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Abstract: Healthcare insurance fraud has emerged as a significant challenge due to the rapid growth of digital healthcare systems, 

increasing volumes of electronic insurance claims, and the evolving complexity of fraudulent activities. Conventional fraud 

detection approaches primarily rely on manually defined rules, single-modal data, or traditional machine learning algorithms, which 

often struggle to capture complex relationships among heterogeneous healthcare information and provide reliable predictions. To 

address these limitations, this study proposes a Reliability-Aware Multimodal Intelligence Network (RAMI-Net) for healthcare 

insurance fraud detection from a trimodal data perspective. Initially, healthcare insurance claims are preprocessed and transformed 

into three complementary perspectives: patient structured data, claim-related textual information, and healthcare relationship 

graphs. These perspectives are processed using TabNet, ClinicalBERT, and Graph Attention Network (GAT) to extract modality-

specific feature representations. A Reliability Estimation Module evaluates the confidence of each modality before a Reliability-

Aware Cross-Modal Attention Fusion mechanism integrates reliable features while minimizing noisy information. The fused 

representations are classified using an Explainable Fraud Detection Network, and SHAP provides transparent interpretations by 

identifying influential fraud-related features. Experimental results demonstrate that the proposed framework achieves 99.95% 

accuracy, 99.98% precision, 99.97% recall, 99.95% F1-score, and 99.63% ROC-AUC, outperforming conventional machine 

learning and deep learning approaches. The proposed RAMI-Net provides an accurate, robust, reliable, and interpretable solution 

for intelligent healthcare insurance fraud detection, supporting effective real-world healthcare insurance claim management. 
Keywords: Healthcare Insurance Fraud Detection, Multimodal Learning, TabNet, ClinicalBERT, Graph Attention Network, 

Explainable AI 

 

1. Introduction 

Healthcare systems have been undergoing a digital revolution that has led to a surge in the quantity of electronic 

health records, insurance claims, and clinical data produced by healthcare providers. [1]. This digitalization has 

enhanced the effectiveness of healthcare services and insurance claim processing, but it has also opened the door for 

fraudulent activities, such as submitting false claims, duplicate billing, unnecessary medical procedures, and identity 

theft [2]. The cost of healthcare insurance fraud to insurance companies and the impact on the quality and availability 

of healthcare services are significant. [3]. Most traditional fraud detection methods are based on manually written 

rules or classic ML models, and they are not suitable for dealing with the complex relationship between heterogeneous 

healthcare data [4]. Thus, smart fraud detection systems that can efficiently process the various types of healthcare 

information and provide reliable decision-making are in demand. [5]. 

For healthcare insurance fraud detection, several recent works have used ML and DL models such as RF, ANN, 

RL, Transformer-based architectures, and GNN. [6]. These methods have shown to have better predictive performance 

by learning complex feature representations from structured healthcare claims and patient information. [7]. Most of 

the current techniques, however, are either multimodal learning without taking account of the reliability of each 

information source in feature fusion. [8]. In addition, existing models have not paid much attention to combining the 
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patient attributes, the textual information from the claims, and the relationships between patients and healthcare 

providers into a single framework for fraud detection, limiting the comprehensiveness, interpretability, and 

generalizability of the overall model. [9]. Furthermore, there is no adaptive reliability evaluation for heterogeneous 

healthcare data, which may result in the suboptimal integration of features and less effective detection of fraud [10].  

In order to overcome these drawbacks, this paper introduces a trimodal data-based RAMI-NET for healthcare 

insurance fraud detection. This framework first extracts complementary representations from three perspectives: 

patient-related structured data with TabNet, claim textual information with ClinicalBERT, and healthcare relationship 

information with a GAT. A Reliability Estimation Module is then used to assess the reliability of each perspective and 

a Reliability-Aware Cross-Modal Attention Fusion mechanism is used to fuse them together. Lastly, an Explainable 

Fraud Detection Network forecasts fraudulent and valid claims and SHAP-based interpretability offers clear 

explanations of the prediction process. The proposed framework is also shown to be effective in improving fraud 

detection performance and ensuring the reliability and explainability of healthcare insurance analytics through 

experiments. 

1.1 Problem Statement 

       With the increasing number of digital health care claims and the complexity of fraudulent activities, 

healthcare insurance fraud is becoming a serious problem [11]. The current methods of fraud detection are mostly 

based on single-modal data or traditional ML methods, and they are not able to leverage information from several 

healthcare facets [12]. The recent DL models have achieved better detection performance, but they usually give equal 

importance to all the input modalities in feature fusion without taking into account the reliability of the individual data 

sources. This can lead to inaccurate predictions and make the model less robust, as unreliable or noisy data can 

negatively impact the accuracy of the predictions. Additionally, many of the current systems are not interpretable, 

making it hard for healthcare professionals and insurance companies to understand the factors that affect fraud 

predictions. Thus, a reliable, multimodal and explainable fraud detection framework is needed that can effectively 

combine patient structured data, textual claim data and healthcare relationship data, and dynamically adjust the weights 

of these data attributes to enhance the accuracy of fraud detection with transparency. 

1.2 Research Significance 

      This study proposes a structured, textual, and relational healthcare data integration framework for accurate 

insurance fraud detection while maintaining reliability. The proposed approach combines adaptive reliability 

estimation and explainable AI to enhance the reliability of the prediction, model transparency, and reliability of 

decision-making, facilitating efficient and trustworthy healthcare insurance claim management. 

1.3 Key Contributions 

A novel RAMI-NET is proposed to enhance the healthcare insurance fraud detection using three 

complementary perspectives of healthcare. 

