neighbourhoods. First, take the minority example for the neighbourhoods, 

𝑥𝑥𝑖𝑖. Then, randomly select another minority example within that neighbourhood, 𝑥𝑥𝑧𝑧𝑧𝑧. The new synthetic 

example can be calculated using 

𝑆𝑆𝑖𝑖 = 𝑥𝑥𝑖𝑖 + (𝑥𝑥𝑧𝑧𝑧𝑧 − 𝑥𝑥𝑖𝑖)𝜆𝜆   (8) 

In the above equation, 𝜆𝜆 is a random number between 0–1, 𝑆𝑆𝑖𝑖 is the new synthetic example, 𝑥𝑥𝑖𝑖 and 

𝑥𝑥𝑧𝑧𝑧𝑧 are two minority examples within the same neighborhoods. 

2.1.2.4. SMOTE Tomek Links 

SMOTE Tomek Link is a combined technique in handling unbalanced data that combines 

oversampling and undersampling techniques [33]. SMOTE aims to increase the number of samples in 

minority classes through a synthetic oversampling process, while Tomek Links is used to clear the 

boundaries between classes by removing data pairs that are considered overlapping [34]. The SMOTE 

Tomek Link algorithm is described in the Pseudocode in Fig. 3.  

The SMOTE–Tomek algorithm is a hybrid approach designed to tackle the problem of imbalanced 

datasets by not only oversampling the minority class but also cleaning the resulting dataset to improve 

model performance. In the first phase, the SMOTE generates artificial samples for the minority class. 

This is achieved by selecting random nearest neighbors of existing minority instances and creating new 

synthetic samples through interpolation of feature values. By doing so, SMOTE reduces the risk of 

overfitting that occurs when simply duplicating minority samples and helps balance the dataset 

distribution. In the second phase, the Tomek Links method is applied to the oversampled dataset. 

Tomek links are pairs of samples, one from the minority class and one from the majority class, that are 

each other’s nearest neighbors. These pairs often exist at the decision boundary, where class overlap or 

noise is common. Removing them eliminates ambiguous and borderline cases, thereby clarifying class 

boundaries and enhancing the separability of the data. As a result, the final dataset produced by SMOTE–
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Tomek is not only balanced but also cleaner, as it reduces noise and overlap. This makes it particularly 

suitable for enhancing the performance of machine learning models in classification tasks, thereby 

ensuring improved accuracy, recall, and generalization. 

Algorithm 1 SMOTE-Tomek Algorithm 

Require: Training set 𝐷𝐷 with minority class 𝑀𝑀 and majority class 𝑀𝑀′, SMOTE ratio 𝑁𝑁, Tomek links threshold 𝑇𝑇 

Ensure: Oversampled training set 

1:  𝐷𝐷𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆← D                        ▷ Initialize SMOTE dataset 

2:  for all 𝑚𝑚 ∈  𝑀𝑀 do 

3:   for 𝑖𝑖 =  1 to 𝑁𝑁 do 

4:     𝑛𝑛𝑛𝑛 ← select a random instance from k nearest neighbors of m   ▷ Select a nearest neighbor 

5:     for all 𝑓𝑓 ∈ features do 

6:       𝑚𝑚𝑓𝑓 ← 𝑚𝑚𝑓𝑓 + 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(0, 1) × 𝑛𝑛𝑛𝑛𝑓𝑓 − 𝑚𝑚𝑓𝑓)                         ▷ Generate synthetic instance 

7:     end for 

8:     𝐷𝐷𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ← 𝐷𝐷𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ∪  {𝑚𝑚}                   ▷ Add synthetic instance to SMOTE dataset 

9:   end for 

10:  end for 

11:  𝐷𝐷𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇← 𝐷𝐷𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆             ▷ Initialize Tomek links dataset 

12:  for all m ∈ 𝐷𝐷𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 do 

13:   for all 𝑚𝑚′ ∈  𝑀𝑀′ do 

14:     if 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑚𝑚,𝑚𝑚′)  ≤  𝑇𝑇 then 

15:       𝐷𝐷𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 ← 𝐷𝐷𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 \ {𝑚𝑚,𝑚𝑚′}          ▷ Remove Tomek links 

16:     end if 

17:   end for 

18:  end for 

19:  return 𝐷𝐷𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇           ▷ Return the final oversampled dataset 

 

Fig. 3. Pseudocode SMOTE Tomek Links 

2.1.2.5. ADASYN Tomek Links 

ADASYN is an oversampling method that generates synthetic data adaptively based on the learning 

difficulty of the minority sample, thereby focusing more on the most challenging areas to classify. 

