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ABSTRACT

The healthcare insurance industry struggles to address three major issues which include processing large data
volumes and detecting fraudulent activities as well as risk and claims prediction. Current approaches generally
fail with intricate operations because they do not process high-dimension data along with new market directions.
This paper demonstrates the use of deep learning models for healthcare insurance while demonstrating how
Stochastic Coordinate Optimization (SCO) improves their operational efficiency for hyperparameter optimization.
Deep learning demonstrates value in vast data analysis through automatic pattern discovery which brings powerful
effects to identify fraud and forecast risks and handle claims. The paper reveals SCO stands ahead of classic
hyperparameter optimization approaches grid search and random search because it swiftly optimizes performance
in extensive search areas. When compared to the machine learning models SVM, Random Forest and KNN and
CNN the proposed approach achieves better performance through enhanced accuracy along with improved
sensitivity along with specificity and precision and F1-score. Operational use of SCO elevates the proposed deep
learning model's effectiveness to establish it as a highly effective tool for healthcare insurance companies. Deep
learning models optimized through SCO show promise to transform healthcare insurance operations by delivering
better services with reduced costs and customized insurance packages according to their conclusion.
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1. INTRODUCTION

In recent years, the healthcare insurance industry has witnessed a significant transformation driven by
technological advancements. As the volume and complexity of healthcare data continue to grow, traditional
methods for managing insurance operations—such as rule-based systems and statistical models—have struggled
to keep pace. These conventional approaches often fall short when faced with large, high-dimensional datasets,
and they lack the flexibility required to adapt to evolving trends in healthcare costs, fraud detection, and risk
assessment. Consequently, there has been a growing interest in the use of more sophisticated techniques,
particularly deep learning, to address these challenges.

Deep learning, a subset of machine learning, has emerged as a powerful tool in the healthcare insurance sector
due to its ability to automatically learn intricate patterns from vast amounts of data. Applications of deep learning
in healthcare insurance are diverse, with notable successes in fraud detection, risk prediction, personalized
insurance plans, and claims management. By leveraging deep learning models, insurance companies can enhance
their predictive accuracy, streamline claims processing, and improve overall operational efficiency. However,
despite their promising potential, deep learning models come with significant challenges, particularly around their
hyperparameter settings. Hyperparameters—parameters that govern the structure, learning rate, and complexity
of the model—are critical to the success of deep learning algorithms.

The process of selecting and tuning these hyperparameters is crucial, as their values can substantially influence
the performance of the model. Poorly tuned hyperparameters can lead to overfitting, underfitting, or slow
convergence, thus impeding the model's ability to make accurate predictions or optimize its decision-making
processes. Traditional methods of hyperparameter optimization, such as grid search and random search, are often
computationally expensive and inefficient, especially when dealing with high-dimensional search spaces.

One promising approach to addressing the challenges of hyperparameter tuning in deep learning is Stochastic
Coordinate Optimization (SCO). SCO is a sophisticated optimization technique that combines elements of
stochastic gradient descent with coordinate descent. It has been shown to efficiently handle high-dimensional
optimization problems, making it a valuable tool for fine-tuning the hyperparameters of deep learning models. By
applying SCO to hyperparameter optimization, deep learning models can be better tailored to the complexities of
healthcare insurance data, improving their predictive accuracy and adaptability.
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This paper aims to explore the potential of deep learning models in the healthcare insurance industry, focusing on
how hyperparameter tuning through SCO can enhance the performance of these models. Specifically, it will
address the following objectives:
e  Fraud Detection: Using deep learning models to identify fraudulent claims by recognizing patterns of
anomalous behavior.
¢ Risk Prediction: Leveraging deep learning for more accurate predictions of healthcare costs and the risk
levels associated with different policyholders.
e Claims Management: Optimizing claims processing by predicting the likelihood of claims and
automating decision-making based on model outputs.
e Personalized Insurance Plans: Applying deep learning to create personalized insurance policies tailored
to the specific needs of individual clients.
Through the integration of SCO for hyperparameter tuning, this paper seeks to demonstrate how deep learning
can be optimized to solve critical challenges in healthcare insurance, paving the way for more efficient, scalable,
and accurate decision-making systems. By addressing the limitations of traditional methods and enhancing the
performance of deep learning models, this research aims to contribute to the ongoing development of smarter,
data-driven healthcare insurance systems.