The proposed framework involves feature extraction from discriminative multimodal features, such as 

structured patient features extracted by TabNet, textual claim features extracted by ClinicalBERT, and healthcare 

relationship features extracted using GAT. 

 To increase the robustness and accuracy of the prediction, a Reliability Estimation Module is proposed to 

evaluate the level of confidence of each perspective prior to multimodal fusion. 

 A Reliability-Aware Cross-Modal Attention Fusion mechanism adaptively fuses reliable multimodal features, 

which benefits fraud classification accuracy and alleviates the influence of irrelevant features. 

 To enhance transparency and foster trustworthy decision-making, SHAP-based explainability is added to 

interpret the predictions made by the fraud detection model to understand the important healthcare claim features that 

influence predictions. 
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1.4 Rest of the Section 

The literature review is presented in Section II, the proposed methodology in Section III, the results of the work 

in Section IV and the conclusions and future work in Section V. 

2. Related Works 

Razzaq & Shah,[13] presented  an in-depth overview of ML methods in healthcare fraud identification, which 

covered supervised, unsupervised, DL and hybrid methods. The explainable AI, federated learning, ensemble learning, 

and SMOTE-ENN were found to be effective methods for tackling imbalanced healthcare datasets, as shown by the 

study. It also highlighted key implementation hurdles such as data quality, scalability, regulatory compliance, and 

privacy protection. The study, however, was limited to the review of current techniques and did not advocate an 

insurance fraud detection multimodal framework that takes reliability into account. 

du Preez et al.,[14] systematically reviewed 137 research articles published in the last 20 years, and analyzed 

ML methods for healthcare insurance fraud detection. Supervised, Unsupervised, Hybrid, and DL methods were 

studied and their application, datasets and challenges were presented. It found problems with data consistency, privacy 

issues, insufficient number of labeled fraud cases, and the absence of benchmark datasets. The study, however, mainly 

offered a thorough survey but did not offer a framework for multimodal fraud detection that is aware of reliability. 

Krones et al.,[8] Provided a comprehensive overview of multimodal ML applications in healthcare by 

discussing the ways in which imaging, text, tabular and time-series data can be combined for clinical decision making. 

Multimodal datasets and data fusion strategies, as well as development stages of the models (pre-training, fine-tuning, 

and evaluation) were analyzed. It found that multimodal learning can boost the accuracy of predictions while being 

dependent on the data and application properties. The study, however, did not explore the reliability-aware multimodal 

fusion in insurance fraud detection for healthcare. 

Kapadiya et al., [15] Presented a systematic survey on AI (AI) and blockchain based techniques for secure 

Healthcare insurance fraud detection. The study examined the different security and privacy issues in health insurance 

systems, and presented an AI framework that integrates blockchain to improve fraud detection and secure claim 

processing. It also presented a case study of healthcare fraud and shared some implementation challenges and research 

opportunities for the future. The research, however, was mainly on the security aspect of system architecture and 

ignored the issues of reliability-aware multimodal learning and adaptive feature fusion in the context of insurance 

fraud detection in healthcare. 

Hamid et al., [16] proposed a healthcare insurance fraud detection methodology which uses association rule 

mining along with unsupervised learning techniques. The study first extracted frequent association rules from patient, 

service, and provider data, and then used four classification techniques, namely Isolation Forest (IF), Cluster Based 

Local Outlier Factor (CBLOF), ECOD and One-Class Support Vector Machine (OCSVM), for classifying fraudulent 

claims. The proposed approach was able to identify anomalous transactions in the healthcare field without the need 

for labelled data. This study, however, did not consider multimodal data integration, reliability-aware feature fusion, 

and explainable DL for healthcare insurance fraud detection. 

Zhang et al., [17] proposed a fully connected layer sparse convolution DL-based healthcare fraud detection 

model to quantify disease–drug relationships. Data imbalance was dealt with by utilizing a focal loss function and a 

relative probability score was introduced for performance evaluation. The proposed methodology was able to identify 

abnormal healthcare claims with better efficiency and reduced workload of analysts as compared to the conventional 

methodologies. The study, however, concentrated on the modeling of the disease–drug relationship rather than 

considering reliability-aware multimodal learning or explainable fraud detection mechanisms. 

Fourkiotis & Tsadiras,[18] proposed a leakage-safe AI and ML process for hospital healthcare fraud detection, 

focusing on the preprocessing, feature engineering, and imbalance-aware learning stages. The study experimented 

with eight ML algorithms and threshold calibration, and a fraud-oriented composite productivity index to assess 
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performance. The multilayer perceptron had the best results in detecting fraud cases, and CatBoost was able to reduce 

false positives. The study, however, did not include structured claims data and traditional ML models, but rather 

lacked an explainable feature fusion and reliability-aware multimodal learning in the context of healthcare insurance 

fraud detection. 

Ebinezer & Krishna [19] proposed an intelligent insurance fraud detection framework based on Chaotic 

Variational Autoencoders (CVAE), Bidirectional Long Short-Term Memory (Bi-LSTM) and a hybrid model named 

Random Forest (RF)–Bi-LSTM. The study also compared three learning methods – generative learning, sequential 

learning and ensemble learning – and showed that the hybrid approach outperformed the other two in terms of fraud 

detection, yielding more robust and reliable results. The framework was mainly based on structured insurance data 

and did not make use of reliability-aware multimodal learning, adaptive feature fusion or explainable AI for healthcare 

insurance fraud detection. 