Meanwhile, Tomek Links serves as an undersampling method that removes data at class boundaries that 

could potentially cause ambiguity [35]. The ADASYN Tomek Link algorithm is described in the 

Pseudocode in Fig. 4. 

Algorithm 2 ADASYN + TomekLinks 

(a) Apply ADASYN until the number of minority samples increases with the desired proportion as shown in 

Algorithm 1; 

(b) Loop over minority class samples; 

(c) Find the nearest neighbor to the sample; 

(d) Remove the nearest neighbor if it belongs to a majority class; 

Fig. 4. Pseudocode ADASYN Tomek Links 

2.1.2.6. Removing Outliers 

Data cleansing from outliers is performed by first reducing the features to 2 dimensions using 

Principal Component Analysis (PCA), which projects the data into a low-dimensional space to detect 

deviations based on the distance of the data from the average distribution. The first step is to calculate 

the Euclidean distance between each synthetic data point and the original data point using equation 9. 

The next step is to determine the threshold for identifying synthetic data that is considered deviant, 

using the mean and standard deviation of the distance. Synthetic data with a distance greater than the 

mean plus 2 times the standard deviation is considered deviant. 

𝑑𝑑(𝑝𝑝, 𝑞𝑞) = �∑ (𝑞𝑞𝑖𝑖 − 𝑝𝑝𝑖𝑖)2𝑛𝑛
𝑖𝑖=1    (9) 

where 𝑞𝑞𝑖𝑖 represents a synthetic data vector, and 𝑝𝑝𝑖𝑖 denotes the original data vector. 
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2.2. Model Used 
Selecting the correct machine learning algorithm is crucial in building a predictive model of software 

project success. In this study, two popular and representative algorithms from different machine learning 

approaches, namely Support Vector Machine (SVM) and Artificial Neural Networks (ANN), were used, 

considering the advantages of their respective characteristics. SVM fundamentally works with margin-

based learning approaches and representation-based learning ANN. With these two different approaches, 

it can produce a comprehensive evaluation of algorithm performance in the context of software project 

prediction. The combination of these two models also provides deep insights into the trade-offs between 

model accuracy in data-driven decision-making. 

2.2.1. Support Vector Machine 
The Support Vector Machine algorithm was first introduced by [36], carrying the concept of optimal 

hyperplane search that maximizes the margin between two classes. SVM was chosen for its ability to 

handle small to medium-sized datasets with excellent generalization performance [37]. In the case of 

data that cannot be separated linearly, SVM leverages kernel functions to map data to higher-dimensional 

spaces so that they can be separated linearly together [38], [39]. The concept of a hyperplane in SVM is 

described in Fig. 5. 

 

Fig. 5. SVM Hyperplane Concept 

In the case of class 2 classification, the SVM formula is described in equation 10, where   is the 

classification decision function used in the positive or negative class. 

𝑓𝑓(𝑥𝑥) = ∑ 𝛼𝛼𝑖𝑖𝑦𝑦𝑖𝑖𝐾𝐾(𝑥𝑥, 𝑥𝑥𝑖𝑖) + 𝑏𝑏𝑁𝑁
𝑖𝑖=1    (10) 

Where 𝑁𝑁 is sum of vector. 𝛼𝛼𝑖𝑖 is a value from data 𝑖𝑖, and 𝐾𝐾(𝑥𝑥, 𝑥𝑥𝑖𝑖) is kernel function and 𝑏𝑏 is bias 

2.2.2. Artificial Neural Networks 
An Artificial Neural Network is one of the machine learning algorithms inspired by how biological 

neural networks work in processing information [40], [41]. ANN are made up of a number of layers of 

artificial neurons that are interconnected and work gradually to extract complex patterns in the data 

[42]. Through a training process based on error propagation (backpropagation), an ANN can adjust the 

weight of connections between neurons to minimize prediction errors [43]–[45]. In this study, the ANN 

algorithm was employed due to its ability to handle nonlinear relationships and detect hidden 

relationships between variables. The Neural Network function is defined in equation 11. 