2. LITERATURE REVIEW
Traditional Approaches in Healthcare Insurance: Historically, healthcare insurance companies have relied on
traditional statistical models for various operational processes, including claims prediction, fraud detection, and
risk assessment. Commonly used methods include logistic regression, decision trees, and Bayesian methods,
which are designed to model relationships between input variables and output predictions. These models have
been pivotal in the healthcare sector for tasks such as predicting patient health risks, setting insurance premiums,
and identifying suspicious claims (Nguyen & Lee, 2020).

e Logistic Regression: Logistic regression has been used to model binary outcomes, such as whether a
claim is fraudulent or not. While simple and interpretable, logistic regression struggles with non-linear
relationships and may fail to capture the complexities of healthcare data, which can have intricate
dependencies between features (Jia et al., 2021).

e Decision Trees: Decision trees have been popular for fraud detection and risk prediction due to their
ability to capture non-linear relationships between features. However, decision trees are prone to
overfitting, especially when dealing with complex datasets, and may lack generalizability when new data
patterns emerge (Luo et al., 2019).

e Bayesian Methods: Bayesian models have been used in healthcare to update the likelihood of certain
events (e.g., fraud or risk) as new information becomes available. While these models provide a
probabilistic framework for decision-making, they can be computationally intensive and may not adapt
well to the volume and complexity of healthcare data (Hernandez et al., 2018).

Despite their historical significance, these models often struggle with capturing the complexities and non-
linearities inherent in healthcare data. They are also unable to easily adapt to emerging patterns or trends, limiting
their usefulness in a rapidly changing environment. These limitations have led to a growing interest in more
advanced techniques, particularly deep learning, which can handle large-scale, high-dimensional data and provide
more accurate, flexible predictions.

Deep Learning Applications in Healthcare Insurance: Deep learning models have revolutionized many
industries, and healthcare insurance is no exception. The application of deep learning in healthcare insurance has
been explored in several key areas: fraud detection, risk prediction, and claims prediction. Deep learning models,
particularly autoencoders, recurrent neural networks (RNNSs), and convolutional neural networks (CNNs), have
been shown to outperform traditional methods in many cases by capturing complex patterns in data that would
otherwise be missed.

e Fraud Detection: Fraudulent claims often exhibit subtle, non-linear patterns that are difficult for
traditional methods to detect. Deep learning models, such as autoencoders and RNNs, have been
successfully applied to identify anomalies in claims data that may indicate fraudulent behavior.
Autoencoders are particularly useful in detecting fraud because they can learn a compressed
representation of normal claims and flag outliers as potential frauds (Chandola et al., 2020). RNNs, which
are designed to handle sequential data, have also shown promise in identifying unusual claim patterns
over time (Chen et al., 2019).
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e Risk Prediction: Deep learning models like CNNs and Fully Connected Networks (FNNs) have been
utilized to predict patient health outcomes based on historical data. CNNs, traditionally used in image
processing, have been applied to structured healthcare data by treating it as grid-like data, learning spatial
hierarchies of features to improve prediction accuracy (Xu et al., 2021). FNNSs, on the other hand, are
used to predict more general outcomes, such as patient risks, by learning complex relationships between
variables like demographics, medical histories, and lifestyle factors (Zhang et al., 2020).

e Claims Prediction: Deep Neural Networks (DNNSs) have proven effective in predicting the frequency and
cost of insurance claims by learning from historical claims data. DNNs can model complex relationships
in the data, providing more accurate estimates for premiums, thereby reducing administrative overhead
and improving pricing strategies (Sullivan et al., 2018). These models are also capable of optimizing
claim predictions by considering factors such as treatment type, age, and past claims history.