Vosseler [20] proposed insurance fraud detection based on fast unsupervised Bayesian anomaly detector 

(BHAD) with ensemble learning of outlier detection using Bayesian anomaly detection. To enhance the diversity of 

the ensemble and the predictive performance, the study proposed a supervised surrogate model for explainability and 

a greedy mutual information-based model selection strategy. The proposed method was shown to be competitive in 

terms of accuracy of anomaly detection in insurance claims in a corporate environment. The study was, however, 

based on unsupervised anomaly detection, and there was no reliability-aware multimodal feature fusion or explainable 

DL in the field of healthcare insurance fraud detection. 

He et al., [21] proposed an AI  based legal supervision framework for identification of OrGATised Medical 

Insurance Fraud, especially drug resale fraud by applying multi-dimensional behavioural analysis and adaptive 

FLASC clustering. The approach used included automated clue generation, group behavior analysis, and the dynamic 

risk stratification, which enabled the detection of individual anomalies and orGATized fraud networks. Experimental 

results showed high accuracy and effective detection of fraudulent activities that have not been detected before. The 

study, however, mainly dealt with the anomaly detection and clustering problem without considering reliability-aware 

multimodal learning or cross-modal attention fusion or explainable DL in the context of healthcare insurance fraud 

detection.  

In recent years, ML, DL, anomaly detection, blockchain technology, graph learning, and multimodal 

intelligence have been used to significantly enhance the detection of healthcare insurance fraud. These approaches 

have proven to be effective in improving fraud detection, based on structured health care claims, textual information, 

and health care relationships. Most of the current approaches, however, are based on single-modal data or are based 

on multimodal fusion but do not consider the trustworthiness of the individual information sources. Moreover, not 

much attention has been paid to the explanation of the decision-making and adaptive feature fusion of heterogeneous 

healthcare data. These restrictions inspire the proposed RAMI-NET framework for healthcare insurance fraud 

detection that offers accurate, robust, reliable, and interpretable detection. 

Table 1. Comparative Analysis of Existing Healthcare Insurance Fraud Detection Studies 

Author Methodology Advantages Disadvantages 

Razzaq & Shah [13] ML, DL, explainable AI, 

federated learning, and 

hybrid learning review 

Provides comprehensive 

analysis of recent fraud 

detection techniques and 

identifies implementation 

challenges. 

Does not propose a 

practical reliability-aware 

multimodal fraud 

detection framework. 

du Preez et al. [14] Systematic literature 

review of ML-based 

healthcare fraud detection 

Summarizes existing 

datasets, algorithms, and 

research trends 

comprehensively. 

Focuses only on literature 

review without proposing 

a detection model. 
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Krones et al. [8] Multimodal ML review Explains multimodal data 

fusion strategies and 

healthcare applications. 

Does not address 

healthcare insurance fraud 

detection or reliability-

aware fusion. 

Kapadiya et al. [15] AI and Blockchain-

enabled fraud detection 
Improves security, 

privacy, and transparency 

in healthcare insurance 

systems. 

Primarily focuses on 

secure architecture rather 

than intelligent 

multimodal fraud 

detection. 

Hamid et al. [16] Association Rule Mining 

with IF, CBLOF, ECOD, 

and OCSVM 

Detects fraud without 

requiring labeled datasets 

and identifies anomalous 

claims effectively. 

Does not integrate 

multimodal data, 

explainability, or adaptive 

feature fusion. 

Zhang et al. [17] Deep neural network with 

sparse convolution 
Learns disease–drug 

relationships and 

improves anomaly 

detection performance. 

Limited to disease–drug 

analysis without 

multimodal learning or 

explainable AI. 

Fourkiotis & Tsadiras [18] AI and ML pipeline Achieves high fraud 

detection performance 

using optimized 

preprocessing and 

threshold calibration. 

Relies mainly on 

structured healthcare 

claims and lacks 

multimodal fusion. 

Ebinezer & Krishna 

[19] 

CVAE, Bi-LSTM, and 

Hybrid RF–Bi-LSTM 
Handles class imbalance 

and improves fraud 

detection through hybrid 

learning. 

Does not consider 

reliability-aware 

multimodal feature 

integration or 

interpretability. 

Vosseler 

[20] 

Bayesian Histogram 

Anomaly Detector 

(BHAD) 

Provides scalable anomaly 

detection with model 

explainability. 

Focuses only on 

unsupervised anomaly 

detection without 

multimodal learning. 

He et al. 

[21] 

AI with behavioral 

analysis and FLASC 

clustering 

Effectively detects 

orGATized medical 

insurance fraud networks. 

Does not incorporate 

reliability-aware 

multimodal learning or 

explainable DL. 

Table I shows comparison of various studies on healthcare insurance fraud detection by methodology, benefits 

and drawbacks. The comparison shows that there are still limitations, and provides the rationale for the proposed 

reliability-aware multimodal intelligence framework. 

3. Proposed methodology 

      From the point of view of trimodal data, this study aimed to enhance the accuracy, robustness and 

interpretability of fraud detection in healthcare insurance by proposing a Reliability-Aware Multimodal Intelligence 

Network (RAMI-Net). The preprocessing of the healthcare insurance claims dataset involves several steps to 

guarantee quality input data, such as data cleaning, imputing missing values, encoding categorical features, 

normalizing the features, and splitting the data into train and test sets. The preprocessed data is then converted into 

three complementary views: Patient Structured Data, Claim Textual Data and Healthcare Relationship Graphs, 

allowing the framework to include various attributes of healthcare insurance claims. TabNet is used for structured 

information of the patient, ClinicalBERT for extracting context-specific claim-related textual information, and GAT 

for learning relationships among healthcare entities. A Reliability Estimation Module then checks how reliable the 
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features extracted from each modality are, and then determines which information is most reliable. The reliability 

scores are used by the Reliability-Aware Cross-Modal Attention Fusion mechanism to adaptively fuse multimodal 

features and remove noisy and less informative features. The fused feature representation is then fed into an 

Explainable Fraud Detection Network, which is used to determine whether or not the healthcare insurance claims are 

fraudulent. Lastly, SHAP (SHapley Additive exPlanations) gives interpretable explanations by highlighting the most 

influential features for each prediction. The overall architecture of proposed RAMI-Net architecture is shown in figure 

1. 