𝑓𝑓(𝑥𝑥) = 𝐾𝐾(∑ 𝑤𝑤𝑖𝑖 . 𝑥𝑥𝑖𝑖 + 𝑏𝑏)𝑖𝑖    (11) 
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where, (𝐾𝐾) is a special function which is often called the activation function, (𝑤𝑤) is the weight of the 

relationship between neurons and (𝑏𝑏)  is the bias value. The relationship between the weight of each 

element and the input and output of the ANN system is shown in Fig. 6. 

 

Fig. 6. Weight of each element and input and output of the ANN system 

2.2.3. Hyperparameter Tuning Using Grid Search 
Hyperparameter tuning with the Grid Search method is a process of systematically exploring 

parameter space by trying all possible combinations, model performance evaluation is carried out using 

a confusion matrix to obtain accuracy, precision, recall and F1-score values, through cross-validation. 

With this approach, the resulting model has the most appropriate parameter configuration to obtain the 

best accuracy. The steps of hyperparameter tuning with grid search are described in the study [46] as 

define the hyperparameter list and its value range, define grid combinations, evaluate each combination, 

and choose the best combination. In this study, several parameters that will be set in ANN are hidden 

layers, activation functions, solvers, alpha, and learning rates. While for the SVM model, the parameters 

to be set are Gamma, C and Kernel. The initialization of the values for each hyperparameter to be set is 

presented in Table 1. 

Table 1.  Initialization of Values for Each Hyperparameter in ANN and SVM 

ANN Hyperparameter Initial Value SVM 
Hyperparameter Initial Value 

Hidden Layer (50, ), (100, ), (50, 50) Gamma 1, 0.1, 0.01, 0.001 

Activation Function Relu, Tanh, Logistic C 0.1, 1, 10, 100 

Solver Adam, Sigmoid Kernel Linear, Poly, RBF , Sigmoid 

Alpha 0.0001, 0.001, 0.01   

Learning Rate Constant, Adaptive   

 

Based on the number of initialized values for each parameter, Grid Search will systematically explore 

all possible combinations of the initialized hyperparameters using cross-validation with a total of 10 folds. 

2.2.4. Evaluation Metrics 
In this study, the model evaluation was carried out using a confusion matrix to obtain True Positive 

(TP), True Negative (TN), False Positive (FP), and False Negative (FN), which were then calculated 

into the Accuracy, Precision, Recall, and F1 Score metrics. Accuracy measures the proportion of correct 

predictions to the total data, but accuracy tends to give the illusion of high performance if the model 

relies only on the majority class, without regard to the minority class [47]. Precision indicates the 

accuracy of positive predictions, while Recall measures the ability to detect all positive cases. F1 Score as 

a harmonized average of Precision and Recall provides a balanced evaluation when the two metrics are 

not equivalent, complemented by statistical analysis to ensure significant performance differences, as well 

as standardization of implementation to make evaluation results more consistent and reliable, especially 

on classification issues with class imbalances. 

2.2.5. Feature Importance Using Shapley Additive Explanations (SHAP) 
SHAP is an interpretability method developed to explain the contribution of each feature to the 

output of a machine learning model quantitatively. This method adopts the Shapley value concept from 

cooperative game theory to calculate the average contribution of features in various combinations, 

resulting in a fair, consistent, and mathematically accountable explanation [48]. In this study, SHAP 



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 488 

 Vol. 11, No. 3, August 2025, pp. 480-498 
 

 Setiawan and Rahman (Machine learning-based B2C software project success prediction model in Indonesia) 

was used to evaluate the influence of features on model predictions and support transparent 

interpretation of results. SHAP calculates the contribution value of feature i using equation 12. 

