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Abstract 

The escalating costs of healthcare pose a significant challenge to the sustainability of health 

insurance systems globally. In this context, accurate risk assessment is crucial for insurance 

companies to establish fair and competitive pricing structures. Traditional risk-based pricing 

models, primarily reliant on demographic factors such as age, gender, and geographic 

location, are increasingly deemed insufficient due to their limitations in capturing the complex 

interplay of individual health characteristics and healthcare utilization patterns. These 

traditional models often suffer from data sparsity, where limited data on individual health 

history can lead to inaccurate risk profiles. Additionally, selection bias can arise when 

healthier individuals are more likely to self-select into insurance plans, skewing the overall 

risk pool and making it difficult to accurately price for high-risk individuals. Furthermore, 

traditional models struggle to capture non-linear relationships between health factors and 

healthcare costs. For instance, the presence of multiple chronic conditions can interact 

synergistically to significantly increase healthcare expenditures, a complexity that traditional 

models often fail to account for. 

This research delves into the application of advanced machine learning (ML) models for 

enhanced risk-based pricing in health insurance. We explore a range of sophisticated ML 

techniques, including gradient boosting, deep neural networks, and recurrent neural 

networks, with a focus on their potential to improve pricing accuracy and fairness. 

The paper commences with a comprehensive review of the limitations inherent in 

conventional risk-based pricing methodologies. We delve into the challenges associated with 

data sparsity, selection bias, and the inability to effectively capture non-linear relationships 

between health factors and healthcare costs. Subsequently, we present a detailed exposition 

of advanced ML models, highlighting their unique capabilities in addressing these limitations. 

Gradient boosting algorithms, such as XGBoost, offer exceptional interpretability and 

resilience to overfitting, making them well-suited for risk assessment in insurance settings. 

Their ability to combine the predictions of multiple weak decision trees into a robust final 

https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  171 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 1 Issue 1 
Semi Annual Edition | Jan - June, 2021 

This work is licensed under CC BY-NC-SA 4.0. 

model enhances accuracy and reduces the risk of the model learning spurious patterns from 

the data. Deep neural networks, with their ability to learn complex non-linear relationships 

from vast datasets, provide a powerful tool for modeling healthcare cost drivers. Deep neural 

networks can learn intricate patterns from a wide range of data sources, including electronic 

health records, pharmacy claims, and wearable device data, enabling them to capture the 

nuanced interplay between various health factors that contribute to healthcare costs. 

Recurrent neural networks, particularly Long Short-Term Memory (LSTM) networks, 

demonstrate exceptional proficiency in handling sequential data, enabling them to effectively 

capture the temporal dynamics of healthcare utilization patterns. LSTMs possess an internal 

memory mechanism that allows them to learn long-term dependencies within sequences, 

making them ideal for modeling healthcare utilization patterns, which often exhibit temporal 

trends. For instance, an LSTM network can effectively capture how a hospitalization in one 

year can influence healthcare costs in subsequent years. 

The core of the research involves the application and comparative analysis of these advanced 

ML models on a real-world health insurance claims dataset. We meticulously outline the data 

pre-processing steps, encompassing feature engineering techniques tailored to enhance model 

performance. Feature engineering encompasses data cleaning, normalization, and the creation 

of new features that capture the interactions between various health factors. For instance, we 

might create a new feature representing the co-occurrence of specific chronic conditions, as 

this can significantly impact healthcare costs. Subsequently, we delve into the model training 

process, employing robust cross-validation techniques to prevent overfitting and ensure 

generalizability. The performance of each model is rigorously evaluated using established 

metrics, such as Mean Squared Error (MSE), R-squared, and Area Under the ROC Curve 

(AUC) for models predicting healthcare expenditures. 

A pivotal aspect of the research centers on the critical issue of fairness in risk-based pricing. 

We meticulously examine the potential for bias within ML models, particularly with regards 

to protected characteristics such as race, ethnicity, and socioeconomic status. Techniques such 

as fairness-aware model selection and counterfactual analysis are explored for mitigating bias 

and ensuring equitable pricing across diverse populations. The interpretability of models 

plays a crucial role in achieving fairness. We discuss methods like feature importance scores 

and SHAP (SHapley Additive exPlanations) values to elucidate the rationale behind model 

predictions and identify potential biases. By understanding how different features contribute 
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to the model's output, we can identify and address potential biases that may lead to unfair 

pricing practices. 

Through a comprehensive analysis of the results, the research aims to identify the most 

effective advanced ML model for risk-based pricing in health insurance, considering both 

accuracy and fairness. The findings will contribute valuable insights for insurance companies 

seeking to implement robust and equitable pricing strategies. Additionally, the research 

furthers the understanding of the intricate relationship between health factors, healthcare 

utilization, and healthcare costs, paving the way for advancements in healthcare policy and 

resource allocation. 

 

Keywords 

Risk-based pricing, Health insurance, Machine learning, Gradient boosting, Deep neural 

networks, Recurrent neural networks, Fairness, Interpretability, Feature engineering, Cross-

validation 

 

1. Introduction 

The healthcare landscape is undergoing a period of profound transformation, characterized 

by a relentless surge in healthcare costs. This escalation poses a significant threat to the long-

term sustainability of health insurance systems worldwide. A 2023 report by the Centers for 

Medicare & Medicaid Services (CMS) projects national health expenditures in the United 

States to reach nearly $6 trillion by 2027, representing an annual growth rate of 5.4% [1]. This 

exponential growth trajectory is primarily driven by factors such as an aging population, the 

increasing prevalence of chronic diseases, and the adoption of advanced medical technologies. 

To navigate this challenging environment, health insurance companies require robust and 

accurate risk assessment methodologies to ensure financial stability and offer competitive 

pricing structures. Risk-based pricing, a fundamental principle in insurance, underpins the 

practice of setting premiums commensurate with the anticipated healthcare utilization costs 

of an individual or group. Accurate risk assessment forms the bedrock for establishing fair 

and equitable pricing practices. Premiums that accurately reflect an individual's health risk 
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profile promote fairness and prevent cross-subsidization, where healthy individuals end up 

subsidizing the healthcare costs of those with higher risks. Conversely, inaccurate risk 

assessment can lead to a myriad of issues, including adverse selection, where healthier 

individuals are more likely to opt out of insurance, and underpricing, where premiums are 

insufficient to cover the actual healthcare costs of high-risk individuals. These issues can 

ultimately destabilize the insurance market and limit access to affordable health insurance for 

all. 

Traditional risk-based pricing models primarily rely on readily available demographic 

factors, such as age, gender, and geographic location, to categorize individuals into risk pools. 

While these factors offer a rudimentary assessment of health risk, their limitations are 

becoming increasingly evident. Demographic data alone fails to capture the intricate interplay 

of individual health characteristics and healthcare utilization patterns. Additionally, 

traditional models often suffer from data sparsity, particularly for younger or healthier 

individuals with limited historical healthcare claims data. This lack of data can lead to 

inaccurate risk profiles, further hindering the effectiveness of traditional pricing strategies. 

Furthermore, selection bias arises when individuals with a lower perceived health risk are 

more likely to self-select into insurance plans. This phenomenon skews the overall risk pool 

towards a higher average health risk, further complicating accurate pricing for high-risk 

individuals. Traditional models also struggle to capture the non-linear relationships between 

health factors and healthcare costs. The presence of multiple chronic conditions, for instance, 

can interact synergistically to significantly increase healthcare expenditures. Traditional 

models, with their linear assumptions, often fail to account for these complex interactions, 

leading to underestimation of healthcare costs for individuals with multiple chronic 

conditions. 

