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Abstract 

Financial fraud in cooperative and financial systems has become increasingly complex, 

particularly with the emergence of collaborative fraud involving multiple users. Traditional 

fraud detection methods, which primarily rely on transaction-based analysis, are often 

insufficient to identify such coordinated activities. This study proposes a machine learning-

based approach using Extreme Gradient Boosting (XGBoost) to detect both individual and 

collaborative fraud by integrating transaction data, user behavior, and interaction-based 

features.The dataset used in this study consists of financial transactions and user activity logs, 

which are preprocessed and transformed into relevant features, including behavioral patterns 

and user interaction indicators. A multi-class classification model is developed to categorize 

activities into normal behavior, individual fraud, and collaborative fraud. The performance of 

the proposed model is evaluated using accuracy, precision, recall, and F1-score metrics, and 

compared with a baseline model that utilizes only transaction-based features. The results show 

that the enhanced model significantly outperforms the baseline model, achieving higher 

accuracy and improved detection capability, particularly in identifying collaborative fraud 

cases. The inclusion of behavioral and interaction features proves to be effective in capturing 

coordinated fraudulent patterns that are not detectable through transaction data alone.This 

study contributes to the advancement of fraud detection by introducing a comprehensive 

approach that considers both individual and collaborative behaviors. The proposed method 

provides practical value for financial institutions, especially cooperative systems, in 

improving fraud detection accuracy and strengthening internal control mechanisms. Future 

work may focus on real-time implementation and the integration of explainable artificial 

intelligence techniques to enhance model transparency. 
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Introduction 

Financial fraud remains one of the most critical challenges in modern financial systems, 

including microfinance institutions such as cooperatives. These institutions play a vital role in 

supporting local economies by providing accessible financial services to communities. 

However, their operational characteristics such as limited internal controls, reliance on trust, 

and manual or semi-digital processes make them particularly vulnerable to fraudulent activities 

(Atika Lusi Tania et al., 2025; Hasanah & Hanifah, 2020). Traditionally, fraud detection 

mechanisms rely on rule-based systems and manual audits. While these approaches are useful 

for identifying known patterns of fraud, they are often ineffective in detecting emerging and 

complex fraudulent behaviors. In particular, modern fraud schemes tend to be adaptive, 

dynamic, and increasingly sophisticated, making static rule-based approaches insufficient 

(Ejiofor et al., n.d.). As a result, there is a growing need for intelligent, data-driven approaches 

that can automatically learn patterns and detect anomalies in financial transactions. 

Machine learning techniques have been widely adopted to address these limitations due 

to their ability to model complex and non-linear relationships in large datasets. Among these 

techniques, Extreme Gradient Boosting (XGBoost) has demonstrated superior performance in 

classification tasks, including fraud detection, due to its robustness, efficiency, and ability to 

handle imbalanced data (Liu et al., 2025; Velarde et al., 2023a). Despite its effectiveness, most 

existing studies primarily focus on detecting fraudulent transactions at an individual level, often 

overlooking more complex fraud scenarios. One critical yet underexplored aspect of financial 

fraud is collaborative fraud, also known as collusion. Unlike individual fraud, collaborative 

fraud involves multiple actors who coordinate their actions to exploit system vulnerabilities. 

For example, one user may manipulate data while another executes unauthorized transactions, 

making the fraud appear legitimate when viewed in isolation. This type of fraud is particularly 

difficult to detect because the actions of each individual user may seem normal when analyzed 

independently (Preeta Pillai, 2025; Ye et al., 2025). 

Recent studies have highlighted the importance of analyzing user behavior and interaction 

patterns to detect insider threats and coordinated malicious activities. Behavioral-based fraud 

detection leverages activity logs, user roles, and interaction sequences to uncover hidden 

relationships and suspicious patterns that are not visible in transaction data alone 

(Thanathamathee et al., 2024). However, the application of such approaches in cooperative 

financial systems remains limited, especially in distinguishing between individual and 

collaborative fraud. Therefore, this study proposes a machine learning-based approach using 

XGBoost to detect both individual and collaborative fraud in financial systems. The proposed 

model incorporates not only transaction data but also user activity logs and interaction-based 

features to capture behavioral patterns and relationships among users. By extending traditional 

fraud detection methods to include collaborative patterns, this research aims to improve 

detection accuracy and provide deeper insights into fraudulent behaviors. 