𝜙𝜙𝑖𝑖 = ∑ |𝑆𝑆|!(|𝐹𝐹|−|𝑆𝑆|−1)!
|𝐹𝐹|!𝑆𝑆⊆𝐹𝐹{𝑖𝑖} (𝑓𝑓(𝑆𝑆 ⋃ {𝑖𝑖} − 𝑓𝑓(𝑆𝑆))   (12) 

where 𝜙𝜙𝑖𝑖 is the SHAP values for features 𝑖𝑖. 𝑆𝑆 is subset of features without features 𝑖𝑖. 𝐹𝐹 is all features in 

the model. 𝑓𝑓(𝑆𝑆) is Model prediction when only the subset 𝑆𝑆 used. (𝑓𝑓(𝑆𝑆 ⋃ {𝑖𝑖} is model prediction when 

feature 𝑖𝑖 is added to subset 𝑆𝑆. and |𝑆𝑆|! (|𝐹𝐹| − |𝑆𝑆| − 1)!/|𝐹𝐹|! is weights that ensure fair calculation for 

all possible subsets. 

3. Results and Discussion 

3.1. Results of Handling Data Shortage Using Generative Adversarial Networks (GAN) 
The dataset collection process is a very crucial stage. In this study, the data collection process 

encountered obstacles due to the difficulty of reaching IT companies in Indonesia, resulting in the 

minimum dataset requirements not being met. This experience aligns with the findings of a study 

conducted by [49]. To meet the minimum dataset requirements, a synthetic data generation technique 

was employed using the GAN method. A comparison of the initial dataset and the synthetic dataset 

created is presented in Table 2. 

Table 2.  Comparison of the Number of Original and Synthetic Sample Datasets Using GAN 

Class Target Original Dataset Synthetics Dataset Number of Dataset 
Failed 38 53 91 

Experience Challenges 101 142 243 

Successful  18 33 51 

  157 228 385 

 

Based on the comparison table of the number of original and synthetic sample datasets using GAN, 

it appears that the target class “Experience Challenges” has more than the target classes "Failed" and 

"Successfully”. For the target class with the least number of targets, there is a target class "Successfully”. 

The proportion of data by target class in the synthetic data results appears to follow the original data 

pattern, indicating that the synthetic datasets generated by GAN successfully replicate the category 

distribution pattern of the original dataset. However, this cannot replace the true diversity of data. 

3.2. Results of Handling Imbalanced Dataset and Removing Outliers 
To address the problem of class imbalance in datasets, several data aggregation techniques were 

applied, including the use of GAN combined with classic oversampling strategies such as SMOTE and 

ADASYN, as well as a hybrid approach involving Tomek Links. The distribution of synthetic samples 

in each class before and after outlier removal was analyzed to evaluate the effectiveness of each method. 

The use of GAN alone resulted in a highly unbalanced distribution, with only 91 samples produced 

for the “Failed” class, 243 for the “Experience Challenges” class, and 51 for the “Successfully” class, 

totaling 385 synthetic samples. These results reflect a known tendency for GAN to prioritize the majority 

class when trained on unbalanced data, leading to inadequate coverage of minority classes. 

When the GAN was combined with SMOTE, the class distribution was successfully balanced, with 

243 samples for each class (729 in total). After eliminating the outliers, the final sample distribution 

decreased slightly to 232, 240, and 235 for the classes "Failed", "Experience Challenges", and 

"Successfully", with a total final result of 707 samples. A similar pattern was observed with the 

combination of GAN and ADASYN, where balanced initial generation (241, 243, 245 samples) also 

resulted in post-outlier distributions of 232, 240, and 235, indicating resilience in maintaining class 

balance even after data cleansing. 



489 International Journal of Advances in Intelligent Informatics   ISSN 2442-6571 

 Vol. 11, No. 3, August 2025, pp. 480-498 

 

 Setiawan and Rahman (Machine learning-based B2C software project success prediction model in Indonesia) 

The hybrid method, which integrates oversampling with Tomek Links to reduce class overlap and 

eliminate boundary line interference, shows a slightly reduced sample size after cleaning. The GAN-

SMOTE-Tomek approach resulted in 240, 239, and 242 samples in three classes, which were then 

reduced to 229, 235, and 235, for a total of 699 samples that were free of outliers. Meanwhile, the GAN-

ADASYN-Tomek hybrid initially produced 241, 241, and 245 samples, resulting in 231, 235, and 232 

after the total outlier removal of the entire data set to 698 data samples. 

From these results, it is clear that combining GAN with traditional oversampling techniques 

effectively reduces class imbalances, while hybridization with Tomek Links further improves sample 

quality by reducing the number of unclear or potentially biased synthetic samples. Although this hybrid 

approach slightly reduces the total number of samples that can be used, it compensates for improvements 

in class segregation and data integrity, which are critical for classification tasks. Table 3 shows the 

distribution of data for each class on the various resampling techniques applied. 