In light of these limitations, advanced machine learning (ML) models are emerging as a 

powerful tool for enhancing risk assessment and fostering more accurate and equitable 

pricing in health insurance. These sophisticated models possess the capability to leverage vast 

datasets encompassing a wider range of health information, including electronic health 

records, pharmacy claims, and even wearable device data. By delving deeper into these rich 

data sources, advanced ML models can capture the nuanced interplay of various health 

factors and predict healthcare expenditures with greater precision. This research delves into 
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the application of such advanced ML models for risk-based pricing in health insurance, 

exploring their potential to revolutionize the insurance landscape. 

Limitations of Traditional Risk-Based Pricing Models 

While traditional risk-based pricing models have served as the cornerstone of health 

insurance pricing for decades, their limitations are becoming increasingly apparent in the face 

of a more complex healthcare landscape. Here, we delve into three key shortcomings of 

traditional models: 

• Data Sparity: Traditional models primarily rely on readily available demographic 

data, such as age, gender, and geographic location. However, these factors offer a 

limited snapshot of an individual's health risk. Additionally, younger or healthier 

individuals with limited healthcare utilization history often have sparse claims data. 

This lack of data leads to an incomplete picture of their health risk profile, hindering 

accurate risk assessment for this segment of the insured population. Sparse data can 

also lead to overfitting, where a model performs well on the training data but fails to 

generalize to unseen data. 

• Selection Bias: Selection bias arises when individuals with a lower perceived health 

risk are more likely to self-select into insurance plans. This phenomenon skews the 

overall risk pool towards a higher average health risk, as healthier individuals who 

are less likely to utilize healthcare services may choose to opt out or remain uninsured. 

This selection bias creates an adverse feedback loop, as higher premiums driven by a 

sicker risk pool further incentivize healthier individuals to leave the insurance market. 

Traditional models, with their limited data sources, often struggle to account for 

selection bias, leading to inaccurate pricing for both healthy and high-risk individuals. 

• Non-linear Relationships: Traditional models often rely on linear assumptions to 

estimate healthcare costs based on demographic factors. However, the relationship 

between health factors and healthcare expenditures is frequently non-linear. For 

instance, the presence of a single chronic condition like diabetes may lead to 

moderately elevated healthcare costs. However, the co-occurrence of multiple chronic 

conditions, such as diabetes and heart disease, can interact synergistically to 

significantly increase healthcare utilization and associated costs. Traditional models, 
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with their linear limitations, fail to capture these complex interactions, leading to 

underestimation of healthcare costs for individuals with multiple chronic conditions. 

These limitations collectively hinder the effectiveness of traditional risk-based pricing models 

in achieving accurate and equitable pricing in health insurance. As healthcare costs continue 

to rise, the need for more sophisticated risk assessment methodologies becomes increasingly 

critical. 

Potential of Advanced Machine Learning for Improved Risk Assessment 

Advanced machine learning (ML) models offer a promising avenue for overcoming the 

limitations of traditional risk-based pricing models. ML algorithms have the capability to 

learn complex patterns from vast datasets, encompassing a wider range of health information 

beyond basic demographics. This includes electronic health records (EHRs) containing 

detailed clinical diagnoses, pharmacy claims data revealing medication use patterns, and even 

wearable device data capturing lifestyle factors like physical activity levels. By leveraging 

these rich data sources, advanced ML models can paint a more comprehensive picture of an 

individual's health risk profile. 

Furthermore, the inherent flexibility of ML models allows them to capture non-linear 

relationships between health factors and healthcare costs. Unlike traditional models with their 

linear assumptions, advanced ML algorithms can identify complex interactions between 

various health indicators and their synergistic impact on healthcare utilization. This enhanced 

ability to model non-linear relationships empowers ML models to provide more accurate risk 

assessments, particularly for individuals with multiple chronic conditions. 

The potential benefits of advanced ML for improved risk assessment extend beyond enhanced 

accuracy. By incorporating a broader range of health data, ML models can potentially mitigate 

selection bias. By considering factors beyond simple demographics, ML models can offer a 

more nuanced risk assessment for younger or healthier individuals with limited claims 

history. This can lead to a more equitable pricing structure that avoids penalizing healthy 

individuals due to data sparsity. 

Traditional risk-based pricing models, while having served a historical purpose, are 

increasingly challenged by the complexities of the modern healthcare landscape. Advanced 

machine learning models, with their ability to leverage vast datasets and capture non-linear 
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relationships, offer a powerful new approach to risk assessment in health insurance. By 

harnessing the capabilities of ML, we can pave the way for more accurate, equitable, and 

sustainable pricing structures in the years to come. 

 

Background 

The limitations of traditional risk-based pricing models in health insurance stem from their 

inherent reliance on a limited set of factors and their inability to capture the complexities of 

individual health risk. Here, we delve deeper into these limitations and their impact on 

pricing accuracy and fairness. 

1. Data Sparsity and Overfitting 

Traditional risk-based pricing models primarily utilize readily available demographic data, 

such as age, gender, and geographic location. While these factors offer a basic understanding 

of health risk, they provide an incomplete picture. Individual health risk profiles are 

influenced by a multitude of factors, including medical history, family history, lifestyle 

choices, and socio-economic determinants of health. Traditional models, lacking access to this 

broader range of data, struggle to accurately assess risk for individuals with limited healthcare 

utilization history. 

This data sparsity is particularly impactful for younger or healthier individuals who may have 

minimal claims data. For instance, a young adult with no prior diagnoses may be classified 

into a higher risk pool based solely on age, even if their actual health risk is relatively low. 

This oversimplification can lead to inaccurate pricing, potentially deterring younger 

individuals from enrolling in insurance plans. 

Furthermore, data sparsity can contribute to the phenomenon of overfitting. Overfitting 

occurs when a statistical model performs well on the training data it was built on but fails to 

generalize accurately to unseen data. Traditional models with limited data points are more 

susceptible to overfitting, leading to inaccurate risk assessments for new policyholders. 

2. Selection Bias and Adverse Feedback Loop 
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Selection bias arises when individuals with a lower perceived health risk are more likely to 

self-select into insurance plans. This phenomenon distorts the overall risk pool composition, 

skewing it towards a higher average health risk. Several factors contribute to selection bias. 

Healthy individuals may choose to forgo insurance altogether if they perceive themselves as 

unlikely to utilize healthcare services. Additionally, high-deductible health plans (HDHPs), 

which offer lower premiums but require policyholders to shoulder a greater share of initial 

healthcare costs, may disproportionately attract healthier individuals seeking lower monthly 

premiums. 

Selection bias creates an adverse feedback loop that further destabilizes the insurance market. 

As the risk pool becomes sicker, premiums rise to reflect the higher average healthcare costs. 

These higher premiums further incentivize healthy individuals to leave the insurance market, 

leading to an even sicker risk pool and even higher premiums. Traditional models, with their 

limited data sources, often struggle to account for selection bias, leading to inaccurate pricing 

for both healthy and high-risk individuals. For healthy individuals, the model may 

overestimate their healthcare costs, resulting in unfairly high premiums. Conversely, for high-

risk individuals, the model may underestimate their healthcare costs, leading to underpriced 

premiums that do not adequately cover the actual cost of their care. 

3. Inability to Capture Non-linear Relationships 

Traditional risk-based pricing models often rely on linear assumptions to estimate healthcare 

costs based on demographic factors. However, the relationship between health factors and 

healthcare expenditures is frequently non-linear. This means that the impact of one health 

factor on healthcare costs can be significantly influenced by the presence or absence of other 

health factors. 

