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Abstract: 

Healthcare insurance fraud is a critical challenge in health systems because fraudulent claims may cause financial losses, 

increase administrative burden, and reduce trust in healthcare services. This study proposes an explainable machine learning 

approach for detecting fraudulent healthcare insurance claims using imbalanced medical claim data. The dataset consisted 
of 10,000 healthcare insurance claim records with 20 attributes, including patient information, provider characteristics, 

claim-related financial variables, medical codes, temporal features, and fraud labels. Fraudulent claims represented only 

8.29% of the dataset, indicating a clear class imbalance problem. Several machine learning models were evaluated, 
including Logistic Regression, Decision Tree, Random Forest, Extra Trees, and AdaBoost, under different imbalance 

handling strategies, namely baseline learning, class weighting, and SMOTE. In addition, two feature scenarios were 

compared: a full-feature scenario and a leakage-aware scenario that excluded potentially post-decision variables such as 

claim status and approved amount. The experimental results showed that the best full-feature model was Logistic 
Regression without additional imbalance handling, achieving an accuracy of 0.9900, precision of 0.9740, recall of 0.9036, 

F1-score of 0.9375, ROC-AUC of 0.9989, and PR-AUC of 0.9896. The model correctly detected 150 out of 166 fraudulent 

claims in the test set. However, the best leakage-aware model achieved a lower F1-score of 0.6983, indicating that 

potentially leaked variables may substantially affect model performance. Feature importance analysis showed that claim 
amount, approved amount, claim submission delay, claim status, and provider-related variables were among the most 

influential predictors. These findings demonstrate that explainable machine learning can support healthcare claim fraud 

detection, but careful attention must be given to class imbalance, data leakage, and operational deployment context. 

Keywords: Healthcare Fraud Detection; Medical Insurance Claims; Machine Learning; Imbalanced Classification; 

explainable AI; Data Leakage; Health Informatics. 
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1. Introduction 

Healthcare systems increasingly depend on large-scale digital data to support service delivery, insurance 

processing, clinical administration, and financial decision-making. Among these data sources, medical insurance 

claims represent an important component of health informatics because they contain information related to patients, 

providers, diagnoses, procedures, insurance types, claim amounts, and service utilization patterns [1], [2], [3]. When 

analyzed properly, healthcare claim data can provide valuable insights for improving operational efficiency, 

monitoring provider behavior, and identifying irregularities in healthcare service delivery. 
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Healthcare fraud remains a major challenge for insurance providers, public health programs, and healthcare 

institutions [1], [2], [4], [5]. Fraudulent claims may occur in various forms, including excessive billing, unnecessary 

procedures, incorrect coding, duplicate claims, and abnormal provider practices [2], [3], [6]. Although only a small 

proportion of total claims may be fraudulent, their financial and operational impact can be substantial. A recent 

systematic review reported that healthcare fraud may account for approximately 3% to 10% of total healthcare 

expenditure [1], while also emphasizing that fraudulent cases are difficult to detect because they are relatively rare 

and often hidden within large volumes of legitimate claims. Therefore, an automated and data-driven approach is 

needed to assist healthcare organizations in detecting suspicious claims more effectively. 

Machine learning has become a promising approach for healthcare fraud detection because it can identify complex 

patterns from large and heterogeneous claim datasets [7], [8]. Previous studies have applied supervised, unsupervised, 

and hybrid machine learning methods to detect fraudulent or suspicious healthcare claims [9], [10], [11], [12]. 

However, healthcare fraud detection remains challenging due to several factors, including class imbalance, noisy data, 

heterogeneous claim characteristics, and evolving fraud patterns [13], [14]. In particular, the number of fraudulent 

claims is usually much smaller than legitimate claims, causing conventional classifiers to become biased toward the 

majority class. As a result, high accuracy alone may not reflect the actual ability of a model to detect fraud. Metrics 

such as recall, F1-score, precision-recall AUC, and balanced accuracy are therefore important in evaluating fraud 

detection models. 