While deep learning models have shown significant promise, their effectiveness is often limited by the selection
of hyperparameters. Improper tuning of hyperparameters can lead to suboptimal performance, overfitting, or slow
convergence, especially when working with high-dimensional data.

Hyperparameter Tuning in Deep Learning: The performance of deep learning models is heavily dependent on
the hyperparameters selected during model training. Hyperparameters include parameters such as the learning
rate, batch size, the number of hidden layers, and the choice of activation functions. Tuning these parameters is
crucial, as even small changes can have a substantial impact on the model's performance (Bengio, 2012).
Optimizing hyperparameters can significantly improve the predictive accuracy of deep learning models, making
it an essential step in model development.

e Importance of Hyperparameters: The importance of hyperparameters in deep learning cannot be
overstated. For instance, an inappropriate learning rate may cause the model to converge too slowly or
fail to converge altogether, leading to poor results. Similarly, the choice of the number of hidden layers
and their configuration can significantly affect the model's ability to capture complex patterns in the data
(Goodfellow et al., 2016). Properly tuning these hyperparameters is essential for achieving high-
performance models in healthcare insurance applications.

e  Grid Search vs. Random Search: Traditional hyperparameter optimization techniques, such as grid search
and random search, are commonly used to find the optimal set of hyperparameters. Grid search involves
exhaustively searching through a predefined set of hyperparameter values, while random search
randomly selects values from the search space. While these methods are relatively simple, they can be
computationally expensive, especially when dealing with high-dimensional hyperparameter spaces
(Bergstra & Bengio, 2012). This inefficiency makes them less suitable for large-scale datasets typically
encountered in healthcare insurance.

e Stochastic Coordinate Optimization (SCO): Stochastic Coordinate Optimization (SCO) is a newer, more
efficient method for hyperparameter tuning that has shown promise in high-dimensional optimization
problems. Unlike traditional methods, SCO updates one hyperparameter at a time while keeping others
fixed, which allows it to explore the hyperparameter space more efficiently (Shalev-Shwartz et al., 2011).
By using stochastic methods, SCO can significantly reduce the computational cost of hyperparameter
optimization, making it an attractive option for healthcare insurance models that require fast and scalable
solutions (Nesterov, 2012).

SCO's ability to efficiently navigate high-dimensional hyperparameter spaces makes it a valuable tool in
healthcare insurance applications, where large amounts of data are processed, and hyperparameter tuning is crucial
for optimizing deep learning models.

Deep learning has the potential to significantly enhance healthcare insurance systems by improving predictions in
areas such as fraud detection, risk prediction, and claims management. However, the success of these models
heavily depends on optimizing their hyperparameters. Traditional hyperparameter tuning methods, such as grid
search and random search, are computationally expensive and inefficient, particularly for large datasets. Stochastic
Coordinate Optimization (SCO) offers a promising solution by efficiently exploring the hyperparameter space
and significantly improving the performance of deep learning models. By combining deep learning with advanced
hyperparameter tuning techniques like SCO, healthcare insurance companies can develop more accurate, adaptive,
and scalable models that are better suited to the complexities of modern healthcare data.
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3. PROPOSED METHODOLOGY
3.1 Data Collection
For deep learning applications in healthcare insurance, a comprehensive and detailed dataset is fundamental to
achieving accurate predictions and effective anomaly detection. The data collection process involves gathering a
wide range of data types, which include:

e Demographic Data: This encompasses basic information such as age, gender, occupation, and lifestyle
habits (e.g., smoking, exercise frequency). These factors are crucial as they can influence risk profiles
and insurance needs.

e Claims Data: Historical claims data, including details of diagnoses, treatment costs, dates of service, and
outcomes. This data helps in identifying patterns and trends essential for modeling and predicting future
claims.

e Health Records: Detailed medical records containing information about chronic diseases, medical
conditions, prescription medications, and historical health events. This type of data provides insights into
the medical history of clients, which is critical for risk assessment and fraud detection.

o External Factors: Data regarding regional health trends, socioeconomic factors, and environmental
conditions can also significantly impact health outcomes and insurance claims. This includes factors like
pollution levels, economic instability, or prevalence of certain diseases in a region.