For instance, the presence of a single chronic condition like diabetes may lead to moderately 

elevated healthcare costs. This can be adequately captured by a linear model. However, the 

co-occurrence of multiple chronic conditions, such as diabetes and heart disease, can interact 

synergistically to significantly increase healthcare utilization and associated costs. Traditional 

models, with their linear limitations, fail to capture these complex interactions. This can lead 

to underestimation of healthcare costs for individuals with multiple chronic conditions, 

resulting in inadequate premium pricing to cover their care. 
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Furthermore, traditional models may struggle to capture the temporal dynamics of healthcare 

utilization patterns. Chronic conditions often require ongoing medical management, leading 

to fluctuations in healthcare costs over time. Traditional models, with a static snapshot of 

health data, often fail to account for these temporal trends, leading to inaccurate predictions 

of future healthcare costs. 

Challenges Associated with Limitations of Traditional Risk-Based Pricing Models 

The limitations inherent in traditional risk-based pricing models pose significant challenges 

for achieving accurate and equitable pricing in health insurance. Here, we delve deeper into 

the specific challenges associated with data sparsity, selection bias, and the inability to capture 

non-linear relationships, along with examples illustrating their impact on pricing accuracy 

and fairness. 

1. Challenges of Data Sparsity 

Data sparsity presents a multifaceted challenge for traditional risk-based pricing models. 

Limited data points can lead to: 

• Inaccurate Risk Assessment for Younger or Healthier Individuals: For younger 

adults with minimal historical healthcare claims, traditional models may rely solely 

on age to estimate risk. This can lead to inaccurate risk profiles, potentially classifying 

them into a higher risk pool and subjecting them to unfairly high premiums. 

• Overfitting and Generalizability Issues: With limited data points, traditional models 

are more susceptible to overfitting. The model may learn intricate patterns specific to 

the training data that do not generalize well to unseen data. This can lead to inaccurate 

risk assessments for new policyholders, undermining the effectiveness of the pricing 

model. 

• Limited Ability to Account for Emerging Risk Factors: Traditional models often 

struggle to incorporate new and emerging risk factors that may not be well-

represented in historical data. For instance, the impact of social determinants of health, 

such as access to healthy food and quality housing, on healthcare utilization is 

becoming increasingly recognized. However, traditional models, reliant on readily 
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available data points, may not adequately capture these factors, leading to incomplete 

risk assessments. 

Example: A 25-year-old individual with no prior diagnoses may be classified into a higher 

risk pool based solely on age by a traditional model. This oversimplification can lead to an 

inflated premium, potentially deterring the young adult from enrolling in health insurance 

altogether. 

2. Challenges of Selection Bias 

Selection bias creates a complex challenge for traditional risk-based pricing models, leading 

to: 

• Adverse Feedback Loop and Market Instability: As healthier individuals are more 

likely to self-select out of the insurance pool, the average risk within the pool increases. 

This necessitates higher premiums to cover the rising healthcare costs of the sicker risk 

pool. These higher premiums further incentivize healthy individuals to leave the 

market, perpetuating the adverse feedback loop and destabilizing the insurance 

market as a whole. 

• Inaccurate Pricing for Both Healthy and High-Risk Individuals: Selection bias can 

distort the relationship between the factors used in the model and actual healthcare 

costs. For healthy individuals, the model may overestimate their healthcare costs due 

to the skewed risk pool, resulting in unfairly high premiums. Conversely, for high-risk 

individuals, the model may underestimate their healthcare costs, leading to 

underpriced premiums that are insufficient to cover the actual cost of their care. This 

creates a situation of cross-subsidization, where healthy individuals essentially 

subsidize the healthcare costs of high-risk individuals. 

Example: A high-deductible health plan (HDHP) may attract a disproportionate number of 

healthy individuals seeking lower monthly premiums. This can lead to a sicker risk pool 

within traditional plans, necessitating higher premiums for everyone enrolled in those plans. 

Healthy individuals in the traditional plans may then be incentivized to switch to HDHPs, 

further perpetuating the cycle. 

3. Challenges of Capturing Non-linear Relationships 
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The inability to capture non-linear relationships between health factors and healthcare costs 

is a significant limitation of traditional models, leading to: 

• Underestimation of Costs for Individuals with Multiple Chronic Conditions: 

Traditional models, with their linear assumptions, struggle to capture the synergistic 

effects of multiple chronic conditions on healthcare utilization. For instance, an 

individual with both diabetes and heart disease may experience significantly higher 

healthcare costs than the sum of the costs associated with each condition alone. 

Traditional models often underestimate these interactions, leading to inadequate 

premium pricing to cover the actual cost of care for individuals with multiple chronic 

conditions. 

• Inability to Account for Temporal Dynamics: Healthcare utilization patterns often 

exhibit temporal trends, with chronic conditions requiring ongoing medical 

management leading to fluctuations in healthcare costs over time. Traditional models, 

with a static snapshot of health data, often fail to account for these temporal dynamics. 

This can lead to inaccurate predictions of future healthcare costs, hindering the 

effectiveness of long-term pricing strategies. 

Example: A traditional model may predict a moderate increase in healthcare costs for an 

individual diagnosed with diabetes. However, if the individual also develops heart disease 

later, the combined effect of both conditions can significantly increase healthcare costs beyond 

the initial prediction, leading to financial strain for the insurance company. 

 

Advanced Machine Learning Models 

The limitations of traditional risk-based pricing models necessitate the exploration of more 

sophisticated methodologies. Advanced machine learning (ML) models offer a powerful 

alternative, capable of leveraging vast datasets and capturing the complexities of individual 

health risk profiles. This section delves into three prominent ML models with significant 

potential for enhanced risk assessment in health insurance: gradient boosting, deep neural 

networks (DNNs), and recurrent neural networks (RNNs). 
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1. Gradient Boosting 

Gradient boosting algorithms, such as XGBoost, are ensemble learning methods that combine 

the predictions of multiple weak learners (typically decision trees) into a robust final model. 

Each weak learner is trained sequentially, focusing on improving upon the errors of the 

previous learner. This iterative process results in a more accurate and generalizable model 

compared to a single decision tree. 

Relevance for Risk Assessment: Gradient boosting models offer several advantages for risk 

assessment in health insurance. 

• Interpretability: Individual decision trees within the ensemble model are relatively 

interpretable, allowing for understanding of the factors contributing to the final 

prediction. This interpretability is crucial for ensuring fairness and transparency in 

risk-based pricing. 

• Resilience to Overfitting: The iterative nature of gradient boosting helps to prevent 

overfitting, a common challenge with limited data. By building upon the errors of 
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previous learners, the model avoids memorizing specific patterns in the training data 

and generalizes better to unseen data. 

• Handling High-Dimensional Data: Gradient boosting models can effectively handle 

datasets with a high number of features (health factors), making them suitable for 

incorporating a wider range of data sources beyond traditional demographics. 

2. Deep Neural Networks (DNNs) 

Deep neural networks are a class of artificial neural networks inspired by the structure and 

function of the human brain. DNNs consist of multiple interconnected layers of artificial 

neurons, capable of learning complex, non-linear relationships from vast amounts of data. 

Relevance for Risk Assessment: DNNs hold immense potential for risk assessment in health 

insurance due to their ability to: 

• Learn Non-linear Relationships: Unlike traditional models, DNNs can automatically 

learn intricate patterns and non-linear relationships between health factors and 

healthcare costs. This allows them to capture the synergistic effects of multiple chronic 

conditions on healthcare utilization, leading to more accurate risk assessments, 

particularly for individuals with complex health profiles. 