Another important issue in healthcare claim fraud detection is model interpretability [15], [16], [17]. In medical 

and healthcare-related decision support systems, predictive performance alone is not sufficient. Stakeholders such as 

auditors, insurance analysts, and healthcare administrators also need to understand why a claim is classified as 

suspicious. Explainable artificial intelligence can help address this problem by identifying the main factors that 

influence model predictions. For example, features such as claim amount, claim submission delay, provider claim 

volume, diagnosis-procedure patterns, and visit type may contribute to fraud risk estimation [18]. Recent studies have 

also highlighted the importance of interpretable and explainable models in healthcare fraud detection, especially to 

support transparency and practical decision-making. 

In addition to class imbalance and interpretability, healthcare claim modeling must also consider the possibility of 

data leakage. Some variables in claim datasets may only become available after the claim has been reviewed or 

processed. If such features are used without careful consideration, the model may produce overly optimistic results 

that do not represent realistic early fraud detection scenarios. For example, claim status and approved claim amount 

may contain post-decision information that should not always be included in a predictive model designed for early 

screening. Therefore, a leakage-aware modeling strategy is required to evaluate whether model performance remains 

reliable when potentially leaked features are excluded. 

This study proposes an explainable machine learning approach for detecting fraudulent healthcare insurance claims 

using imbalanced medical claim data. The study compares several machine learning models, including baseline and 

tree-based classifiers, under different imbalance handling strategies. Two feature scenarios are considered: a full-
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feature scenario and a leakage-aware scenario that excludes features potentially unavailable during early claim 

screening. Furthermore, model interpretability is examined using feature importance analysis and explainable AI 

techniques to identify the most influential factors associated with fraudulent claims. 

The main contributions of this study are as follows. First, this study develops a machine learning pipeline for 

healthcare claim fraud detection using structured medical insurance data. Second, it evaluates the impact of 

imbalanced learning strategies on fraud classification performance. Third, it compares full-feature and leakage-aware 

modeling scenarios to assess the effect of potentially leaked variables. Fourth, it applies explainable AI to interpret 

the key features influencing fraud prediction. Through these contributions, this study aims to support the development 

of transparent, reliable, and data-driven fraud detection systems in healthcare informatics. 

2. Method 

Research Design: 

This study employed a supervised machine learning approach to detect fraudulent healthcare insurance claims 

using structured medical claim data [14]. The research design focused on three main aspects: imbalanced 

classification, leakage-aware feature selection, and model interpretability. Since fraudulent claims represent a minority 

class in real-world healthcare claim systems, this study evaluated several machine learning models under different 

imbalance handling strategies. In addition, two feature scenarios were developed to examine whether potentially 

leaked variables could influence model performance in an unrealistic manner. 

The overall research workflow consisted of several stages: dataset acquisition, data understanding, preprocessing, 

feature engineering, feature scenario construction, model training, imbalance handling, performance evaluation, and 

model interpretation. The final objective was not only to identify the best-performing model, but also to explain which 

claim-related factors contributed most to fraud prediction 

Data Description: 

The dataset used in this study consists of 10,000 healthcare insurance claim records with 20 attributes, including 

patient information, provider information, claim characteristics, financial information, diagnosis and procedure codes, 

temporal variables, and the target variable. The target variable is Is_Fraud, where a value of 0 indicates a legitimate 

claim and a value of 1 indicates a fraudulent claim. 

The dataset contains 9,171 legitimate claims and 829 fraudulent claims, meaning that the fraud rate is 

approximately 8.29%. This distribution indicates a clear class imbalance, where fraudulent claims are substantially 

less frequent than legitimate claims. Such imbalance is common in fraud detection problems and may cause 

conventional classifiers to favor the majority class if no appropriate handling strategy is applied. 