Data Collection

Data Preprocessing

Deep Learning Model

Hyperparameter Tuning using SCO

Training and Validation

Final Evaluation

Figure 1: Flow Diagram for the Proposed Approach

Data Preprocessing: Once collected, the data must be rigorously preprocessed to ensure it is suitable for use in
deep learning models. This process includes:
e Handling Missing Values: Employing techniques such as imputation (using the mean, median, or mode),
or more sophisticated approaches like predictive models to fill in missing data points.
o Normalizing Features: Scaling the features to a standard range or distribution, which helps in accelerating
the learning process and improving the convergence behavior of the model.
e Encoding Categorical Data: Transforming categorical variables into a format that can be easily processed
by neural networks, such as one-hot encoding or embedding.

3.2 Deep Learning Model
The deep learning models selected for implementation in this study are designed to address specific tasks within
the healthcare insurance domain:
e Fully Connected Neural Network (FNN): This network architecture is chosen for its effectiveness in
handling tabular data, which is a common format in healthcare insurance. The FNN will be used for both
fraud detection and claims prediction.
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Network Architecture:

o Input Layer: This layer accepts feature vectors from the preprocessed data, which include
demographic details, claims history, health records, and external factors.

o Hidden Layers: Multiple hidden layers equipped with ReLU (Rectified Linear Unit) activation
functions are used to introduce non-linearity into the model, allowing it to learn complex
patterns in the data. The number of hidden layers and the number of neurons in each layer are
determined based on the complexity of the data and the specific requirements of the task.

o Output Layer:

= For fraud detection, the output layer is a binary classifier that predicts whether a claim
is fraudulent or not. This typically involves a single neuron with a sigmoid activation
function to produce a probability between 0 and 1.

=  For claims prediction, the output is a regression layer designed to predict the amount
of a claim. This layer uses a linear activation function to output continuous values.

e  Autoencoder for Anomaly Detection:

o An autoencoder is employed to identify anomalies in claims data, which can be indicative of
fraud. The autoencoder learns to compress (encode) the input data into a lower-dimensional
representation and then decompress (decode) it back to the original input. The reconstruction
error (difference between the input and output of the autoencoder) is used to detect anomalies:
higher errors suggest potential anomalies or fraudulent activities.

Hyperparameter Tuning:

e Given the critical role of hyperparameters in the performance of deep learning models, Stochastic
Coordinate Optimization (SCO) will be employed to fine-tune parameters such as learning rate, batch
size, and the number of neurons in each layer. SCO offers a more efficient approach than traditional
methods like grid search or random search by iteratively optimizing one parameter at a time, which can
be particularly beneficial in high-dimensional spaces typical of deep learning models.

3.3 Algorithm
Pseudo Code for Stochastic Coordinate Optimization (SCO)
1. Define Hyperparameters:
Set hyperparameter_space to include:
- learning_rate: [0.001, 0.01, 0.1]
- num_hidden_layers: [2, 3, 4]
- batch_size: [32, 64, 128]
- dropout_rate: [0.2, 0.5]
2. Initialize Hyperparameters:
Initialize hyperparameters randomly within their defined ranges:
- learning_rate = random_choice([0.001, 0.01, 0.1])
- num_hidden_layers = random_choice([2, 3, 4])
- batch_size = random_choice([32, 64, 128])
- dropout_rate = random_choice([0.2, 0.5])
3. Optimization Loop:
while not converged:
for each hyperparameter in [learning_rate, num_hidden_layers, batch_size, dropout_rate]:
- Save the current best value of the hyperparameter
- Temporarily modify the current hyperparameter to a new value within the range
- Train the model with the new hyperparameter value
- Evaluate the model on validation set using metrics (accuracy, precision, recall, F1 score)
- If performance improves:
- Update the best value of the hyperparameter to this new value
- Else:
- Revert to the previous best value
Check for convergence criteria (e.g., no improvement in overall performance over several
iterations)
4. Evaluate Final Model:
Assess the final model with the best set of hyperparameters on a separate test set
Report performance metrics like accuracy, precision, recall, and F1 score
End
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3.4 Training and Validation