Table 3.  Data Distribution for Each Class 

Dataset 
Class Number of 

Dataset Failed 

Experience 

Challenges 

Successfully 

Synthetics GAN + SMOTE 243 243 243 729 

After Removing Outliers 232 240 235 707 

Synthetics GAN + ADASYN 241 243 245 729 

After Removing Outliers 232 240 235 707 

Synthetics GAN hybrid SMOTE and Tomek Links 240 239 242 721 

After Removing Outliers 229 235 235 699 

Synthetics GAN Hybrid ADASYN and Tomek Links 241 241 245 727 

After Removing Outliers 231 235 232 698 

 

Fig. 7 presents a visualization of the outlier detection results, where the blue dots represent the main 

data, while the red dots marked with a cross indicate data identified as outliers. Visually, the majority of 

the data is evenly distributed around the center coordinates, forming a pattern resembling a two-

dimensional normal distribution. The outlier points are spread in areas relatively far from the center of 

this distribution, indicating that the applied method successfully identified observations that have a 

much lower local density compared to their neighbors. This reflects the effectiveness in revealing 

anomalies in two-dimensional datasets that have a dense distribution in the center and are more sparse 

at the edges. 

 
 

  

Fig. 7. Outlier Detection Visualization 
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3.3. Evaluation Model 
The results of the experiment showed that overall, the SVM model performed consistently better 

than ANN on all evaluation metrics, namely accuracy, precision, recall, and F1-score. The best 

combination is shown by SVM with hyperparameter tuning using Grid Search combined with SMOTE 

+ Tomek Links, with an accuracy value of 0.88, precision 0.90, recall 0.88, and F1-score of 0.88. 

Meanwhile, the ANN model shows a relatively lower performance, with the best results achieved when 

combined with SMOTE (accuracy and F1-score of 0.70). These findings confirm that the selection of 

the right algorithm and data balancing techniques has a significant impact on prediction accuracy, and 

that the SVM approach with oversampling and data cleaning techniques such as SMOTE + Tomek 

Links is highly recommended in the context of predicting the success of B2C E-Business software 

projects in Indonesia. Table 4 shows the results of the model evaluation comparison. 

Table 4.  Model Evaluation Comparison 

Model Imbalanced Dataset Technique Accuracy Precision Recall F1-Score 
ANN Grid Search SMOTE 0.70 0.71 0.70 0.70 

ADASYN 0.54 0.55 0.54 0.54 

SMOTE + Tomek Links 0.59 0.60 0.59 0.59 

ADASYN + Tomek Links 0.61 0.62 0.61 0.61 

SVM Grid Search SMOTE 0.84 0.86 0.84 0.85 

ADASYN 0.87 0.89 0.87 0.87 

SMOTE + Tomek Links 0.88 0.90 0.88 0.88 

ADASYN + Tomek Links 0.79 0.84 0.79 0.80 

Based on the results of the evaluation carried out on all prediction models that have been developed, 

it was found that the best model performance based on the highest accuracy value was owned by SVM 

with hyperparameter tuning using Grid Search combined with SMOTE + Tomek Links. To find out 

how well the model predicts the target class, it can be done by comparing the model's prediction results 

with its actual value which can be seen in Fig. 8. 

 

Fig. 8. Confusion Matrix SVM + Grid Search and SMOTE + Tomek Links Model 

Based on the confusion matrix, the model shows an overall accuracy of 88%, which is calculated from 

the ratio of the correct predictions to the total data. Further analysis of the evaluation metrics per class 

revealed that the model achieved the highest accuracy in Class 2 (Successful Project), with a score of 

1.00, indicating that all predictions for this class were correct. The recall for Class Successfully is also 

high, at 0.932, indicating that most successful projects are well recognizable by the model. For Class 1 

(Challenging Projects), the accuracy was recorded at 0.758, while the recall reached 0.959. This indicates 

that the model performs well in identifying projects that are experiencing challenges, although there are 

some errors in the predictions. Meanwhile, Class 0 (Failed Project) has a precision of 0.897 and a recall 

of 0.878. While the high precision indicates that the forecasts for failed projects are fairly accurate, the 

lower recall indicates that the model still struggles to recognize all the projects that actually failed, 
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suggesting that there are challenges in detecting failed projects. This can be due to the similarity in 

characteristics between failed and challenging projects, so the model has difficulty distinguishing the 

two. 