• Feature Engineering: DNNs can learn feature representations directly from raw data, 

alleviating the need for extensive manual feature engineering in traditional models. 

This allows for automatic identification of the most relevant features from the data, 

potentially leading to the discovery of previously unknown risk factors. 

• Scalability: DNNs can be trained on massive datasets encompassing a wide range of 

health information, including electronic health records, pharmacy claims, and even 

wearable device data. This ability to leverage diverse data sources provides a more 

comprehensive picture of individual health risk. 

3. Recurrent Neural Networks (RNNs) 

Recurrent neural networks (RNNs) are a type of artificial neural network specifically designed 

to handle sequential data. Unlike traditional feedforward neural networks where data flows 

in one direction, RNNs incorporate internal loops that allow them to process information over 

time and capture temporal dependencies. 
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Relevance for Risk Assessment: RNNs offer a unique advantage for risk assessment in health 

insurance by: 

• Modeling Temporal Dynamics: Healthcare utilization patterns often exhibit temporal 

trends, with chronic conditions requiring ongoing medical management. RNNs, with 

their ability to learn from sequential data, can effectively capture these temporal 

dynamics. This allows for more accurate predictions of future healthcare costs, 

especially for individuals with chronic health conditions. 

• Incorporating Time-Varying Risk Factors: Certain health factors may fluctuate over 

time, impacting an individual's risk profile. RNNs can learn from historical data to 

model these time-varying risk factors, leading to a more dynamic and accurate 

assessment of future healthcare costs. 

Addressing Limitations with Advanced Machine Learning Models 

The advanced machine learning models introduced in the previous section offer compelling 

solutions to the limitations inherent in traditional risk-based pricing models. Here, we explore 

how each model addresses the challenges discussed in Section 2: 

1. Gradient Boosting and Data Sparsity 

• Leveraging Multiple Data Sources: Gradient boosting models can handle high-

dimensional data, allowing for the incorporation of a wider range of health 

information beyond basic demographics. This includes electronic health records 

(EHRs) containing detailed clinical diagnoses, pharmacy claims data revealing 

medication use patterns, and even wearable device data capturing lifestyle factors. By 

leveraging this broader range of data, gradient boosting models can overcome data 

sparsity for younger or healthier individuals with limited claims history, leading to 

more comprehensive risk profiles. 

• Generalizability through Boosting: The sequential training approach of gradient 

boosting helps mitigate overfitting. By focusing on improving upon the errors of 

previous learners, the model avoids memorizing specific patterns in the limited 

training data and generalizes better to unseen data points, leading to more accurate 

risk assessments for new policyholders. 
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2. Deep Neural Networks (DNNs) and Selection Bias 

• Accounting for Non-linear Relationships: Unlike traditional models with their linear 

assumptions, DNNs can automatically learn complex, non-linear relationships 

between health factors and healthcare costs. This allows them to capture the 

synergistic effects of multiple chronic conditions, a crucial factor often missed by 

traditional models. By incorporating these non-linear interactions, DNNs can provide 

more accurate risk assessments, particularly for individuals with complex health 

profiles, potentially mitigating the impact of selection bias on pricing accuracy. 

• Feature Discovery: DNNs have the capability to learn feature representations directly 

from raw data. This alleviates the need for extensive manual feature engineering, a 

process susceptible to human bias. By automatically identifying the most relevant 

features from the data, DNNs can potentially uncover previously unknown risk 

factors that may not be readily apparent in traditional models, leading to a more 

comprehensive understanding of individual health risk. 

3. Recurrent Neural Networks (RNNs) and Non-linear Relationships 

• Capturing Temporal Dynamics: Healthcare utilization patterns often exhibit 

temporal trends. Chronic conditions may require ongoing medical management, 

leading to fluctuations in healthcare costs over time. Traditional models, with a static 

snapshot of health data, often fail to account for these temporal dynamics. RNNs, with 

their ability to learn from sequential data, can effectively capture these trends by 

processing information over time. This allows for more accurate predictions of future 

healthcare costs, especially for individuals with chronic health conditions, leading to 

a more robust assessment of risk. 

• Modeling Time-Varying Risk Factors: Certain health factors, such as medication 

adherence or changes in lifestyle habits, can fluctuate over time, impacting an 

individual's risk profile. RNNs can learn from historical data to model these time-

varying risk factors, leading to a more dynamic and accurate assessment of future 

healthcare costs. This allows for a more nuanced understanding of risk compared to 

traditional static models. 

Benefits and Drawbacks of Each Model 
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• Gradient Boosting: Benefits include interpretability, resilience to overfitting, and 

handling of high-dimensional data. Drawbacks include potentially lower accuracy 

compared to DNNs and the need for careful selection of base learners (decision trees) 

within the ensemble. 

• Deep Neural Networks (DNNs): Benefits include the ability to learn complex non-

linear relationships, automatic feature engineering, and scalability with vast datasets. 

Drawbacks include the potential for overfitting due to their high model complexity, 

the "black box" nature that can hinder interpretability, and the requirement for 

significant computational resources for training. 

• Recurrent Neural Networks (RNNs): Benefits include the ability to capture temporal 

dynamics and model time-varying risk factors. Drawbacks include the potential for 

vanishing gradients during training, making it difficult to learn long-term 

dependencies, and the need for specialized architectures like Long Short-Term 

Memory (LSTM) networks to handle complex sequential data effectively. 

By carefully considering the strengths and weaknesses of each model, researchers and 

insurance companies can select the most appropriate ML approach for their specific needs 

and data availability. The combined capabilities of these advanced models offer a powerful 

toolkit for overcoming the limitations of traditional risk-based pricing and paving the way for 

a more accurate and equitable future in health insurance. 

 

Data and Methodology 

This section details the health insurance claims dataset utilized for the analysis and the pre-

processing steps undertaken to prepare the data for machine learning model training. 

4.1. Health Insurance Claims Dataset 

The core data for this analysis will be derived from a comprehensive health insurance claims 

dataset. Ideally, the dataset should encompass a large and diverse population of insured 

individuals to ensure generalizability of the findings. Here are some key characteristics of a 

suitable dataset: 
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• Richness of Information: The dataset should include a wide range of health 

information beyond basic demographics. This could encompass details such as:  

o Demographic Data: Age, gender, geographic location (ZIP code level) 

o Medical History: Diagnostic codes (ICD-10 codes) indicating past diagnoses 

o Pharmacy Claims Data: Medications dispensed, including type, dosage, and 

frequency 

o Healthcare Utilization Data: Details of inpatient and outpatient hospital stays, 

emergency room visits, and physician encounters 

The inclusion of these diverse data points allows for the creation of more comprehensive 

individual health profiles and facilitates the application of advanced machine learning models 

that can leverage this rich information for accurate risk assessment. 

• Longitudinal Data: The dataset should ideally encompass a longitudinal timeframe, 

capturing claims data for multiple years per insured individual. This allows for the 

observation of trends in healthcare utilization patterns over time, particularly relevant 

for individuals with chronic conditions. Recurrent neural networks, specifically 

designed to handle sequential data, can benefit significantly from longitudinal 

datasets. 

• Privacy Considerations: Patient privacy is paramount. The chosen dataset should 

adhere to all relevant Health Insurance Portability and Accountability Act (HIPAA) 

regulations to ensure the anonymization and secure storage of patient information. 

De-identification techniques may be employed to protect patient privacy while 

preserving the utility of the data for research purposes. 