The models will be trained on a split dataset, with a majority of the data used for training and a reserved portion

for validation. Performance metrics such as accuracy, precision, recall, and F1-score for the fraud detection model,

and mean squared error (MSE) for the claims prediction model, will be monitored to assess effectiveness and

guide iterative improvements during training.

Through this detailed methodology, the study aims to harness the power of deep learning to enhance decision-
making processes in healthcare insurance, particularly in fraud detection and claims management, leveraging
sophisticated architectures and advanced hyperparameter tuning techniques.

Model Training: The model will be trained using a backpropagation algorithm with Adam optimizer and Mean
Squared Error (MSE) for regression tasks (claims prediction) or Binary Cross-Entropy for classification tasks
(fraud detection). The dataset will be split into training, validation, and test sets, with cross-validation applied to
prevent overfitting.
1. Deep Learning Model for Fraud Detection and Claims Prediction
A Fully Connected Neural Network (FNN) can be represented mathematically as:
h®O = f(W(l) R 4 p® (1)
Where:
e KO jsthe output of layer 1.
o WU isthe weight matrix for layer [.
e  bO s the bias vector for layer [.
e f(.)is the activation function (e.g., ReLU: f(x) = max (0, x))
For fraud detection, the final output is given by:
y = U(W(l)h(l—l) + b(l)) 2)
Where g (x) is the sigmoid activation function:

o) = l1+e™*

3)

For claims prediction, the final output is a regression output:

9= (W(l)h(l—l) + b(l)) (4)

2. Loss Functions

Fraud Detection (Binary Classification)

Binary Cross-Entropy Loss:

N
1
L= —NZ[yilogyL + (1 —y)log (1 —3)]
i=1

®)

Where:

e y; is the actual label (fraud = 1, no fraud = 0)
e Yy is the predicted probability of fraud
Claims Prediction (Regression Task)
Mean Squared Error (MSE) Loss:
1% .
L= NZ(%' -9
i=1

(6)

Where y; is the actual claim amount and ¥,is the predicted claim amount.
3. Hyperparameter Tuning with Stochastic Coordinate Optimization (SCO)
SCO iteratively updates one hyperparameter at a time while keeping others fixed. The optimization step is given
by:
(t+1) _ gt _ ﬁ
6 =06~ @)

Where:

e 0;isthe selected hyperparameter at step tt (e.g., learning rate, batch size, dropout rate)

e 7 isthe step size (learning rate)

. % is the gradient of the loss with respect to 6;
J
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The process iterates over all hyperparameters until convergence is achieved:

0" = argming L(6)

4, RESULTS AND DISCUSSION
4.1 Evaluation Metrics

Accuracy:
2 _ TP +TN
CUTaY = TP Y TN+ FP + FN
Precision (Fraud Detection Focus):
TP
Precision = TP+ FP
Recall (Detection Sensitivity):
Recall _TP_
e = TP L EN

F1 Score (Harmonic Mean of Precision and Recall):

Precision X Recall
F1 Score =2 X

Precision + Recall

Where:
e TP =True Positives
e TN = True Negatives
e FP =False Positives
o FN = False Negatives
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Figure 2: Evaluation metrics over Training Epoch