 

Fig 1. Proposed Reliability-Aware Intelligent Multimodal Network 

3.1 Data Collection 

The proposed framework uses the Enhanced Healthcare Insurance Claims Dataset provided from the Kaggle 

repository that contains 4,500 synthetic records of healthcare insurance claims [22]. This data set includes patient 

demographic information, diagnosis and procedure codes, provider details, claim amount, claim submission method 

and claim status. Instead of using multiple heterogeneous datasets, the collected dataset is converted to three 

complementary perspectives: Patient Perspective, Claim Textual Perspective, and Healthcare Relationship Graph 

Perspective, which allows for the learning of three perspectives of features to achieve reliable and explainable 

healthcare insurance fraud detection. 

3.2 Data Preprocessing 

Missing values are detected in the healthcare insurance claim dataset and then filled by using mean imputation 

for numeric variables. This assures complete data set and minimizes loss of information. It is expressed in (1). 

  𝑥𝑖 = {𝑥𝑖, 𝑖𝑓 𝑥𝑖 ≠ ∅ 𝜇, 𝑖𝑓 𝑥𝑖 = ∅                              (1) 

 Where 𝑥𝑖denotes the 𝑖𝑡ℎfeature value, ∅represents a missing value, and 𝜇is the mean of all available values 

for the corresponding feature. To prevent redundant information, reduce computational complexity, improve learning 
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quality and ensure accurate representation of actual insurance claim records, duplicate healthcare insurance claims are 

detected and removed with unique identifiers. It is indicated in (2). 

𝐷𝑖 = {1, 𝐼𝐷𝑖 = 𝐼𝐷𝑗 0, 𝐼𝐷𝑖 ≠ 𝐼𝐷𝑗                        (2) 

Where 𝐷𝑖denotes duplicate status, 𝐼𝐷𝑖and 𝐼𝐷𝑗represent claim identifiers, 1indicates duplicate records, and 

0represents unique healthcare insurance claims. Data cleaning eliminates inconsistent, invalid and noisy healthcare 

claim records, standardizing attribute values, improving dataset integrity, removing data formatting inconsistencies 

and improving the performance of the reliable multimodal feature extraction. It is represented in (3). 

𝑋𝑐𝑙𝑒𝑎𝑛 = 𝑋 − 𝑅𝑛     (3) 

  Where 𝑋denotes the original dataset, 𝑅𝑛represents noisy, inconsistent, or invalid records removed during 

preprocessing, and 𝑋𝑐𝑙𝑒𝑎𝑛is the cleaned healthcare claims dataset. Encoding techniques convert categorical health 

care characteristics into numeric values that can be efficiently processed by the ML algorithms, which are used to 

process diagnosis codes, provider information, claim types, and demographic characteristics. It is outlined in (4). 

𝐸(𝑐𝑖) = 𝑘   (4) 

Where 𝑐𝑖represents the 𝑖𝑡ℎcategorical attribute, 𝐸(⋅)denotes the encoding function, and 𝑘is the assigned 

numerical value corresponding to each category. Min-Max normalization is used to normalize the attributes of 

Healthcare claims into a uniform numerical range to reduce the feature scale difference, optimize the model training 

process, and accelerate the model convergence process during multimodal model training. It is mathematically 

expressed in (5). 

𝑥𝑖
′ =

𝑥𝑖−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                            (5) 

Where 𝑥𝑖denotes the original feature value, 𝑥𝑖
′is the normalized value, 𝑥𝑚𝑖𝑛represents the minimum feature 

value, and 𝑥𝑚𝑎𝑥represents the maximum feature value. The preprocessed healthcare insurance claims data set is 

divided into training and testing data sets, and then the proposed framework is trained to learn fraud patterns and tested 

to assess the performance of prediction with a set of previously unseen claims. It is denoted in (6). 

𝐷 = 𝐷𝑡𝑟𝑎𝑖𝑛 ∪ 𝐷𝑡𝑒𝑠𝑡                          (6) 

 Where 𝐷denotes the complete dataset, 𝐷𝑡𝑟𝑎𝑖𝑛represents the training subset, 𝐷𝑡𝑒𝑠𝑡denotes the testing subset, 

∪indicates dataset union. 

3.3 Patient Feature Extraction using TabNet 

The Patient Perspective is processed with TabNet to automatically highlight informative demographic features, 

through sequential attention, allowing the efficient learning of complex patient features associated with healthcare 

insurance fraud. TabNet learns a high-level representation of the patient feature vector by sequentially learning the 

features. It is represented in (7). 

ℎ𝑇 = 𝜎(𝑏𝑇)                          (7) 

      Where 𝑥𝑃denotes the patient feature vector, 𝑊𝑇represents the TabNet weight matrix, 𝑏𝑇is the bias vector, 

𝜎(⋅)denotes the nonlinear activation function, and ℎ𝑇is the extracted patient feature representation. 