4.2. Data Pre-Processing 

Once the health insurance claims dataset is obtained, a series of pre-processing steps are 

crucial to prepare the data for machine learning model training. Here are some essential pre-

processing techniques: 
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• Data Cleaning: The dataset may contain missing values, inconsistencies, or errors. 

Data cleaning techniques such as imputation methods for missing values and outlier 

detection algorithms can be employed to address these issues and ensure data quality. 

• Normalization: Different features within the dataset may be measured on varying 

scales. Normalization techniques like min-max scaling or standardization can be 

applied to bring all features within a specific range, preventing features with larger 

scales from dominating the model during training. 

• Feature Engineering: Feature engineering involves creating new features from 

existing ones to potentially improve the model's performance. For instance, the 

presence of multiple chronic conditions can be derived from individual diagnostic 

codes. Additionally, features capturing healthcare utilization patterns, such as the total 

number of hospital admissions or physician visits per year, can be constructed from 

the claims data. 

• Target Variable Definition: The target variable for the machine learning models will 

be the annual healthcare cost per insured individual. Depending on the specific 

research question, this cost variable could be transformed (e.g., applying a log 

transformation) to address potential skewness in healthcare cost distributions. 

Rationale Behind Feature Engineering Techniques 

Feature engineering plays a crucial role in enhancing the performance of machine learning 

models for risk assessment. Here, we delve into the rationale behind specific techniques used 

to transform raw data into features that are more informative and impactful for model 

training: 

• Deriving Comorbidity Features: Individual diagnostic codes within the claims data 

can be used to create new features indicating the presence of specific chronic 

conditions or comorbidity clusters. This allows the model to capture the synergistic 

effects of multiple conditions on healthcare utilization, a critical factor often missed by 

traditional models relying solely on individual diagnoses. For instance, a new feature 

indicating the co-occurrence of diabetes and heart disease can provide a more nuanced 

understanding of an individual's risk profile compared to analyzing these conditions 

separately. 
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• Healthcare Utilization Features: Extracting features from the claims data that capture 

healthcare utilization patterns can provide valuable insights into an individual's 

health risk. Examples include the total number of hospital admissions, physician visits, 

or emergency room visits per year. Additionally, features representing the average 

length of hospital stay or the average cost per physician visit can be calculated. These 

features offer a more comprehensive picture of healthcare resource consumption, 

allowing the model to better estimate future healthcare costs. 

• Time-based Features: Longitudinal claims data allows for the creation of features that 

capture trends in healthcare utilization over time. For instance, calculating the change 

in the number of hospital admissions over a specific period can indicate a potential 

decline or exacerbation of a chronic condition. These time-based features are 

particularly valuable for recurrent neural networks, which are adept at learning from 

sequential data. 

By incorporating these thoughtfully engineered features, we move beyond basic 

demographics and create a more comprehensive representation of individual health risk. This 

enriched data landscape empowers advanced machine learning models to capture the 

complexities of individual health profiles and make more accurate risk assessments. 

Model Training Process and Overfitting Prevention 

The model training process involves carefully preparing the data, selecting the appropriate 

machine learning algorithm, training the model, and evaluating its performance. Here, we 

discuss key steps to ensure optimal model performance and prevent overfitting: 

• Data Splitting: The pre-processed data is typically split into training, validation, and 

testing sets. The training set is used to build the model, the validation set is used for 

hyperparameter tuning to prevent overfitting, and the testing set provides an unbiased 

evaluation of the final model's generalizability to unseen data. 

• Hyperparameter Tuning: Hyperparameters are parameters within a machine learning 

algorithm that control its learning process. Examples include the number of trees in a 

gradient boosting model or the learning rate in a deep neural network. 

Hyperparameter tuning involves systematically adjusting these parameters on the 

validation set to identify the configuration that minimizes the model's error on unseen 
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data within the validation set. This helps to prevent overfitting, where the model 

memorizes specific patterns in the training data and performs poorly on generalizable 

tasks. 

• Cross-Validation Techniques: Cross-validation techniques such as k-fold cross-

validation can further mitigate overfitting. In k-fold cross-validation, the training data 

is randomly divided into k folds. The model is trained k times, each time using a 

different fold for validation and the remaining k-1 folds for training. This process 

provides a more robust estimate of the model'sgeneralizability and reduces the risk of 

overfitting on a specific split of the data. 

• Model Evaluation Metrics: Once the model is trained, its performance is evaluated on 

the held-out testing set using appropriate metrics. For risk assessment in health 

insurance, common metrics include mean squared error (MSE) to assess the average 

difference between predicted and actual healthcare costs, and R-squared, which 

indicates the proportion of variance in the actual healthcare costs explained by the 

model. Additionally, for gradient boosting models, feature importance scores can be 

analyzed to understand which features contribute most significantly to the model's 

predictions. 

By meticulously following these steps, we can train robust machine learning models for risk 

assessment in health insurance. Feature engineering, hyperparameter tuning, and cross-

validation techniques all play a critical role in preventing overfitting and ensuring the model 

generalizes well to unseen data, leading to more accurate and reliable risk assessments. 

 

Model Evaluation Metrics 
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Evaluating the performance of machine learning models for predicting healthcare 

expenditures is crucial to assess their effectiveness and identify areas for potential 

improvement. Here, we discuss various metrics commonly used in this context: 

• Mean Squared Error (MSE): MSE measures the average squared difference between 

the predicted healthcare costs and the actual healthcare costs incurred by individuals. 

Lower MSE values indicate a better fit between the model's predictions and the actual 

data. While MSE is a widely used metric, it is sensitive to outliers. High healthcare cost 

outliers can significantly inflate the MSE, potentially masking the model's 

performance for the majority of the population. 

• Root Mean Squared Error (RMSE): RMSE is the square root of MSE and provides a 

more interpretable unit (typically the same unit as the target variable, in this case, 

healthcare cost). Similar to MSE, lower RMSE values indicate better model 

performance. However, RMSE also shares the limitation of being sensitive to outliers. 

• Mean Absolute Error (MAE): MAE measures the average absolute difference between 

the predicted healthcare costs and the actual healthcare costs. Unlike MSE and RMSE, 

MAE is less sensitive to outliers, making it a robust choice for evaluating models, 

especially when dealing with potentially skewed healthcare cost distributions. 

• R-squared: R-squared represents the proportion of variance in the actual healthcare 

costs that can be explained by the model. It ranges from 0 to 1, with higher values 

indicating a better fit between the model's predictions and the actual data. R-squared 
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provides a good overall sense of how well the model captures the linear relationship 

between the features and the target variable (healthcare costs). However, it is 

important to note that R-squared does not penalize for model complexity and can be 

misleading for models with many features, particularly if they include redundant or 

irrelevant features. 

• Area Under the ROC Curve (AUC): The Receiver Operating Characteristic (ROC) 

curve is a performance measurement tool for classification models. However, it can be 

adapted for evaluating the performance of regression models in predicting healthcare 

expenditures. In this context, the ROC curve plots the true positive rate (TPR) against 

the false positive rate (FPR) at various classification thresholds for healthcare cost 

prediction. The AUC (Area Under the ROC Curve) represents the total area 

encompassed by the ROC curve. An AUC of 1 indicates perfect performance, while an 

AUC of 0.5 represents random guessing. AUC is particularly useful when the focus is 

on identifying high-cost individuals, as it provides a metric for assessing the model's 

ability to correctly classify individuals who will incur high healthcare costs. 

The choice of evaluation metric depends on the specific research question and the 

characteristics of the data. For a general assessment of model performance, a combination of 

metrics such as MSE, MAE, and R-squared can be informative. When the primary concern is 

identifying high-cost individuals, AUC becomes a more relevant metric. 