In this study, SVM excelled due to its ability to handle high-dimensional data from a limited dataset 

through the implementation of kernel functions, without requiring explicit feature transformations. 

This makes SVM more efficient and effective in building reliable predictive models. In addition, SVM 

produces global solutions through a convex optimization approach, while ANN relies on a non-convex 

training process, so it has the potential to be stuck at local minima. 

3.4. Statistical Testing for Classifier Comparison 
Statistical testing is carried out to formally validate the differences between the performance of the 

model that has been developed. The MANOVA test was carried out with 5 repeated measurements per 

combination and followed by the Post-Hoc test (Tukey HSD) for Accuracy in two factors (Model and 

Imbalanced Dataset) to identify where the differences lie. The results of the Tukey HSD test are 

presented in Table 5. 

Table 5.  Tukey HSD Test Results For Accuracy 

Group1 Group2 Mean Diff P-Adj Lower Upper Reject 
ANN + ADASYN ANN + ADASYN + Tomek Links 0.0705 0 0.0555 0.0854 True 

ANN + ADASYN ANN + SMOTE 0.157 0 0.1421 0.172 True 

ANN + ADASYN ANN + SMOTE + Tomek Links 0.0451 0 0.0302 0.0601 True 

ANN + ADASYN SVM + ADASYN 0.3264 0 0.3114 0.3413 True 

ANN + ADASYN SVM + ADASYN + Tomek Links 0.2534 0 0.2384 0.2683 True 

ANN + ADASYN SVM + SMOTE 0.295 0 0.2801 0.31 True 

ANN + ADASYN SVM + SMOTE + Tomek Links 0.3382 0 0.3233 0.3532 True 

ANN + ADASYN + Tomek Links ANN + SMOTE 0.0866 0 0.0716 0.1015 True 

ANN + ADASYN + Tomek Links ANN + SMOTE + Tomek Links -0.0253 0.0001 -0.0403 -0.0104 True 

ANN + ADASYN + Tomek Links SVM + ADASYN 0.2559 0 0.241 0.2709 True 

ANN + ADASYN + Tomek Links SVM + ADASYN + Tomek Links 0.1829 0 0.168 0.1978 True 

ANN + ADASYN + Tomek Links SVM + SMOTE 0.2246 0 0.2096 0.2395 True 

ANN + ADASYN + Tomek Links SVM + SMOTE + Tomek Links 0.2678 0 0.2528 0.2827 True 

ANN + SMOTE ANN + SMOTE + Tomek Links -0.1119 0 -0.1268 -0.0969 True 

ANN + SMOTE SVM + ADASYN 0.1694 0 0.1544 0.1843 True 

ANN + SMOTE SVM + ADASYN + Tomek Links 0.0963 0 0.0814 0.1113 True 

ANN + SMOTE SVM + SMOTE 0.138 0 0.1231 0.153 True 

ANN + SMOTE SVM + SMOTE + Tomek Links 0.1812 0 0.1663 0.1962 True 

ANN + SMOTE + Tomek Links SVM + ADASYN 0.2812 0 0.2663 0.2962 True 

ANN + SMOTE + Tomek Links SVM + ADASYN + Tomek Links 0.2082 0 0.1933 0.2232 True 

ANN + SMOTE + Tomek Links SVM + SMOTE 0.2499 0 0.235 0.2648 True 

ANN + SMOTE + Tomek Links SVM + SMOTE + Tomek Links 0.2931 0 0.2781 0.308 True 

SVM + ADASYN SVM + ADASYN + Tomek Links -0.073 0 -0.088 -0.0581 True 

SVM + ADASYN SVM + SMOTE -0.0313 0 -0.0463 -0.0164 True 

SVM + ADASYN SVM + SMOTE + Tomek Links 0.0119 0.2047 -0.0031 0.0268 False 

SVM + ADASYN + Tomek Links SVM + SMOTE 0.0417 0 0.0267 0.0566 True 

SVM + ADASYN + Tomek Links SVM + SMOTE + Tomek Links 0.0849 0 0.0699 0.0998 True 

SVM + SMOTE SVM + SMOTE + Tomek Links 0.0432 0 0.0282 0.0581 True 

 

In Table 5 of the Tukey HSD test results. The "Reject" column with a value of True/False indicates 

a hypothesis result of zero (there is no difference between group1 and group 2). If "True", it indicates a 

statistically significant difference in average accuracy between the two groups at a significance level of 

0.05. Of all the pairs compared, there was 1 pair of SVM + ADASYN and SVM + SMOTE + Tomek 

Links groups that did not have significant differences in accuracy. 