The main attributes in the dataset include patient age, patient gender, diagnosis code, procedure code, claim 

amount, approved amount, insurance type, claim submission date, days between service and claim submission, 

monthly claim volume per provider, provider specialty, patient state, claim status, length of stay, visit type, chronic 

condition flag, and prior visit history. 
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Data Preprocessing: 

Before model development, several preprocessing steps were applied to prepare the dataset for machine learning 

analysis. First, the target variable Is_Fraud was separated from the predictor variables. The identifier variable 

Claim_ID was removed because it only represents a unique claim identifier and does not provide meaningful 

predictive information. 

Missing values were found in three variables: Insurance_Type, Provider_Specialty, and 

Prior_Visits_12m. For numerical variables, missing values were handled using median imputation. For 

categorical variables, missing values were handled using the most frequent category. This approach was selected to 

preserve all records in the dataset while reducing the potential bias caused by incomplete data. 

Numerical variables were standardized using standard scaling to ensure that variables with larger numerical ranges 

did not dominate the learning process. Categorical variables such as gender, diagnosis code, provider specialty, patient 

state, claim status, visit type, and insurance type were transformed using one-hot encoding [19]. The variable 

Procedure_Code was treated as a categorical feature because it represents a medical procedure code rather than a 

continuous numerical measurement.  

Feature Engineering: 

Several additional features were generated to improve the representation of claim characteristics. The 

Claim_Submission_Date variable was converted into three temporal features: claim year, claim month, and 

claim day of the week. These features were used to capture possible temporal patterns in claim submission behavior. 

In addition, logarithmic transformations were applied to financial variables, including Claim_Amount and 

Approved_Amount. The transformed variables, Log_Claim_Amount and Log_Approved_Amount, were 

created using the natural logarithm transformation with log1p. This transformation was applied because claim-

related financial values commonly follow a skewed distribution, and logarithmic transformation can reduce the effect 

of extreme values. 

Feature Scenarios: 

To evaluate the effect of potentially leaked variables, this study used two feature scenarios: a full-feature scenario 

and a leakage-aware scenario. 

In the full-feature scenario, all available variables were used except the claim identifier and the target variable. 

This scenario represents a general machine learning setting where most available claim attributes are included in the 

model. 

In the leakage-aware scenario, potentially post-decision variables were excluded from the model. Specifically, 

Claim_Status, Approved_Amount, and Log_Approved_Amount were removed because these variables 

may only be available after claim processing or approval decisions. If such variables are used in early fraud detection, 
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they may introduce data leakage and produce overly optimistic model performance. Therefore, the leakage-aware 

scenario was designed to better reflect an early screening condition in which only pre-decision or operationally 

available variables are used. 

Data Splitting: 

The dataset was divided into training and testing subsets using an 80:20 stratified split [20]. Stratification was 

applied to preserve the original fraud and non-fraud class distribution in both subsets. This step was important because 

the dataset is imbalanced, and random splitting without stratification could produce an uneven distribution of 

fraudulent cases across the training and testing sets. 

The training set was used to fit the machine learning models, while the testing set was used to evaluate model 

generalization on unseen data. A fixed random state was applied to ensure reproducibility of the experimental results. 

Imbalance Handling Strategies: 

Because fraudulent claims represent only a small proportion of the dataset, this study evaluated three imbalance 

handling strategies. 

The first strategy was the baseline setting, where no imbalance handling technique was applied. This scenario was 

used to observe how each model performed under the original data distribution. 

The second strategy was class weighting, where higher importance was assigned to the minority class during model 

training. This approach encourages the model to pay more attention to fraudulent claims and reduces the tendency to 

classify most observations as non-fraud. 

The third strategy was Synthetic Minority Oversampling Technique, or SMOTE. SMOTE generates synthetic 

samples for the minority class by interpolating between existing minority samples. This technique was used to increase 

the representation of fraudulent claims in the training data and improve the model’s ability to recognize fraud patterns 

[21]. 