 

The main contributions of this study are as follows: 

1) the development of a classification model capable of distinguishing between normal 

transactions, individual fraud, and collaborative fraud; 

2) the integration of user interaction features to capture coordinated fraudulent activities; and 

3) the empirical evaluation of the proposed approach to demonstrate its effectiveness 

compared to conventional methods. 

 

This research is expected to contribute both theoretically and practically by advancing 

fraud detection methodologies and providing a more comprehensive approach to identifying 

complex fraudulent behaviors in financial systems, particularly in cooperative environments. 

 

Literature Review  

2.1 Fraud Detection in Financial Systems 
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Financial fraud detection has become a major research focus due to the increasing 

complexity of financial transactions and the growing sophistication of fraudulent activities. 

Fraud is generally defined as an intentional act of deception for financial gain, and it can occur 

in various forms, including transaction manipulation, identity fraud, and insider abuse  

(Association of Certified Fraud Examiners, 2022). Traditional fraud detection methods are 

typically based on rule-based systems and statistical analysis. These approaches rely on 

predefined thresholds and expert-defined rules, such as transaction limits or unusual activity 

timing. While effective for detecting known fraud patterns, rule-based systems lack adaptability 

and often fail to detect new or evolving fraud schemes (Ejiofor et al., n.d.). 

To overcome these limitations, machine learning approaches have been widely adopted. 

These methods can automatically learn patterns from historical data and identify anomalies that 

deviate from normal behavior. In financial systems, machine learning-based fraud detection has 

demonstrated higher accuracy and scalability compared to traditional approaches (Velarde et 

al., 2023b). 

 

2.2 Machine Learning for Fraud Detection 

Machine learning models, particularly classification algorithms, have shown strong 

performance in fraud detection tasks. Commonly used models include Logistic Regression, 

Decision Trees, Random Forest, and Gradient Boosting techniques. Among these, Extreme 

Gradient Boosting (XGBoost) has gained significant attention due to its efficiency and 

predictive performance. XGBoost is an ensemble learning method that builds multiple decision 

trees sequentially, where each new tree attempts to correct the errors of the previous ones. It is 

particularly effective in handling large-scale data and imbalanced datasets, which are common 

in fraud detection scenarios (Liu et al., 2025). Additionally, XGBoost supports regularization 

techniques that help prevent overfitting, making it a robust model for real-world applications. 

Previous studies have demonstrated the effectiveness of XGBoost in financial fraud 

detection. For instance, Velarde et al. (2023) showed that XGBoost outperformed several 

baseline models in detecting fraudulent transactions, particularly in imbalanced datasets. 

Similarly, Yunanto and Budiyanto (2024) highlighted the importance of combining XGBoost 

with data balancing techniques to improve classification performance. 

 

2.3 Behavior-Based Fraud Detection 

While many fraud detection systems focus on transaction-level analysis, recent research 

emphasizes the importance of user behavior in identifying fraudulent activities. Behavior-based 

fraud detection analyzes patterns of user actions, such as login frequency, data modification, 

and transaction sequences, to identify anomalies. This approach is particularly useful for 

detecting insider fraud, where authorized users misuse their access privileges. Insider fraud is 

often more difficult to detect because the activities appear legitimate at the surface level. By 

analyzing behavioral patterns, such as unusual activity frequency or deviations from normal 

routines, machine learning models can identify suspicious behavior more effectively (Preeta 

Pillai, 2025). Furthermore, behavior-based approaches allow for early detection of fraud by 

identifying anomalies before fraudulent transactions are completed. This makes them highly 

valuable for proactive fraud prevention in financial systems. 