3.5. Feature Importance Based on the Best Model (SVM+Grid Search using resampling dataset 
SMOTE + Tomek Links) in data testing 

Fig. 9 shows a SHAP summary plot visualization that shows the contribution of each feature to the 

output of the software project's prediction model at the individual instance level of the testing data. The 

model used is multi-classification, with three output classes: project failed, project experience challenges, 

and project successfully. Based on the SHAP results from the analysis of important features in data 
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testing, the Efficient Management feature has the most dominant influence on the prediction of the 

success of software projects. The ability to optimally manage resources, time, costs, and project activities 

reflects efficient management which is a key indicator of success in a software project. The Organizational 

Culture and Management Style feature also shows a high contribution, which indicates that a good 

Organizational Culture and Management Style can push projects out of the risk zone. The Team 

Commitment and Participation factor, which refers to the level of involvement, loyalty, and dedication 

of team members to the goals and implementation of the project, has a very crucial role because the 

project is collaborative and highly dependent on the active contribution of all team members. Highly 

committed teams are typically better able to maintain productivity, avoid destructive conflicts, and 

complete projects on time. 

Technical factors such as "Technical Complexity" and "Customer Skill, Training, and Education in 

IT" also show considerable influence, indicating the importance of technological readiness and user 

capacity in the success of the project. In contrast, factors such as "Urgency", "Scope", and "Project 

Performance" had relatively small SHAP values, suggesting that their influence on the model was lower 

than that of other factors. Thus, this analysis provides a deeper understanding of the key factors that 

drive model decisions and can be a basis for strategic decision-making in the context of software project 

management. Overall, the results of SHAP's interpretation provide a more transparent understanding of 

the machine learning model's decision-making process and can be used as a strategic reference for 

stakeholders to focus attention on the key factors that determine the success of a software project. 

 

Fig. 9. The average SHAP value of each feature in the test data against the model output 

3.6. Testing With New Data 
Once the development phase of the software project's success prediction model is complete, the next 

important step is to test the new data. This process aims to evaluate the model's generalization ability in 

predicting outcomes on data that was not used during the training process. In this test, the new data 

used is dummy data, while the model used for prediction is an SVM machine learning model with 
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hyperparameter tuning using Grid Search. The model is trained on a dataset that has been balanced with 

the SMOTE + Tomek Links technique, using the best parameters obtained from the tuning process. A 

total of 28 questions, in the form of factors that affect the success of the software project, have been 

identified. These questions will be answered using a 1-4 Likert scale, which indicates the performance 

of each factor. Fig 10 shows the process of new data input to be predicted to produce a prediction result 

in the form of a project success category that "has challenges. 

The prediction process begins with the pre-processing of new data, which is performed in the same 

manner as the pre-processing pipeline on the training data. Next, the new data is fed into the trained 

model to obtain predictions. The prediction output can be labeled "successful", "experience challenges" 

and "failed". The analysis of the contribution of the most influential features is carried out using SHAP, 

the feature with the highest SHAP value is the basis for evaluating performance improvements in features 

that determine the success of a software project. Thus, the new data testing stage not only ensures that 

the model works well on training and validation data, but also demonstrates the model's potential to be 

used as a decision support system in helping project managers and other stakeholders mitigate the risk 

of project failure early on. Fig. 10 shows the test results with the new data. 