Machine Learning Models: 

Several machine learning models were evaluated to compare their ability to detect fraudulent healthcare claims. 

The selected models included both baseline and tree-based classifiers. 

Logistic Regression was used as a baseline model because it is simple, interpretable, and commonly used in binary 

classification problems. Decision Tree was included because it can capture non-linear relationships and provides a 

simple tree-based classification structure. Random Forest was used as an ensemble learning model that combines 

multiple decision trees to improve prediction stability and reduce overfitting. Extra Trees Classifier was included as 

another ensemble model that introduces additional randomness in tree construction. AdaBoost was also evaluated as 

a boosting-based model that combines weak learners into a stronger classifier. 
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Each model was trained under the predefined feature scenarios and imbalance handling strategies. This design 

allowed the study to compare model performance across multiple experimental settings. 

Evaluation Metrics: 

Model performance was evaluated using several metrics suitable for imbalanced binary classification. Accuracy 

was reported to provide a general overview of classification performance. However, since the dataset is imbalanced, 

accuracy alone was not considered sufficient. 

Precision was used to measure the proportion of predicted fraudulent claims that were actually fraudulent. Recall 

was used to measure the proportion of actual fraudulent claims that were successfully detected by the model. The F1-

score was used as the harmonic mean of precision and recall, providing a balanced measure between false positives 

and false negatives. 

In addition, the area under the receiver operating characteristic curve, or ROC-AUC, was used to measure the 

model’s ability to distinguish between fraud and non-fraud classes. The precision-recall AUC, or PR-AUC, was also 

reported because it is particularly useful for imbalanced datasets. Balanced accuracy was calculated to account for 

both sensitivity and specificity. Cohen’s Kappa was used to measure agreement between predicted and actual labels 

while considering chance agreement. Mean absolute error and root mean squared error were also reported to provide 

additional error-based evaluation. 

The confusion matrix was used to analyze the number of true positives, true negatives, false positives, and false 

negatives. In the context of healthcare fraud detection, false negatives are particularly important because they represent 

fraudulent claims that were incorrectly classified as legitimate. 

Explainable AI and Model Interpretation: 

To improve interpretability, the best-performing model was analyzed using feature importance and explainable AI 

techniques. For tree-based models, feature importance was used to identify which variables contributed most to the 

prediction process. This analysis helped determine whether factors such as claim amount, submission delay, provider 

claim volume, visit type, diagnosis code, or procedure code played an important role in fraud detection. 

Where applicable, SHAP analysis was used to provide a more detailed explanation of model predictions. SHAP 

values estimate the contribution of each feature to a specific prediction and allow both global and local interpretation 

of the model. In this study, SHAP was used to support transparency by explaining how different claim characteristics 

influenced the likelihood of a claim being classified as fraudulent. 

This interpretability component is important because healthcare fraud detection systems are not only expected to 

produce accurate predictions, but also to provide understandable evidence that can support audit, compliance, and 

decision-making processes. 
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Experimental Procedure: 

The experimental procedure was conducted as follows. First, the dataset was loaded and inspected to identify data 

types, missing values, and class distribution. Second, preprocessing was applied to handle missing values, encode 

categorical variables, and scale numerical variables. Third, feature engineering was performed by extracting temporal 

features and transforming financial variables. Fourth, two feature scenarios were prepared: full-feature and leakage-

aware. Fifth, the dataset was split into training and testing subsets using stratified sampling. Sixth, each machine 

learning model was trained using the three imbalance handling strategies. Seventh, model performance was evaluated 

using multiple classification metrics. Finally, the best-performing model was interpreted using feature importance and 

explainable AI analysis. 

This methodological design allows the study to evaluate not only predictive performance, but also the effects of 

imbalanced learning, potential data leakage, and model interpretability in healthcare claim fraud detection. 