3.4 Claim Textual Feature Extraction using ClinicalBERT 

ClinicalBERT uses the relationships between various diagnosis codes, procedures, provider specialties and 

claim information to build contextual semantic representations from healthcare claims and boost the accuracy of fraud 

identification. It is outlined in (8). 
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𝐻𝐶 = 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝐵𝐸𝑅𝑇(𝑇)                    (8) 

Where 𝑇represents the input claim text sequence, 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝐵𝐸𝑅𝑇(⋅)denotes the pretrained ClinicalBERT 

model, and 𝐻𝐶is the contextual semantic embedding generated for fraud detection. 

3.5 Healthcare Relationship Feature Extraction using Graph Attention Network 

The Healthcare Relationship Graph is used by GAT for adaptive neighbourhood attention to detect structural 

relationships between patients, providers, diagnoses and procedures, to learn these relationships in order to combat 

fraud. It is expressed in (9). 

𝛼𝑖𝑗 =
𝑒𝑥𝑝𝑒𝑥𝑝 (𝑒𝑖𝑗) 

∑𝑘∈𝑁(𝑖) 𝑒𝑥𝑝(𝑒𝑖𝑘)
               (9) 

Where 𝛼𝑖𝑗denotes the normalized attention coefficient between nodes 𝑖and 𝑗, 𝑒𝑖𝑗is the attention score, and 

𝑁(𝑖)represents the neighboring nodes of node 𝑖. It is denoted in (10). as: 

 ℎ𝑖
′ = 𝜎(∑𝑗∈𝑁(𝑖) 𝛼𝑖𝑗𝑊ℎ𝑗)         (10) 

         Where ℎ𝑖
′ denotes the updated node embedding, ℎ𝑗represents the neighboring node feature, 𝑊is the 

trainable weight matrix, 𝛼𝑖𝑗is the attention coefficient, 𝑁(𝑖)denotes the neighboring node set, and 𝜎(⋅)represents the 

activation function. 

GAT architecture used in the proposed RAMI-Net is shown in Figure 2. Graph nodes represent healthcare 

entities – patients, healthcare providers, claims, treatments and more. The GAT is a neighborhood aggregation 

technique that uses attention to produce informative graph embeddings, which are useful for learning complex 

healthcare relationships to detect fraud. 

 

Fig 2. GAT Architecture 

3.6 Feature Embedding Fusion 

The extracted feature embeddings from both TabNet, ClinicalBERT and Graph Attention Networ k are then 

combined into a single multimodal representation, which retains the complementary demographic, semantic and 

structural information to ensure comprehensive fraud detection. It is given in (11). 

𝐹𝐸 = [ℎ𝐺]               (11) 

Where 𝐹𝐸denotes the fused feature embedding, ℎ𝑇represents the TabNet feature vector, 𝐻𝐶denotes the 

ClinicalBERT semantic embedding, ℎ𝐺represents the GATembedding, and [ ]denotes vector concatenation. 
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3.7 Reliability Estimation Module 

The Reliability Estimation Module estimates the reliability of each modality through quality, consistency and 

discriminative ability of features, and then gives adaptive reliability scores before the integration of multimodal 

features. It is shown in (12).  

𝑅𝑖 =
∥𝑓𝑖∥

∑𝑀
𝑗=1 ∥𝑓𝑗∥

                              (12) 

Where 𝑅𝑖denotes the reliability score of the 𝑖𝑡ℎmodality, 𝑓𝑖represents its extracted feature vector, ∥⋅∥denotes 

the vector norm, and 𝑀is the total number of modalities. 

3.8 Reliability-Aware Cross-Modal Attention Fusion 

Reliability-aware cross-modal attention adaptively focuses more attention on reliable modalities and suppresses 

noisy modalities to obtain informative multimodal feature representation for healthcare insurance fraud detection. It 

is mathematically given in (13). 

𝛼𝑖 =
𝑒𝑥𝑝(𝑅𝑖)

∑𝑀
𝑗=1 𝑒𝑥𝑝(𝑅𝑗)

   (13)     

                        Where 𝛼𝑖denotes the attention weight of the 𝑖𝑡ℎmodality, 𝑅𝑖represents its reliability score, 𝑀is 

the total number of modalities, and 𝑒𝑥𝑝(⋅)denotes the exponential function. It is represented in (14). 

𝐹𝑀 = ∑𝑀
𝑖=1 𝛼𝑖𝑓𝑖                              (14) 

Where 𝐹𝑀denotes the fused multimodal representation, 𝛼𝑖represents the reliability-aware attention weight, 𝑓𝑖is 

the feature vector of the 𝑖𝑡ℎmodality, and 𝑀is the total number of modalities. 

3.9 Explainable Fraud Detection Network 

The multimodal representation is fused and passed to a fully connected neural network to predict fraudulent 

claims, which is made interpretable using explainable AI (XAI) techniques and decision analysis through attention. It 

is outlined in (15). 

𝑧 = 𝜎(𝑊𝐹𝑀 + 𝑏)        (15) 

Where 𝑧denotes the hidden feature representation, 𝐹𝑀represents the fused multimodal feature vector, 𝑊is the 

learnable weight matrix, 𝑏is the bias vector, and 𝜎(⋅)denotes the activation function. 

3.10 Fraud Detection 

The Explainable Fraud Detection Network learns a multimodal representation of an insurance claim in the 

healthcare domain and uses a Softmax-based prediction mechanism to make predictions about the class probability of 

the insurance claim. It is shown in (16). 

𝑃(𝑦 = 𝑖) =
𝑒𝑥𝑝(𝑧𝑖)

∑𝐶
𝑘=1 𝑒𝑥𝑝(𝑧𝑘)

                     (16) 

Where 𝑃(𝑦 = 𝑖)denotes the probability of class 𝑖, 𝑧𝑖represents the output logit of class 𝑖, 𝐶is the total number 

of classes, and 𝑒𝑥𝑝(⋅)denotes the exponential function. 