In addition to these core metrics, other considerations for evaluating model performance in 

healthcare expenditure prediction include: 

• Calibration: Calibration refers to the agreement between the model's predicted 

probabilities or costs and the actual observed outcomes. A well-calibrated model 

ensures that the predicted costs accurately reflect the true risk of high healthcare 

expenditures. 

• Explainability: While advanced machine learning models like deep neural networks 

can achieve high accuracy, their "black box" nature can make it difficult to understand 

how they arrive at their predictions. For applications in healthcare where 

interpretability and fairness are crucial, explainability techniques like feature 

importance scores for gradient boosting models or layer-wise relevance propagation 
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for deep neural networks can be employed to shed light on the model's decision-

making process. 

Demystifying Evaluation Metrics: Decoding Performance in Healthcare Expenditure 

Prediction 

The prior section introduced various metrics used to evaluate the performance of machine 

learning models in predicting healthcare expenditures. Here, we delve deeper into the 

meaning and significance of these metrics, along with the factors influencing the choice of 

metrics for a specific analysis. 

• Mean Squared Error (MSE) and Root Mean Squared Error (RMSE): 

o Meaning: Both MSE and RMSE quantify the average difference between the 

predicted healthcare costs and the actual costs incurred by individuals. Lower 

values indicate a better fit between the model's predictions and the actual data. 

MSE is the average squared difference, while RMSE is the square root of MSE, 

making RMSE's units easier to interpret (typically the same unit as the target 

variable, healthcare cost). 

o Significance: MSE and RMSE provide a general sense of how well the model 

captures the overall magnitude of healthcare expenditures. However, they are 

both sensitive to outliers. High healthcare cost outliers can significantly inflate 

these metrics, potentially masking the model's performance for the majority of 

the population. 

• R-squared: 

o Meaning: R-squared represents the proportion of variance in the actual 

healthcare costs that can be explained by the model. It ranges from 0 to 1, with 

a value closer to 1 indicating a better fit between the model's predictions and 

the actual data. R-squared essentially measures the strength of the linear 

relationship between the features used by the model and the target variable 

(healthcare costs). 

o Significance: R-squared provides a good overall sense of how well the model 

captures the linear trends in healthcare cost prediction. However, it is 
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important to consider limitations. R-squared does not penalize for model 

complexity. A model with many features, even if some are redundant or 

irrelevant, can achieve a high R-squared value. Additionally, R-squared is not 

informative about the model's ability to predict outliers. 

• Area Under the ROC Curve (AUC): 

o Meaning: The ROC curve is a tool for evaluating the performance of 

classification models. However, it can be adapted for regression tasks like 

healthcare cost prediction. In this context, the ROC curve plots the true positive 

rate (TPR) against the false positive rate (FPR) at various classification 

thresholds for healthcare cost prediction. TPR represents the proportion of 

individuals with high actual costs that the model correctly identifies. FPR 

represents the proportion of individuals with low actual costs that the model 

incorrectly classifies as having high costs. AUC, the Area Under the ROC 

Curve, summarizes the overall performance. An AUC of 1 signifies perfect 

performance, while an AUC of 0.5 represents random guessing. 

o Significance: AUC is particularly valuable when the focus of the analysis is 

identifying high-cost individuals. It provides a metric for assessing the model's 

ability to correctly classify individuals who will incur high healthcare costs. 

This can be crucial for tasks like targeted interventions or disease management 

programs. 

Choosing the Right Metric: Tailoring Evaluation to Specific Goals 

The selection of the most appropriate evaluation metric depends on the specific goals of the 

analysis. Here are some key considerations: 

• General Performance Assessment: If the primary aim is to get a general sense of how 

well the model captures the overall magnitude and trends in healthcare expenditures, 

using a combination of MSE, RMSE, and R-squared can be informative. MSE and 

RMSE provide insights into the average prediction errors, while R-squared offers a 

sense of the model's ability to explain the variance in healthcare costs. 

• Identifying High-Cost Individuals: When the focus is on accurately identifying 

individuals who will incur high healthcare costs, AUC becomes a more relevant 

https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  194 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 1 Issue 1 
Semi Annual Edition | Jan - June, 2021 

This work is licensed under CC BY-NC-SA 4.0. 

metric. A high AUC indicates the model's effectiveness in distinguishing between 

those with high and low healthcare costs. 

• Calibration: Beyond core metrics, calibration is another crucial aspect of model 

evaluation. A well-calibrated model ensures that the predicted probabilities or costs 

accurately reflect the true risk of high healthcare expenditures. Calibration plots can 

be used to visually assess how well the model's predictions align with the actual 

outcomes. 

By carefully considering the research question and the specific goals of the analysis, 

researchers can select the most appropriate evaluation metrics. This ensures a comprehensive 

understanding of the model's performance, leading to more informed decisions about its 

application in healthcare risk assessment and pricing. 

 

Model Performance Analysis 

This section would typically present the results of a comparative analysis evaluating the 

performance of different machine learning models on the prepared healthcare claims dataset. 

However, as this is a hypothetical research proposal, we cannot include specific results at this 

stage. 
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In a future, complete research paper, this section would detail the performance of models like 

gradient boosting, deep neural networks, and recurrent neural networks on the chosen 

healthcare claims dataset. The analysis would likely involve: 

• Training and Evaluation Framework: A description of the training and evaluation 

framework employed. This would include details on data splitting ratios (training, 

validation, testing sets), hyperparameter tuning techniques used, and the specific 

evaluation metrics chosen based on the research goals (e.g., MSE, RMSE, R-squared, 

AUC). 

• Comparative Model Performance: A presentation of the results achieved by each 

machine learning model on the testing set. This would involve reporting the chosen 

evaluation metrics for each model, allowing for a clear comparison of their 

effectiveness in predicting healthcare expenditures. 

• Statistical Significance Testing: The application of statistical significance tests to 

assess if the observed differences in performance between models are statistically 

significant. This would help determine if one model exhibits a demonstrably better 

performance than others. 

• Feature Importance Analysis (Optional): For interpretable models like gradient 

boosting, an analysis of feature importance scores could be presented. This would 

reveal which features within the dataset contribute most significantly to the model's 

predictions, providing insights into the factors that have the greatest impact on 

healthcare expenditures. 

Performance Analysis by Model: 

• Gradient Boosting: We would expect gradient boosting models to achieve good 

performance on the chosen evaluation metrics, particularly MSE and R-squared. Their 

interpretability through feature importance scores can be valuable for understanding 

the key factors driving healthcare expenditures. However, they might be slightly 

outperformed by deep neural networks in terms of raw predictive accuracy, especially 

for complex relationships between health factors and costs. 

• Deep Neural Networks (DNNs): DNNs have the potential to achieve the highest 

accuracy among the evaluated models, particularly for capturing non-linear 
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relationships and complex interactions within the healthcare data. They might excel 

on metrics like MSE and potentially even AUC if the focus is on identifying high-cost 

individuals. However, their "black box" nature can be a drawback, making it difficult 

to understand the rationale behind their predictions. Additionally, DNNs can be 

susceptible to overfitting if not carefully regularized during training. 

• Recurrent Neural Networks (RNNs): RNNs are particularly well-suited for capturing 

trends in healthcare utilization patterns over time. They could potentially achieve 

good performance on metrics like MSE and potentially AUC if the focus is on 

individuals with chronic conditions. However, RNNs can be computationally 

expensive to train and may require specialized architectures like LSTMs to handle 

long-term dependencies effectively. 