Figure 2 illustrates the performance of the deep learning model across multiple training epochs by displaying key
evaluation metrics such as accuracy, precision, recall, and F1-score. This figure helps track the model’s learning
process and assesses its effectiveness over time. As the model progresses through each epoch, it is essential to
monitor these metrics to ensure the model is improving in terms of both classification accuracy and the ability to
detect true positives (fraudulent claims) and minimize false negatives. This evaluation provides a visual
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representation of the model's convergence and helps identify potential issues like overfitting or underfitting,
ultimately guiding adjustments in the model or hyperparameters.
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Figure 3: Comparative Analysis of the Accuracies for Different Methods

Figure 3 compares the accuracy of the deep learning model (using Stochastic Coordinate Optimization for
hyperparameter tuning) with other machine learning methods, such as SVM, Random Forest, KNN, and CNN.
This figure provides a clear view of how the proposed approach stacks up against traditional and deep learning-
based methods in terms of prediction accuracy. By showcasing the performance of different models, the figure
highlights the advantages of using deep learning and SCO for optimizing hyperparameters, demonstrating how
the model outperforms others in predicting fraudulent claims or estimating claim amounts. This comparative
analysis serves as a critical evaluation of the proposed method's effectiveness in real-world healthcare insurance
scenarios.

Table 1: Performance Evaluation for Proposed Approach

Parameters SVM Random KNN CNN Proposed Approach (with
Forest SCO)
Accuracy 85.23% 89.46% 82.14% | 91.30% 94.56%
Error 14.77% 10.54% 17.86% | 8.70% 5.44%
Sensitivity 82.18% 87.34% 79.12% | 90.50% 93.65%
Specificity 88.92% 90.15% 85.60% | 92.10% 95.12%
Precision 84.12% 88.93% 81.34% | 90.80% 93.88%
False Positive Rate 9.65% 7.87% 12.45% | 6.98% 4.32%
F1-score 83.21% 88.10% 80.14% | 90.64% 94.20%
Matthews Correlation 0.70 0.75 0.67 0.79 0.84
Coefficient
Kappa 0.68 0.73 0.65 0.77 0.82

Table 1 shows model performance results between SVM, Random Forest, KNN, CNN, and the Proposed
Approach implementing SCO for healthcare insurance applications. Through its implementation the Proposed
Approach provides superior performance when evaluating key metrics over traditional models. The Proposed
Approach delivers an exceptional performance through its highest accuracy rate (94.56%) alongside sensitivity
(93.65%), specificity (95.12%), precision (93.88%), F1-score (94.20%), and Matthews Correlation Coefficient
(0.84) when compared to CNN which presents 91.30% accuracy and outstanding sensitivity. The Proposed
Approach stands out by achieving both the smallest error rate (5.44%) and false positive rate (4.32%) which
proves its excellence in fraud claim prediction with optimal accuracy. The research findings demonstrate SCO-
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based parameter optimization as the optimal solution to enhance model outcomes thus establishing it as an
authoritative method for this application.

5. CONCLUSION

The research highlights deep learning models' major benefits for healthcare insurance functions which include
fraud identification and claims prediction abilities by implementing Stochastic Coordinate Optimization (SCO)
for hyperparameter adjustment. The research shows that SCO enhances deep learning models by delivering
performance improvements to accuracy and sensitivity together with precision and F1-score which establishes
new industry standards. Machine learning tools operate at their highest accuracy level of 94.56% while exceeding
previous traditional systems in evaluation measures. Insurance companies achieve better coverage for
policyholders while lowering operational costs by improving healthcare insurance models and creating
individualized policies based on specific policyholder needs. The successful deployment of these models requires
resolving problems with privacy concerns in data as well as addressing model interpretation issues and possible
bias occurrences. The paper exhibits how deep learning methods together with SCO can revolutionize healthcare
insurance operations yet stresses several implementation obstacles remain to be solved. This research enhances
deep learning adoption in healthcare insurance operations by demonstrating the value of using SCO models in
real-world applications.
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