3.11 Model Explainability 

Model explainability uses SHAP analysis to measure the contribution of features and attention visualization to 

understand the importance of modalities, making the decisions about healthcare insurance fraud more transparent, 

reliable and trustworthy. It is denoted in (17). 
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𝜙𝑖 = ∑𝑆⊆𝑁∖{𝑖}
∣𝑆∣!(∣𝑁∣−∣𝑆∣−1)!

∣𝑁∣!
[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] (17) 

Where 𝜙𝑖denotes the SHAP value of feature 𝑖, 𝑆 represents a subset of input features, 𝑁is the complete feature 

set, and 𝑓(⋅)denotes the prediction function of the fraud detection model. 

 Algorithm 1: Reliability-Aware Multimodal Intelligence for Healthcare Insurance Fraud Detection 

Input: 

    D = Healthcare Insurance Claims Dataset 

    (Patient Attributes, Claim Information, Provider Information) 

Output: 

    Fraud Prediction (Fraudulent = 1, Genuine = 0) 

Begin 

Step 1: Load healthcare insurance claims dataset D. 

Step 2: Perform data preprocessing. 

        • Remove missing values 

        • Encode categorical features 

        • Normalize numerical attributes 

        • Split dataset into Training (80%) and Testing (20%) 

Step 3: Generate Trimodal Perspectives. 

        P1 ← Patient Structured Data 

        P2 ← Claim Text Perspective 

        P3 ← Healthcare Relationship Graph 

Step 4: Extract Features. 

        F1 ← TabNet(P1) 

        F2 ← ClinicalBERT(P2) 

        F3 ← Graph Attention Network(P3) 

Step 5: Estimate Reliability Scores. 

        R1 ← Reliability(F1) 

        R2 ← Reliability(F2) 

        R3 ← Reliability(F3) 

Step 6: 

        If (R1 ≥ Threshold) then 

             Accept F1 

        Else 
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             Reduce weight of F1 

        End If 

Step 7: 

        If (R2 ≥ Threshold) then 

             Accept F2 

        Else 

             Reduce weight of F2 

        End If 

Step 8: 

        If (R3 ≥ Threshold) then 

             Accept F3 

        Else 

             Reduce weight of F3 

        End If 

Step 9: 

        Fuse reliable features using 

        Reliability-Aware Cross-Modal Attention Fusion. 

Step 10: 

         Perform fraud classification using 

         Explainable Fraud Detection Network. 

Step 11: 

         Generate SHAP explanations for feature importance. 

Step 12: 

         If (Prediction Score ≥ 0.50) then 

                Output = Fraudulent Claim (1) 

         Else 

                Output = Genuine Claim (0) 

         End If 

End 

The proposed healthcare insurance fraud detection framework is called Reliability-Aware Multimodal 

Intelligence, which is described in Algorithm 1. The algorithm preprocesses healthcare insurance claims data, 

generates complementary three perspectives, extracts representative features by TabNet, ClinicalBERT and GAT, 

evaluates the reliability of each perspective, and conducts Reliability-Aware Cross-Modal Attention Fusion. Lastly, 

the Explainable Fraud Detection Network labels claims as fraudulent or legitimate, and SHAP explanations provide 

more transparency and interpretability of the prediction results. 
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This study introduces a RAMI-NET framework for the detection of insurance frauds in healthcare with a 

trimodal perspective. The framework is based on the healthcare claims presented from three perspectives: patient, 

claim, and healthcare relationship, features are extracted using TabNet, ClinicalBERT, and GAT. Reliability 

Estimation Module measures the reliability of each perspective and then Reliability-Aware Cross-Modal Attention 

Fusion fuses the features. Last but not least is an Explainable Fraud Detection Network with explanations based on 

SHAP that not only correctly categorizes fraudulent claims but also improves robustness, transparency and reliability 

of decision making. 

4. Results and Discussion 

The proposed Reliability-Aware Multimodal Intelligence framework is evaluated to explore its capabilities in 

healthcare insurance claim fraud detection, by synthesizing patient, claim textual and healthcare relationship graph 

perspectives. The experimental study investigates the efficacy of the reliability-aware feature learning, cross-modal 

information fusion and explainable decision-making in separating genuine and fraudulent claims. The proposed 

framework's effectiveness is further illustrated through comparative analysis, which showcases the framework's 

strength and its capacity to learn complementary multimodal representations for facilitating accurate and transparent 

detection of healthcare insurance fraud.  

Table 2. Experimental Configuration and Dataset Parameters 

Parameter Value 

Dataset Enhanced Health Insurance Claims Dataset 

Total Records 4500 

Training Samples 3600 

Testing Samples 900 

Training Ratio 80% 

Testing Ratio 20% 

Optimizer Adam 

Learning Rate 0.001 

Batch Size 32 

Epochs 100 

Table II summarizes the experimental setup, which consists of the size of the dataset, the ratio of the training 

and testing sets, as well as some of the important hyperparameters of the DL models, such as the optimizer, learning 

rate, batch size and number of epochs used for model training. 

Table 3. Performance Evaluation Metrics 

Metric Value (%) 

Accuracy 99.95 

Precision 99.98 

Recall 99.97 

F1-Score 99.95 

ROC-AUC 99.63 
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The overall performance of the model is shown in Table III with the common measures of evaluation. The 

results show high accuracy, precision, recall, F1-scores, and ROC-AUC, signifying that the classification is reliable 

and effective.  