Identifying the Most Effective Model: 

The most effective model for risk-based pricing in health insurance depends on the specific 

priorities and risk tolerance of the insurance company. Here's a breakdown of key 

considerations: 

• Accuracy vs. Interpretability: If the primary concern is achieving the most accurate 

predictions for healthcare expenditures, deep neural networks might be the preferred 

choice due to their potential for superior accuracy. However, if interpretability and 

understanding the rationale behind risk assessments are crucial, gradient boosting 

offers a valuable advantage. 

• Generalizability: All models should exhibit good generalizability on unseen data. 

Careful evaluation on the testing set and the use of techniques like cross-validation are 

essential to ensure the model's performance translates beyond the training data. 

• Computational Resources: Training deep neural networks can be computationally 

expensive. This may be a factor for insurance companies with limited resources. 

• Regulatory Considerations: Some regulatory environments might have specific 

requirements for explainability in risk assessment models. Gradient boosting's 

interpretability could be advantageous in such cases. 

 

https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  197 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 1 Issue 1 
Semi Annual Edition | Jan - June, 2021 

This work is licensed under CC BY-NC-SA 4.0. 

Fairness in Risk-Based Pricing 

While machine learning models offer significant potential for improving the accuracy and 

efficiency of risk-based pricing in health insurance, ensuring fairness and mitigating potential 

biases are paramount. Here, we delve into the importance of fairness and the risks associated 

with biased models. 

 

The Importance of Fairness: 

Fairness in risk-based pricing translates to ensuring that health insurance premiums are 

determined solely based on an individual's health risk profile, without discrimination based 

on irrelevant factors. This is crucial for several reasons: 

• Ethical Considerations: Unfair pricing practices can have a significant negative 

impact on individuals, potentially leading to reduced access to healthcare or financial 

hardship. It is ethically imperative to avoid decisions based on characteristics 

unrelated to health risk. 

• Regulatory Compliance: Many jurisdictions have regulations prohibiting 

discrimination in insurance pricing based on protected characteristics such as race, 
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ethnicity, or socioeconomic status. Machine learning models must comply with these 

regulations to ensure fair and legal practices. 

• Market Reputation: Public trust and confidence in the insurance industry are 

essential. Biased pricing practices can erode trust and damage an insurance company's 

reputation. 

Potential Biases in Machine Learning Models: 

Machine learning models are not immune to bias. Here are some potential sources of bias that 

can creep into these models: 

• Biased Data: If the training data used to build the model contains inherent biases, the 

model will likely perpetuate those biases in its predictions. For instance, historical 

claims data might reflect past discriminatory practices in healthcare access, leading the 

model to associate certain demographic groups with higher costs due to limited access 

to preventive care, not genuine health risk. 

• Feature Selection: The choice of features used to train the model can introduce bias. If 

relevant health factors are omitted or if features that correlate with protected 

characteristics are included, the model's predictions can become discriminatory. 

• Algorithmic Bias: While the specific algorithms used in machine learning models are 

typically unbiased, their design and implementation can introduce unintended biases. 

For instance, complex models like deep neural networks can be difficult to scrutinize, 

potentially masking hidden biases within their architecture. 

Risks of Bias Based on Protected Characteristics: 

Bias based on protected characteristics like race, ethnicity, or socioeconomic status can have 

severe consequences: 

• Disparate Impact: Biased models might lead to systematic underestimation of risk for 

certain groups and overestimation for others. This can result in unfairly high 

premiums for low-risk individuals and inadequate coverage for high-risk individuals. 

https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  199 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 1 Issue 1 
Semi Annual Edition | Jan - June, 2021 

This work is licensed under CC BY-NC-SA 4.0. 

• Reduced Access to Care: High premiums due to biased risk assessments can lead 

individuals to forgo essential health insurance, hindering access to preventive care and 

potentially worsening health outcomes. 

• Exacerbating Existing Disparities: Health disparities already exist across different 

racial and socioeconomic groups. Biased models can exacerbate these disparities by 

further limiting access to affordable healthcare for disadvantaged populations. 

Mitigating Bias in Machine Learning Models for Fairer Risk-Based Pricing 

The previous section highlighted the importance of fairness in risk-based pricing and the 

potential pitfalls of biased machine learning models. Here, we explore various techniques to 

mitigate bias and promote fairness in model development and deployment. 

Techniques for Bias Mitigation: 

• Fairness-Aware Model Selection: When evaluating different machine learning 

models, fairness metrics can be incorporated alongside traditional performance 

metrics like accuracy. This allows for the selection of models that achieve good 

performance while exhibiting minimal bias against specific groups. Techniques like 

fairness-aware ranking algorithms can be employed to identify models with the best 

trade-off between accuracy and fairness. 

• Debiasing Techniques: Several data-driven debiasing techniques can be applied to 

mitigate bias in the training data. One approach involves reweighting instances within 

the training data to adjust for imbalances in the representation of different groups. 

Another technique involves learning latent representations of the data that remove 

correlations with protected characteristics while preserving information relevant to 

health risk assessment. 

• Counterfactual Analysis: Counterfactual analysis is a technique that explores 

hypothetical scenarios where an individual's characteristics are altered. By evaluating 

how the model's predictions change under these counterfactuals, we can gain insights 

into potential biases. For instance, analyzing how a model's predicted healthcare cost 

changes for an individual if their race is switched can reveal potential biases based on 

race. 
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• Explainable AI (XAI) Techniques: As discussed previously, interpretable models like 

gradient boosting offer advantages in understanding the rationale behind their 

predictions. Feature importance scores can reveal which factors contribute most 

significantly to the model's risk assessments. This allows for human oversight and 

identification of potential biases arising from specific features. Additionally, 

techniques like SHAP (SHapley Additive exPlanations) values can explain individual 

predictions, making it possible to identify instances where the model's decisions might 

be biased. 

The Role of Model Interpretability: 

Model interpretability plays a crucial role in achieving fairness in risk-based pricing. By 

understanding the factors driving the model's predictions, we can: 

• Identify Features with Biasing Potential: Through techniques like feature importance 

analysis, features that correlate with protected characteristics and potentially 

introduce bias can be flagged for further investigation or removal. 

• Explain Predictions: Interpretable models allow for explaining individual predictions 

to stakeholders and regulators. This transparency is essential for building trust and 

ensuring that risk assessments are fair and unbiased. 

• Detect and Address Bias Drift: Machine learning models can exhibit bias drift over 

time as the underlying data distribution changes. Interpretable models allow for 

monitoring how feature importance scores or other interpretability metrics evolve, 

potentially revealing emerging biases that require mitigation strategies. 

By employing these techniques and leveraging the benefits of model interpretability, we can 

strive towards developing and deploying machine learning models for risk-based pricing that 

are both accurate and fair. This is crucial for ensuring equitable access to health insurance and 

promoting a more sustainable healthcare system. 

 

Discussion 

This research proposal builds upon prior work exploring the application of machine learning 

models for risk-based pricing in health insurance. While the promise of improved accuracy 
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and efficiency is undeniable, the ethical considerations of fairness and mitigating bias have 

become increasingly prominent. 

Alignment with Existing Research: 

• Machine Learning for Risk Assessment: Our exploration aligns with the growing 

body of research investigating the use of machine learning models for risk assessment 

in health insurance. Prior studies have demonstrated the potential of these models to 

achieve superior accuracy compared to traditional methods [previous research 

citations on machine learning for risk assessment in health insurance can be inserted 

here]. 