 

2.4 Collaborative Fraud and Insider Threat Detection 

Collaborative fraud, also known as collusion, involves multiple individuals working 

together to commit fraudulent activities. This type of fraud is particularly challenging to detect 

because each participant may perform actions that appear normal when analyzed individually. 

However, when viewed collectively, these actions form a suspicious pattern. Research in insider 

threat detection has explored the use of activity logs and interaction analysis to identify 

coordinated malicious behavior. Ye et al. (2025) proposed a behavior log-based approach using 
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federated learning to detect insider threats, demonstrating that analyzing user interactions can 

significantly improve detection performance. 

Similarly, recent studies have suggested incorporating relational and sequential features 

to capture dependencies between user actions. These features can reveal patterns such as 

coordinated timing, repeated interactions between specific users, and sequential workflows that 

indicate potential collusion (Thanathamathee et al., 2024). Despite these advancements, the 

application of collaborative fraud detection in cooperative financial systems remains limited. 

Most existing systems still focus on individual-level detection, leaving a gap in identifying 

coordinated fraud activities. 

 

2.5 Research Gap 

Based on the existing literature, several gaps can be identified: 

1. Most fraud detection studies focus on individual transactions, with limited attention to 

collaborative fraud.  

2. The integration of user interaction and behavioral features is still underexplored, 

particularly in cooperative financial systems.  

3. There is a lack of models capable of distinguishing between individual fraud and 

collaborative fraud within a unified framework.  

 

2.6 Research Contribution 

To address these gaps, this study proposes a machine learning-based approach using 

XGBoost that incorporates both transaction data and user interaction features. The proposed 

model aims to classify financial activities into three categories: normal behavior, individual 

fraud, and collaborative fraud. By integrating behavioral and relational features, this research 

extends existing fraud detection methods and provides a more comprehensive approach to 

identifying complex fraud patterns in financial systems. 
 

Research Methodology 

3.1. Research Design 

This study adopts a quantitative research approach with a predictive modeling framework 

to detect fraudulent activities in financial systems. The research focuses on classifying financial 

activities into three categories: normal behavior, individual fraud, and collaborative fraud. 

A machine learning-based approach is employed using Extreme Gradient Boosting 

(XGBoost) to model complex relationships between transaction data and user behavior. The 

study also incorporates behavioral and interaction-based features to capture potential 

collaboration between users. 

 

3.2. Data Collection 

The dataset used in this study consists of historical financial transaction data and user 

activity logs obtained from a cooperative financial system. The data is anonymized to ensure 

privacy and confidentiality. Dataset consists of 1000+ records with synthetic generation based 

on real fraud scenarios. 

The collected data includes: 

1. Transaction data: transaction amount, transaction type, timestamp, and validation status  

2. User data: user ID, role (e.g., cashier, admin, supervisor)  

3. Activity logs: user actions such as data modification, transaction input, and approval 

processes  

4. System data: IP address, device information, and login activity  

 

The dataset is labeled into three classes: 

1. 0: Normal activity  

2. 1: Individual fraud  

3. 2: Collaborative fraud  
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The labeling process is based on audit reports and predefined fraud scenarios, including 

coordinated actions between multiple users. 

 

3.3. Data Preprocessing 

Before model training, the dataset undergoes several preprocessing steps: 

1. Data Cleaning, Removing missing, duplicate, or inconsistent records  

2. Data Transformation, Converting categorical variables into numerical form using label 

encoding  

3. Feature Scaling, Normalizing numerical features where necessary  

4. Train-Test Split, The dataset is divided into training (70-80%) and testing (20-30%) subsets  

5. Handling Imbalanced Data ,Techniques such as class weighting or resampling are applied 

to address class imbalance, which is common in fraud detection datasets  

 

3.4. Feature Engineering 

To enhance the model’s ability to detect collaborative fraud, this study introduces behavioral 

and interaction-based features, in addition to standard transaction features. 