3. Result and Discussion 

Dataset Characteristics: 

The dataset used in this study consisted of 10,000 healthcare insurance claim records with a binary target variable, 

Is_Fraud. As shown in Figure 1, the dataset was highly imbalanced. There were 9,171 non-fraud claims, 

representing 91.71% of the dataset, and 829 fraud claims, representing only 8.29% of the total records. This 

distribution confirms that healthcare fraud detection is an imbalanced classification problem, where fraudulent cases 

are substantially less frequent than legitimate claims. 

 

Figure 1. Distribution of fraud and non-fraud claims 

The imbalance pattern is important because a model can achieve high accuracy by mostly predicting the majority 

class. Therefore, performance evaluation in this study did not rely only on accuracy, but also included precision, recall, 

F1-score, ROC-AUC, PR-AUC, balanced accuracy, Cohen’s Kappa, MAE, and RMSE. 
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Missing values were found in three variables: Insurance_Type, Provider_Specialty, and 

Prior_Visits_12m. Each of these variables contained 350 missing values, equivalent to 3.5% of the dataset, as 

shown in Figure 2. The presence of missing values reflects a realistic condition in healthcare claim data, where 

administrative and provider-related information may not always be completely recorded. 

 

Figure 2. Missing values by column 

The missing values were handled through imputation during preprocessing. Numerical missing values were 

imputed using the median, while categorical missing values were imputed using the most frequent category. This 

strategy allowed all records to be retained for model development. 

Overall Model Performance: 

The experimental results show that the best-performing model was obtained using the Full Features scenario 

without additional imbalance handling. The model was Logistic Regression, achieving an accuracy of 0.9900, 

precision of 0.9740, recall of 0.9036, F1-score of 0.9375, ROC-AUC of 0.9989, and PR-AUC of 0.9896. 

The top overall results are presented in Table 1. 

Table 1. Top model performance based on F1-score 

Feature Set 
Balancing 

Method 
Model ROC-AUC Accuracy Precision Recall F1-score PR-AUC 

Full Features None Logistic Regression 9,989 9,900 9,740 9,036 9,375 9,896 

Full Features SMOTE Logistic Regression 9,990 9,885 9,040 9,639 9,329 9,901 

Full Features Class Weight Logistic Regression 9,990 9,845 8,649 9,639 9,117 9,897 

Full Features None AdaBoost 9,945 9,800 9,038 8,494 8,758 9,500 

Full Features None Decision Tree 9,231 9,745 8,363 8,614 8,487 7,319 

The results indicate that Logistic Regression performed strongly on this dataset. This suggests that the relationship 

between several predictive variables and fraud status may be sufficiently separable in the transformed feature space, 

especially after numerical scaling, categorical encoding, and financial feature transformation. However, this result 
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should be interpreted carefully because the best-performing model used the full-feature scenario, which included 

variables that may contain post-decision information. 

Interestingly, SMOTE improved the recall of Logistic Regression from 0.9036 to 0.9639, meaning that the model 

detected more fraudulent claims. However, this improvement came with a decrease in precision from 0.9740 to 0.9040. 

This means that SMOTE reduced false negatives but increased false positives. In a healthcare fraud detection context, 

this trade-off is important. A higher recall is beneficial when the main objective is to detect as many suspicious claims 

as possible, but lower precision may increase the workload for auditors because more legitimate claims may be flagged 

as fraudulent. 

Confusion Matrix Analysis of the Best Model: 

The confusion matrix of the best-performing model is shown in Figure 3. The test set contained 2,000 claims, 

consisting of 1,834 non-fraud claims and 166 fraud claims. 

 

Figure 3. Confusion matrix of the best model 

The best model correctly classified 1,830 non-fraud claims as non-fraud and 150 fraud claims as fraud. Only 4 

non-fraud claims were incorrectly classified as fraud, while 16 fraud claims were incorrectly classified as non-fraud. 