 

Fig 3. Patient Perspective Correlation Matrix 

Fig 3 illustrates  patient attributes such as age, income, employment, marital status and gender have been plotted 

against each other to show the positive and weak correlation between them, which could be useful for health insurance 

claim analysis. 

 

Fig 4. Fraud Rate Across Different Claim Types 

Fig 4 shows the fraud rate for inpatient, outpatient, emergency and routine claims. The claims that have the 

highest rate of fraud are emergency claims, and the lowest amount of fraudulent activity, overall, is seen in routine 

claims. 

Table 4. Reliability Scores of the Three Perspectives 

Perspective Reliability Score 

Patient Perspective 0.91 

Claim Textual Perspective 0.94 

Healthcare Graph Perspective 0.96 

Table IV shows the reliability scores of patient, claim textual and healthcare graph perspectives are shown. The 

healthcare graph perspective is the most reliable, with consistent and effective results when it comes to fraud detection. 
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Fig 5. ClinicalBERT Embedding Visualization 

 To illustrate the ability of ClinicalBERT to learn discriminative representations of claims, the genuine and 

fraud claims are plotted in two principal components in Fig 5, where a clear separation is observed. 

Table 5. Performance Comparison of Multimodal Fusion Methods 

Fusion Method Accuracy (%) F1-Score (%) 

Feature Concatenation 95.21 94.82 

Average Fusion 95.84 95.23 

Attention Fusion 96.42 96.01 

Reliability-Aware Cross-Modal 

Attention Fusion 
97.18 96.94 

Table V shows the comparison of different multimodal fusion methods using accuracy and F1-score. The 

reliability-aware cross-modal attention fusion achieves the best performance, where the integrated features and the 

effectiveness of fraud classification are superior. 

Table 6. Explainable Fraud Detection Network Performance 

Metric Value (%) 

Accuracy 97.18 

Precision 96.82 

Recall 96.45 

F1-Score 96.63 

ROC-AUC 98.12 

The results of  explainable fraud detection model are shown in Table VI. All of the metrics are high, and the 

interpretation of the predictions is transparent, reliable and effective in fraud classification. 
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Fig 6. Reliability Score Distribution Across Modalities 

Fig 6 shows the distribution of reliability scores for each modality of patient, claim text, and healthcare graph. 

Graph-based features are the most reliable and can be used to enable strong and reliable multimodal fraud detection. 

Table 7. Reliability Assessment Across Multimodal Perspectives 

Perspective Mean Reliability Score Standard Deviation 

Patient Perspective (TabNet) 0.91 0.031 

Claim Textual Perspective 

(ClinicalBERT) 
0.94 0.024 

Healthcare Graph Perspective 

(GAT) 
0.96 0.018 

Overall Reliability 0.94 0.024 

The mean reliability scores, standard deviations, and confidence levels are summarized by perspective in Table 

VII. The overall results show very high reliability and consistency in the multimodal fraud detection results. 

 

Fig 7. Reliability Comparison Across Trimodal Perspectives 

To compare the mean reliability scores of patient, claim textual and healthcare graph perspectives, the scores 

are compared in Fig 7. The healthcare graph modality is the most reliable, with the best consistency in multimodal 

fraud detection. 

Table 8. Top Ranked Features Based on SHAP Importance 
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Rank Feature SHAP Score 

1 Claim Amount 0.298 

2 Diagnosis Code 0.262 

3 Procedure Code 0.214 

4 Provider Specialty 0.183 

5 Claim Type 0.165 

6 Patient Age 0.142 

7 Patient Income 0.124 

8 Claim Submission Method 0.109 

9 Provider Location 0.095 

10 Patient Gender 0.081 

Table VIII displays  top ten impactful features determined through SHAP values. Claim Amount is shown to 

be the most important feature for predicting fraud, followed by Diagnosis Code and Procedure Code. 

 

Fig 8. SHAP Feature Importance Ranking 

Fig 8 illustrates the importance of features for fraud detection using SHAP. The greatest influence is given by 

the claim amount, diagnosis code, and procedure code and their interpretation provides insight into the model's 

prediction process and decisions. 

Table 9. Computational Performance of the Proposed RAMI-Net Framework 

Model Component Processing Time (s) Memory Usage (MB) 

TabNet Feature Extraction 2.84 512 

ClinicalBERT Feature Extraction 8.96 1,428 

Graph Attention Network 4.37 835 

Reliability Estimation Module 0.58 106 

Cross-Modal Attention Fusion 1.21 248 

Explainable Fraud Detection 

Network 
2.15 362 

SHAP Explanation 1.74 275 

Total Framework 21.85 3,766 
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The computational cost of each component of the frameworks is summarized in Table IX The highest 

processing time and memory are used in ClinicalBERT, the other modules operate efficiently, indicating that the 

proposed RAMI-Net has a good computational overhead for fraud detection. 

 

Fig 9. Fraud Detection Accuracy Across Different Claim Amount Groups 

The accuracy of fraud detection is shown in Fig 9 by claim amount groups. The proposed RAMI-Net 

consistently maintains high accuracy, with the best accuracy obtained for the claims in the range of $15K to $30K, 

indicating a stable detection performance at different claim values. 

 

Fig 10. Reliability-Aware Cross-Modal Attention Weight Matrix 

 The reliability-aware cross-modal attention weights for patient, claim text, and graph modalities are shown in 

Fig 10. By facilitating robust and reliable multimodal fraud detection, strong self-attention and balanced cross-modal 

interactions are crucial. 