1. Transaction Features 

a. Total transaction amount  

b. Transaction frequency  

c. Transaction timing  

2. Behavioral Features 

a. Frequency of user actions  

b. Number of data modifications  

c. Activity outside normal working hours  

3. Interaction Features (Collaborative Indicators) 

a. Number of interactions between users  

b. Sequential activity patterns (e.g., data modification followed by transaction)  

c. Time gap between related user actions  

d. Frequency of repeated collaboration between specific users  

These features are designed to capture both individual anomalies and collaborative 

patterns in financial activities. 

 

3.5. Model Development 

The primary model used in this study is XGBoost, a gradient boosting algorithm known 

for its high performance and efficiency. 

The model is trained to perform multi-class classification with three output classes: 

normal, individual fraud, and collaborative fraud. 

Model configuration includes: 

1. Objective function: multi-class classification  

2. Evaluation metric: accuracy, precision, recall, and F1-score  

3. Hyperparameter tuning: performed using grid search or cross-validation  

 

3.6. Model Evaluation 

The performance of the model is evaluated using standard classification metrics: 

1. Accuracy: overall correctness of the model  

2. Precision: proportion of correctly predicted fraud cases  

3. Recall: ability to detect actual fraud cases  

4. F1-score: balance between precision and recall  

Additionally, a confusion matrix is used to analyze the model’s ability to distinguish 

between individual and collaborative fraud. 

 

3.7. Experimental Setup 
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To validate the effectiveness of the proposed approach, two experimental scenarios are 

conducted: 

1. Baseline, Using only transaction features  

2. Enhanced Model, Using transaction, behavioral, and interaction features  

The results of both models are compared to evaluate the impact of incorporating collaborative 

features on fraud detection performance. 

 

3.8. Research Framework 

The overall research framework consists of the following stages: 

1. Data collection from financial systems  

2. Data preprocessing and feature engineering  

3. Model training using XGBoost  

4. Model evaluation and comparison  

5. Analysis of individual vs collaborative fraud detection 
 

Results  

4.1 Model Performance Evaluation 

The proposed XGBoost model demonstrates excellent classification performance, 

achieving an accuracy of 100% on the testing dataset. As shown in the classification report, the 

model achieves perfect precision, recall, and F1-score (1.00) across all classes, including 

normal activity (class 0), individual fraud (class 1), and collaborative fraud (class 2). 

This result indicates that the model is highly effective in distinguishing between different 

types of financial activities. In particular, the perfect recall values suggest that the model is 

capable of detecting all fraud instances without missing any cases, which is a critical 

requirement in financial fraud detection systems. The performance comparison is summarized 

as follows: 

 

Table 1. Performance Comparison 

Model Accuracy Precision Recall F1-Score 

Baseline (Transaction Only) 0.87 0.82 0.79 0.80 

Enhanced (Transaction + Behavior + 

Interaction) 
0.93 0.90 0.88 0.89 

Proposed XGBoost Model (Final 

Experiment) 
1.00 1.00 1.00 1.00 

The experimental results demonstrate a significant improvement from the baseline and 

enhanced models to the final proposed model. While the baseline model achieved moderate 

performance using only transaction features, the enhanced model improved performance by 

incorporating behavioral and interaction features. 

In the final experiment, the proposed XGBoost model achieved perfect classification 

performance with an accuracy of 1.00. This result indicates that the selected features are highly 

discriminative in separating normal, individual fraud, and collaborative fraud activities. 

However, this result should be interpreted with caution, as the dataset used in this study is 

synthetically generated and may exhibit clear separability between classes. 

 

4.1 Confusion Matrix Analysis 

The confusion matrix further confirms the model’s performance. All instances in each class 

are correctly classified, with no misclassification observed. Specifically: 

1. 136 normal transactions were correctly classified as normal  

2. 9 individual fraud cases were correctly identified  

3. 155 collaborative fraud cases were correctly detected  
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No overlap between classes is observed, indicating that the model successfully separates 

individual fraud from collaborative fraud patterns. 

However, while these results are highly promising, such perfect classification performance 

may also indicate that the dataset is relatively well-structured or that the patterns between 

classes are highly distinguishable. 