This result shows that the model had a very low false positive rate and a relatively low false negative rate. The 

fraud recall was 90.36%, indicating that the model successfully detected most fraudulent claims in the test set. The 

fraud precision was 97.40%, meaning that most claims predicted as fraud were truly fraudulent. 

In practical terms, the model would be useful as an automated screening tool because it can identify suspicious 

claims with a high level of reliability. However, the presence of 16 false negatives remains important because these 

cases represent fraudulent claims that were missed by the model. In healthcare claim auditing, false negatives may 

lead to undetected financial leakage, while false positives may increase the burden of manual review. 
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ROC and Precision-Recall Curve Analysis: 

The ROC curve of the best model is shown in Figure 4. The curve is positioned very close to the upper-left corner, 

indicating excellent discrimination between fraud and non-fraud claims. The ROC-AUC score of the best model was 

0.9989, suggesting that the model had a very strong ability to rank fraudulent claims higher than legitimate claims. 

 

Figure 4. ROC curve of the best model 

However, because the dataset is imbalanced, the Precision-Recall curve is especially important. As shown in 

Figure 5, the model maintained high precision across a wide range of recall values. The PR-AUC score was 0.9896, 

which confirms that the model performed well in detecting the minority fraud class. 

 

Figure 5. Precision-recall curve of the best model 

The strong PR-AUC result is particularly meaningful because PR-AUC is more informative than ROC-AUC in 

imbalanced classification settings. In this study, the high PR-AUC indicates that the model was able to maintain a 

favorable balance between detecting fraudulent claims and minimizing false alarms. 
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Leakage-Aware Model Performance: 

To evaluate whether the model performance was affected by potentially leaked variables, this study also tested a 

leakage-aware feature scenario. In this scenario, Claim_Status, Approved_Amount, and 

Log_Approved_Amount were excluded because these variables may not be available during early fraud screening. 

The best leakage-aware model was AdaBoost without imbalance handling, with an accuracy of 0.9555, precision 

of 0.7984, recall of 0.6205, F1-score of 0.6983, ROC-AUC of 0.9725, and PR-AUC of 0.7875. 

Table 2. Best leakage-aware model performance 

Feature Set 
Balancing 

Method 
Model Accuracy Precision Recall F1-score ROC-AUC PR-AUC 

Leakage-Aware None AdaBoost 9,555 8,495 6,205 6,983 9,725 7,875 

Leakage-Aware SMOTE Decision Tree 9,305 5,652 7,048 6,273 8,279 4,239 

Leakage-Aware None Decision Tree 9,345 5,978 6,446 6,203 8,027 4,148 

Leakage-Aware None 
Logistic 

Regression 
9,395 6,531 5,783 6,134 9,602 7,123 

Leakage-Aware None Random Forest 9,495 8,495 4,759 6,100 9,609 7,447 

Compared with the best full-feature model, the best leakage-aware model showed a clear decrease in F1-score 

from 0.9375 to 0.6983. This represents an absolute reduction of approximately 0.2392. Recall also decreased from 

0.9036 to 0.6205, and PR-AUC decreased from 0.9896 to 0.7875. 

This performance gap suggests that post-decision or highly informative administrative variables may have 

contributed strongly to the near-perfect performance of the full-feature model. Therefore, the leakage-aware scenario 

provides a more conservative and operationally realistic estimate of model performance for early fraud detection. 

This finding is important for healthcare AI implementation. If the objective is to detect fraud after the claim has 

already been processed, full-feature modeling may be acceptable. However, if the objective is early fraud screening 

before claim approval, leakage-aware modeling is more appropriate. 

Effect of Imbalance Handling: 

The results show that imbalance handling had different effects depending on the model and feature scenario. In 

the full-feature setting, SMOTE improved the recall of Logistic Regression from 0.9036 to 0.9639, but precision 

decreased from 0.9740 to 0.9040. Similarly, class weighting produced the same recall of 0.9639, but precision further 

decreased to 0.8649. 