• Focus on Fairness: This proposal emphasizes the critical aspect of fairness in risk-

based pricing models. It echoes recent research that highlights the dangers of biased 

algorithms and the potential for exacerbating existing health disparities [previous 

research citations on bias in machine learning for health insurance can be inserted 

here]. 

Unique Contributions: 

This research proposal strives to contribute to the field in several ways: 

• Comparative Analysis of Models: The planned analysis will compare the 

performance of various machine learning models, including gradient boosting, deep 

neural networks, and recurrent neural networks. This comprehensive approach can 

provide valuable insights into the strengths and weaknesses of different architectures 

in the context of fair risk-based pricing. 

• Emphasis on Interpretability: The proposal highlights the importance of model 

interpretability, particularly for achieving fairness. By leveraging techniques like 

feature importance analysis and SHAP values, the research aims to shed light on the 

factors driving the models' predictions and identify potential biases. 

• Focus on Mitigating Bias: The proposal delves into various techniques for mitigating 

bias in machine learning models, including fairness-aware model selection, debiasing 

techniques, and counterfactual analysis. This comprehensive approach can inform the 

development of more equitable risk assessment practices. 
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Future Research Directions: 

Building upon this proposal, future research can explore several promising directions: 

• Real-World Implementation: The proposed analysis can be conducted on a real-world 

healthcare claims dataset to assess the generalizability and effectiveness of the 

identified models in a practical setting. 

• Explainable Deep Learning: Further research can explore techniques for improving 

the interpretability of deep neural networks, particularly in the context of healthcare 

risk assessment. This can help address the "black box" nature of these models and 

ensure fairer decision-making. 

• The Broader Ethical Landscape: A comprehensive investigation into the broader 

ethical considerations surrounding machine learning for risk-based pricing is 

warranted. This could include exploration of issues like data privacy, patient consent, 

and the potential for algorithmic discrimination. 

Implications for Insurance Companies: 

The findings of this research can guide insurance companies seeking to implement robust and 

equitable pricing strategies using machine learning models: 

• Model Selection and Interpretability: The research underscores the importance of 

carefully selecting machine learning models that achieve a balance between accuracy 

and fairness. Techniques like fairness-aware model selection and interpretability tools 

like SHAP values can empower companies to make informed decisions about model 

deployment. 

• Data Quality and Bias Mitigation: The research emphasizes the need for high-quality 

data free from inherent biases. Insurance companies should invest in data cleansing 

techniques and implement bias mitigation strategies throughout the model 

development lifecycle. 

• Regulatory Compliance and Transparency: The research highlights the importance 

of adhering to regulations concerning fair and non-discriminatory pricing practices. 

Transparency in model development and deployment, along with clear 

communication of risk assessments to policyholders, is crucial for building trust. 

https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  203 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 1 Issue 1 
Semi Annual Edition | Jan - June, 2021 

This work is licensed under CC BY-NC-SA 4.0. 

• Ethical Considerations: Beyond regulatory compliance, insurance companies should 

embrace a broader ethical framework for AI-powered risk assessment. This includes 

considerations of data privacy, patient consent, and the potential for algorithmic bias 

to exacerbate existing disparities. 

Limitations of the Study and Future Research: 

While this research proposal lays a strong foundation, it acknowledges limitations that pave 

the way for future exploration: 

• Limited Scope: The proposed analysis is hypothetical, relying on a simulated dataset. 

Conducting the research with real-world healthcare claims data is essential for 

establishing generalizability and practical implications. 

• Focus on Specific Models: The research explores a limited set of machine learning 

models (gradient boosting, deep neural networks, recurrent neural networks). Future 

studies can investigate the potential of other architectures and ensemble methods. 

• Explainable Deep Learning: The "black box" nature of deep neural networks presents 

challenges in achieving fairness. Further research on explainable deep learning 

techniques can provide valuable insights for mitigating bias in these powerful models. 

• Broader Ethical Landscape: A comprehensive exploration of the broader ethical 

considerations surrounding machine learning for risk-based pricing is necessary. This 

could encompass data privacy, patient consent, the potential for algorithmic 

discrimination, and the role of human oversight in model development and 

deployment. 

By addressing these limitations and pursuing future research directions, we can contribute to 

a future where machine learning empowers insurance companies to develop robust, 

equitable, and ethically sound pricing strategies that benefit both insurers and policyholders. 

This will ultimately lead to a more sustainable healthcare system that promotes access to 

affordable coverage for all. 

 

Conclusion 
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The burgeoning field of machine learning offers a powerful toolkit for transforming risk 

assessment in health insurance. By leveraging sophisticated algorithms, insurance companies 

can potentially achieve superior accuracy in predicting healthcare expenditures, leading to 

more efficient pricing strategies and a more sustainable healthcare system. However, 

alongside this potential lies a critical challenge – ensuring fairness and mitigating bias in these 

models. 

This research proposal has delved into the complexities of utilizing machine learning for risk-

based pricing in health insurance. We explored various evaluation metrics (MSE, RMSE, R-

squared, AUC) to assess model performance, acknowledging the importance of tailoring these 

metrics to specific research goals (general performance, identifying high-cost individuals). 

While a comparative analysis of specific models was deferred to future research, we discussed 

the potential strengths and weaknesses of gradient boosting, deep neural networks, and 

recurrent neural networks in this context. 

The paramount importance of fairness in risk-based pricing was emphasized. We highlighted 

the ethical imperative to avoid discriminatory practices and the potential consequences of 

biased models, including disparate impact, reduced access to care, and exacerbation of 

existing health disparities. Several techniques for mitigating bias were introduced, including 

fairness-aware model selection, debiasing techniques, counterfactual analysis, and the crucial 

role of model interpretability through methods like feature importance and SHAP values. 

The research positioned itself within the existing body of research on machine learning for 

risk assessment in health insurance, acknowledging the growing focus on fairness and ethical 

considerations. The proposed research aimed to contribute unique insights by: 

• Conducting a comparative analysis of various machine learning models, including 

interpretable models like gradient boosting, to assess their performance on a real-

world healthcare claims dataset. This will provide valuable insights into the 

generalizability and practical implications of these models in a real-world setting. 

• Emphasizing the importance of model interpretability for achieving fairness and 

mitigating bias. By leveraging techniques like feature importance and SHAP values, 

we can gain deeper understanding into the factors driving the models' predictions and 
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identify potential biases. This is particularly important for fostering trust and 

transparency in the application of machine learning for risk assessment. 

• Delving into a comprehensive range of techniques for mitigating bias in machine 

learning models. This includes fairness-aware model selection algorithms that 

explicitly consider fairness metrics alongside traditional performance metrics during 

model selection. Additionally, debiasing techniques can be employed to address 

biases within the training data itself. Furthermore, counterfactual analysis can be a 

powerful tool for exploring how the model's predictions change under hypothetical 

scenarios, potentially revealing hidden biases. 

Future research directions were outlined, including the crucial step of implementing the 

proposed analysis on a real-world healthcare claims dataset. Additionally, the need for further 

exploration in explainable deep learning and the broader ethical landscape surrounding 

machine learning for risk-based pricing was emphasized. 

This research proposal has provided a roadmap for harnessing the power of machine learning 

for risk-based pricing in health insurance, while ensuring fairness and mitigating potential 

biases. By fostering collaboration between researchers, policymakers, and the insurance 

industry, we can strive towards developing robust and equitable pricing strategies. This will 

ultimately contribute to a more sustainable healthcare system that promotes access to 

affordable coverage for all. The journey towards achieving this goal necessitates continuous 

research, innovation, and a steadfast commitment to ethical practices in the application of 

machine learning for healthcare risk assessment. 
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