 

Fig. 10. Prediction On New Data 

Based on the results of the new data predictions shown in Fig. 10, various challenges related to 

experience in the implementation of information technology projects can be identified. Aspects such as 

Organizational-wide change management practices (2), Efficient management (2), Team Commitment 

and Participation (2), Team building and team dynamics (2), and Project criticality (2) showed relatively 

low scores. This indicates that organizations face obstacles in managing change broadly, maintaining 

team commitment, and building effective teamwork dynamics. Meanwhile, several other factors showed 

relatively high scores, such as Vision and mission (4), Project Scope (4), and Project Control and 

Monitoring (4), indicating strength in project planning and supervision. These results are then classified 

by the prediction model into the category of Experience Challenges. These findings imply the need to 

increase organizational capacity in the aspects of change management and human resource management 

so that project implementation can run more effectively and efficiently. 

In this research, automatic recommendations are given based on the highest SHAP value which is 

identified as feature importance in the newly input data. The recommendations presented in Table 6 are 

practical in nature by involving software development experts who have project management certification 

with the aim of improving the effectiveness of project management through the use of appropriate 

managerial tools, methods, and approaches. These recommendations can be used as an initial guide in 

developing project performance improvement strategies based on the priority of influential factors. 
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Table 6.  Feature Importance and Recommendation 

Factors SHAP 
Value Recommendation 

Project Control and Monitoring / 

Current progress reporting 

0.0561 Use automation tools for data-driven project monitoring, such as 

using JIRA tools or similar software. 

Team composition 0.0532 The team composition can be adjusted to the complexity of the 

project being worked on. 

Project Performance 0.0453 Use measurable metrics, such as function points or velocity. 

Urgency 0.0427 Use methods like the Critical Path Method to manage urgent 

tasks. 

Efficient management 0.0269 Use a proven project management methodology, such as Lean 

Project Management. 

Good Leadership 0.0203 Good leadership must understand both technical and managerial 

aspects to handle challenges that arise in a project. 

Customer Skills, Training and 

Education in IT 

0.0133 Provide role-based training to improve the effectiveness of system 

use. 

 

3.7. Discussion 
Although the results of this study show that the SVM algorithm included with the application of 

data balancing techniques through the combination of SMOTE and Tomek Link shows superior 

performance compared to other models in predicting the success of software projects in the context of 

B2C projects in Indonesia, it should be noted that the generalization of these results to different project 

types, such as B2B software projects,  It cannot be done directly without further validation, given that 

there are different success factors in each type of software project. From the perspective  of geographical 

and organizational context, the software development ecosystem in Indonesia has differences in terms of 

project management maturity, process standards, and work culture compared to countries with more 

established digital infrastructure, so model adaptability needs to be considered when implementing 

prediction models to different regions or domains. Although the structure of the SVM algorithm is 

universal, its performance also depends on the representation of local data that is appropriate to the 

context, so retraining with local data and adapting features through techniques such as domain 

adaptation are important steps to ensure that the predictive models developed can be more accurate, 

adaptive, and applicable in different project domains. 

4. Conclusion 
This study has succeeded in developing a model of predicting the success of software projects, 

especially for B2C e-business software with datasets collected from the history of software development 

from various companies in Indonesia, by involving 28 success factors of software projects that have been 

identified from previous research, a model developed with the Support Vector Machine algorithm by 

resampling the results of the imbalanced dataset SMOTE Tomek Links has the highest accuracy 

compared to other models. In addition, the application of Shapley Additive Explanations to identify 

important features that affect the results of the prediction model based on the highest SHAP value can 

be a guide in providing an automatic recommendation system, so that it can be used to improve factors 

that need attention. The results of this study open up various directions for further development to 

improve the accuracy and generalization of predictive models for the success of software projects. Some 

of the proposed future jobs that can be done are 1) Larger-scale dataset collection from various project 

domains (B2B, B2G) and across countries is highly recommended to obtain more reliable findings for 

specific project domains; 2) Further studies can be directed towards real-time predictive model testing 

on dashboard-based project management platforms (Jira, Trello, or Microsoft Project). This integration 

will enable the evaluation of model performance in a dynamic context as well as support direct data-

driven decision-making by project managers; and 3) The incorporation of natural language features from 

project documents, such as status reports, meeting minutes, and risk notes, can enrich the input model 

with semantic dimensions that have not been utilized so far. By applying Natural Language Processing, 
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prediction models can capture the nuances of communication, issue escalation, and team dynamics that 

impact the final project outcome; 4) Further exploration can be carried out on the application of 

explainable AI techniques to improve the interpretability of the model, so that the prediction results are 

not only accurate but also can be understood and justified by the project stakeholders 
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