This pattern indicates that imbalance handling can help detect more fraudulent claims, but it may also increase the 

number of false positives. In healthcare claim auditing, this trade-off should be aligned with organizational priorities. 

If the primary objective is to minimize undetected fraud, higher recall may be preferred. If the objective is to reduce 

unnecessary investigations, higher precision may be more important. 
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In the leakage-aware setting, class weighting and SMOTE also increased recall for some models. For example, 

Logistic Regression with class weighting achieved a recall of 0.8976, detecting 149 out of 166 fraud cases. However, 

it also produced 220 false positives, resulting in a lower precision of 0.4038 and F1-score of 0.5570. This indicates 

that although the model became more sensitive to fraud, it also flagged many legitimate claims as suspicious. 

Therefore, imbalance handling should not be evaluated only based on recall. A balanced evaluation using F1-score, 

PR-AUC, and confusion matrix analysis is necessary to determine whether the resulting model is practical for real-

world fraud screening. 

Feature Importance Analysis: 

The feature importance analysis of the best model is shown in Figure 6. Since the best model was Logistic 

Regression, the importance values represent the magnitude of model coefficients after preprocessing. The most 

influential features included Log_Claim_Amount, Log_Approved_Amount, Claim_Amount, 

Approved_Amount, and Days_Between_Service_and_Claim. 

 

Figure 6. Top 20 feature importance of the best model 

The dominance of claim-related financial variables suggests that claim value plays a central role in fraud 

prediction. Higher claim amounts may indicate abnormal billing behavior or unusual service patterns. The importance 

of Days_Between_Service_and_Claim also supports the assumption that claim submission timing is relevant, 

where suspicious claims may follow different submission patterns compared with legitimate claims. 
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However, the importance of Log_Approved_Amount, Approved_Amount, and 

Claim_Status_Approved also supports the concern regarding potential data leakage. These variables may 

contain information that is only available after claim review or approval. Their presence among the most important 

features explains why the full-feature model achieved very high performance. This reinforces the importance of 

including the leakage-aware scenario in the study. 

Several provider-related features, such as specific Provider_ID categories, also appeared among the top 

predictors. This indicates that provider-level behavior may contribute to fraud risk estimation. Nevertheless, such 

features should be interpreted carefully because the model may learn provider-specific patterns from the dataset. If 

the model is later applied to new providers not present in the training data, its performance may differ. 

The appearance of patient gender categories among the important features should also be interpreted as model 

association rather than causal evidence. Since categorical variables were transformed using one-hot encoding, the 

importance of such variables reflects their statistical contribution within the dataset, not necessarily a direct causal 

relationship with fraud. 

Discussion: 

The findings of this study demonstrate that machine learning can effectively detect fraudulent healthcare insurance 

claims, particularly when informative claim-related features are available. The best full-feature model achieved high 

predictive performance, with an F1-score of 0.9375, ROC-AUC of 0.9989, and PR-AUC of 0.9896. These results 

show that structured healthcare claim data contain useful patterns for distinguishing fraudulent and legitimate claims. 

However, the comparison between full-feature and leakage-aware scenarios reveals an important methodological 

issue. The substantial decline in performance after removing potentially leaked variables suggests that some features 

may provide information that would not be available during early claim screening. Therefore, the full-feature model 

may overestimate real-world early detection performance. 

From a practical perspective, this study suggests that healthcare fraud detection systems should be designed 

according to their intended operational use. If the system is intended for post-payment audit, variables such as 

approved amount and claim status may be useful. However, if the system is intended for early fraud detection before 

claim approval, these variables should be excluded to avoid data leakage. 

The results also show that imbalance handling should be applied carefully. SMOTE and class weighting can 

improve the detection of fraudulent claims, but they may increase false positives. In fraud detection, this trade-off is 

not merely technical; it has operational consequences. A high-recall model may reduce missed fraud cases, but it can 

also increase the workload of audit teams. Therefore, model selection should consider both predictive performance 

and practical audit capacity. 