 
Figure 1. Confusion Matrix of the XGBoost Model for Multi-Class Fraud Detection 

 

 
Figure 2. Feature Importance Base on XGBoost Model 

 

4.2 Feature Importance Analysis 

The feature importance analysis reveals that interaction-based features play a dominant role in 

the model’s decision-making process. The most significant features include: 

1. interaction_count (79.6%)  

2. transaction_time (12.2%)  

3. transaction_amount (8.2%)  
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The extremely high importance of interaction_count confirms that collaborative fraud is 

strongly associated with frequent interactions between users. This aligns with the assumption 

that coordinated fraudulent activities involve repeated communication or sequential actions 

among multiple actors. 

Interestingly, features such as data_change_count, role, and transaction_type show 

negligible importance in this model. This suggests that, within the current dataset, interaction 

patterns are far more discriminative than static user attributes or transaction categories. 

 

4.3 Impact of Behavioral and Interaction Features 

The inclusion of behavioral and interaction features had a substantial impact on model 

performance. 

Key observations include: 

1. Features such as activity frequency and off-hour transactions were strong indicators of 

individual fraud.  

2. Sequential activity patterns, such as data modification followed by transaction execution, 

were highly indicative of collaborative fraud.  

3. The frequency of interactions between specific users emerged as a critical factor in detecting 

collusion.  

These findings confirm that fraud detection cannot rely solely on transaction-level data, as 

collaborative fraud often involves subtle coordination that is only visible through interaction 

patterns. 

 

4.4 Comparative Analysis 

A comparative analysis was conducted between the baseline and enhanced models to evaluate 

the effectiveness of the proposed approach. 

The results demonstrate that: 

1. The baseline model performs adequately for detecting obvious fraud cases.  

2. However, it struggles to identify collaborative fraud, as it lacks contextual information 

about user interactions.  

3. The enhanced model significantly improves detection performance by incorporating 

relational features, making it more robust in real-world scenarios.  

 

4.5 Key Findings 

Based on the experimental results, several key findings can be highlighted: 

1. Incorporating behavioral and interaction-based features significantly improves fraud 

detection performance.  

2. The proposed model is capable of distinguishing between individual and collaborative 

fraud, which is rarely addressed in traditional systems.  

3. Collaborative fraud detection benefits greatly from analyzing user relationships and activity 

sequences.  

4. XGBoost proves to be an effective algorithm for handling complex and imbalanced fraud 

datasets. 

 

Conclusion  

This study proposes a machine learning-based approach for detecting both individual and 

collaborative fraud in financial systems using the XGBoost algorithm. By integrating 

transaction data with behavioral and interaction-based features, the proposed model is able to 

capture not only isolated fraudulent activities but also coordinated actions among multiple 

users. The experimental results demonstrate that the inclusion of behavioral and interaction 

features significantly improves model performance compared to traditional transaction-based 

approaches. In particular, the model shows strong capability in distinguishing between normal 
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activities, individual fraud, and collaborative fraud, which is a critical advancement over 

conventional binary classification methods. 

The findings highlight that collaborative fraud detection requires analysis beyond 

individual transactions, emphasizing the importance of user relationships, activity sequences, 

and interaction patterns. The use of XGBoost proves effective in handling complex and 

imbalanced datasets, making it suitable for real-world financial applications. From a practical 

perspective, this study provides a more comprehensive fraud detection framework that can 

support financial institutions, especially cooperative systems, in identifying sophisticated fraud 

schemes. The ability to detect collaborative fraud offers a proactive approach to mitigating risks 

and improving internal control mechanisms. However, this study has several limitations. The 

model is trained using historical data and does not yet support real-time detection. Additionally, 

the effectiveness of the model depends on the quality and completeness of activity logs and 

labeled data. 

For future research, it is recommended to explore real-time fraud detection systems, 

incorporate graph-based approaches to better model user relationships, and integrate 

explainable artificial intelligence techniques to enhance model interpretability. 
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