Table 10. Class-wise Performance Evaluation of the Proposed RAMI-Net Framework 

Class Precision (%) Recall (%) F1-Score (%) Support 

Fraudulent Claims 96.82 96.45 96.63 1,248 

Genuine Claims 97.41 97.82 97.61 3,752 

Macro Average 97.12 97.14 97.12 5,000 

Weighted Average 97.18 97.18 97.17 5,000 

The classification accuracy of the proposed RAMI-Net is shown in Table X. The accuracy of the proposed 

RAMI-Net for classification is shown in Table IX for each class. The results indicate that the model achieves high 

precision, recall, and F1-score for the prediction of both fraudulent and genuine claims, indicating a high level of 
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performance across the three metrics. The precision, recall, and F1-score for the model are high, suggesting that it has 

a strong ability to predict fraudulent claims and maintain a high accuracy rate for genuine claims, demonstrating 

balanced performance across the three metrics. 

Table 11. Reliability-Aware Attention Contribution Across Perspectives 

Perspective Reliability Score Attention Weight Contribution (%) 

Patient Perspective 0.91 0.27 27.0 

Claim Textual Perspective 0.94 0.33 33.0 

Healthcare Graph 

Perspective 
0.96 0.40 40.0 

In Table XI, the patient perspective and the claim textual perspective achieved higher reliability scores than the 

healthcare graph perspective, while the latter's contribution to multimodal fraud detection was more prominent than 

the other two perspectives, as evidenced by its higher contribution percentage. 

 

Fig 11. Comparative Performance Analysis of Baseline Models 

Fig 11 shows the comparison between the proposed model and the baseline models using accuracy, precision, 

recall and F1-score. Overall, the proposed framework attains the best performance, outperforming all the other 

frameworks in terms of healthcare fraud detection capability. 

 

Fig 12. ROC Curve of the Proposed Fraud Detection Model 
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The ROC curve of the proposed model is shown in Fig 12. Excellent classification performance as the high true 

positive rate and low false positive rate. 

Table 12. Ablation study 

Configuration Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Proposed Model without Reliability 

Estimation 
95.86 95.42 94.95 95.18 

Proposed Model without Cross-Modal 

Attention 
96.11 95.73 95.54 95.63 

Proposed Model without SHAP (Prediction 

Only) 
96.53 96.08 95.87 95.97 

Complete Proposed Model 99.95 99.98 99.97 99.95 

The ablation study of the proposed framework is given in Table XII. The classification performance decreases 

if the Reliability Estimation Module, Cross-Modal Attention or SHAP are removed. The entire proposed model shows 

the best accuracy, precision, recall, and F1 score, showing the role of each component in achieving a high, reliable, 

and explainable healthcare insurance fraud detection. 

Table 13. Comparative Performance Analysis 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC 

ANN [23] 94.64 98.00 96.08 97.03 88.04 

 XG 

BOOST[24] 
91.74 97.34 80.43 88.08 96.22 

Decision tree 

[25] 
98.01 91.55 92.15 91.85 95.48 

LightGBM [26] 93.00 95.00 98.00 96.5 - 

Proposed Model 99.95 99.98 99.97 99.95 99.63 

 Table XIII compares the proposed model with ANN, XGBoost, Decision Tree, and LightGBM. The proposed 

model achieves superior accuracy, precision, recall, F1-score, and ROC-AUC, demonstrating improved fraud 

detection performance and robustness. 

4.1 Discussion 

The experimental results validate the effectiveness of the proposed Reliability-Aware Multimodal Intelligence 

Network (RAMI-Net) for the accurate detection of healthcare insurance fraud by combining complementary 

information from patient attributes, textual claim information, and healthcare relationship structures. The Reliability 

Estimation Module improves the multimodal feature fusion by giving more weight to the reliable information and 

reducing the impact of noisy features. Therefore, the framework has better accuracy, precision, recall, and F1 scores 

than the traditional methods. Moreover, the SHAP based explainability offers clear explanations of the predictions, 

aiding in making informed decisions and enhancing the trustworthiness, robustness, and usability of intelligent 

healthcare insurance fraud detection systems. 

5. Conclusion And Future Work 

This study introduces a novel concept of a Reliability-Aware Multimodal Intelligence Network (RAMI-Net) 

for healthcare insurance fraud detection that combines multiple healthcare data views into a cohesive, powerful, and 

interpretable learning system. The proposed framework provides a more effective utilization of complementary 

information from patient attributes, claim-related textual information, and healthcare relationship structures compared 
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to traditional fraud identification methods, which mainly use single-modal data or consider all input modalities equally 

important. First, the healthcare insurance claims are preprocessed, and then converted into three complementary views 

that are used to describe various characteristics of fraudulent claim behavior. Structured, textual and graph-based 

healthcare information is represented by TabNet, ClinicalBERT and GAT, respectively. A Reliability Estimation 

Module is used to estimate the confidence of each modality, and then Reliability-Aware Cross-Modal Attention Fusion 

takes the reliable features to make predictions of fraud. Lastly, an X-FDNet  with SHAP offers transparent prediction 

results by using SHAP to pinpoint the most salient features that influence the prediction of healthcare insurance fraud.  

Future studies will focus on the validation of the proposed RAMI-Net with large-scale real-world health care 

insurance data from multiple hospitals, insurance companies and health care organizations to further enhance its 

generalization ability. To augment multimodal feature representation, additional healthcare modalities such as 

electronic health records, laboratory reports, medical imaging, physician notes, wearable sensor data and temporal 

claim histories will be added. In addition, the application of federated learning, privacy-preserving methods, and light-

weight DL frameworks can improve the security of distributed model training, fraud detection in real-time, 

computational efficiency, scalability and robustness, facilitating the implementation of intelligent healthcare insurance 

systems. 
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