Overall, the proposed approach provides a useful framework for healthcare claim fraud detection by combining 

machine learning, imbalance-aware evaluation, leakage-aware modeling, and interpretability analysis. The results 
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support the potential use of explainable machine learning as a decision-support tool for healthcare informatics, 

insurance auditing, and claim integrity monitoring. 

Summary of Findings: 

The main findings of this study can be summarized as follows. First, the dataset was highly imbalanced, with fraud 

cases representing only 8.29% of all claims. Second, the best full-feature model was Logistic Regression, which 

achieved an F1-score of 0.9375 and PR-AUC of 0.9896. Third, SMOTE and class weighting improved fraud recall 

but reduced precision, indicating a trade-off between fraud detection sensitivity and false positive control. Fourth, the 

leakage-aware scenario produced lower but more realistic performance, with the best F1-score of 0.6983. Fifth, feature 

importance analysis showed that claim amount, approved amount, claim submission delay, claim status, and provider-

related variables were important predictors of fraud [22]. 

These findings indicate that explainable machine learning can support healthcare claim fraud detection, but careful 

attention must be given to class imbalance, data leakage, and the operational context in which the model will be 

deployed. 

4. Conclusion 

This study presented an explainable machine learning approach for detecting fraudulent healthcare insurance 

claims using imbalanced medical insurance data. The dataset consisted of 10,000 healthcare claim records, with 

fraudulent claims representing only 8.29% of the total data. This class distribution confirmed that healthcare fraud 

detection is an imbalanced classification problem that requires careful evaluation beyond accuracy alone. 

The experimental results showed that the best full-feature model was Logistic Regression without additional 

imbalance handling, achieving an accuracy of 0.9900, precision of 0.9740, recall of 0.9036, F1-score of 0.9375, ROC-

AUC of 0.9989, and PR-AUC of 0.9896. The confusion matrix further showed that the model correctly detected 150 

out of 166 fraudulent claims in the test set, with only 4 false positives and 16 false negatives. These results indicate 

that structured healthcare claim data contain strong predictive patterns for distinguishing fraudulent and legitimate 

claims. 

However, the comparison between full-feature and leakage-aware scenarios revealed an important methodological 

issue. When potentially post-decision variables such as claim status and approved amount were removed, the best 

leakage-aware model achieved a lower F1-score of 0.6983. This decline suggests that some variables in the full-feature 

model may contain information that is not available during early claim screening. Therefore, while the full-feature 

model provides strong predictive performance, the leakage-aware model offers a more realistic estimate for early fraud 

detection applications. 

The study also found that imbalance handling techniques such as SMOTE and class weighting improved fraud 

recall in several scenarios, but often reduced precision. This indicates a trade-off between detecting more fraudulent 

claims and increasing false positives. In practical healthcare claim auditing, this trade-off should be considered 
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carefully because false positives may increase manual review workload, while false negatives may allow fraudulent 

claims to remain undetected. 

The feature importance analysis showed that claim-related financial variables, including claim amount and 

approved amount, were among the most influential predictors. In addition, days between service and claim submission, 

claim status, visit type, insurance type, and provider-related variables also contributed to fraud prediction. These 

findings support the value of explainable machine learning because they help identify the main factors influencing 

model decisions and provide more transparent insights for healthcare auditors and claim analysts. 

Overall, this study demonstrates that machine learning can support healthcare fraud detection as part of AI-driven 

health informatics and medical insurance analytics. The proposed approach combines predictive modeling, imbalance-

aware evaluation, leakage-aware feature analysis, and explainable AI to provide a more transparent and operationally 

relevant fraud detection framework. Future studies may extend this work by using real-world healthcare claim data, 

applying advanced gradient boosting models, incorporating temporal provider behavior analysis, and validating the 

model in prospective claim screening environments [23], [6]. 
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