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 This study compares the performance of binary regression with the power 

cauchit (PC) link function and random forest in predicting motor insurance 

policyholder behavior using an imbalanced dataset. The dataset comprises 
4,000 policyholders, with the response variable indicating whether a client 

purchased a full coverage plan (1) or not (0). Predictors include 

characteristics such as men, urban, private, age, and seniority. Binary 

regression was implemented using PyStan, while random forest was created 
with scikit-learn without additional hyperparameter tuning. Results 

demonstrate that random forest outperformed binary regression in a range of 

performance metrics, as well as specialized metrics suitable for imbalanced 

data. Findings point to the effectiveness of machine learning (ML) 
algorithms, exemplified by random forest, offer more robust performance in 

handling complex, imbalanced datasets compared to traditional statistical 

models. This highlights the potential of random forest to improve predictive 

accuracy in applications such as motor insurance policyholder behavior 
analysis. 
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1. INTRODUCTION 

In the insurance industry, accurate prediction of customer behavior is critical for risk management, 

pricing strategies, and overall business decision-making. Understanding which policyholders are likely to 

purchase full coverage plans or other insurance products allows companies to tailor their offerings and 

optimize their marketing strategies. Traditionally, the financial sector, including insurance companies, has 

relied heavily on statistical modeling techniques such as binary regression to make predictions. Binary 

regression models have been a staple in financial analytics attributed to their interpretability and competence 

in modeling binary outcome variables effectively. Research has demonstrated that binary regression can be 

successfully applied in various financial contexts, including credit scoring and credit card fraud detection  

[1], [2]. While binary regression is reliable for capturing straightforward relationships and provides clear 

interpretability, challenges may arise when dealing with highly imbalanced datasets or more complex 

patterns in the data.  

Binary regression, particularly with specialized link functions like the power cauchit (PC) link, has 

proven useful in modeling binary outcomes. The PC link function can provide more flexibility in certain data 

structures, allowing it to capture relationships that are not adequately represented by more conventional link 

functions. Previous research by [3] has demonstrated that a binary regression model with a PC link function 

(PC link) provided good results to predict full coverage purchases. This link function is especially 

https://creativecommons.org/licenses/by-sa/4.0/
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advantageous in cases of imbalanced data due to its asymmetrical nature, which better handles the uneven 

distribution between classes [4]. Despite these strengths, binary regression, even with the PC link, may still 

face limitations when applied to datasets with highly nonlinear or intricate patterns. This underlines the need 

to explore alternative methods that can address these challenges effectively. 

This challenge of data imbalance is pervasive in many real-world datasets, including those used in 

the insurance industry. Data imbalance takes place when the distribution of observations across classes is 

highly uneven, with one class greatly outnumbering the other, making it difficult for standard predictive 

models to identify the minority class accurately. This imbalance can skew the results of statistical models, 

causing them to favor the majority class and overlook the nuances within the minority class [5]. For 

insurance companies, this could mean missing out on identifying key segments of customers who are likely 

to purchase additional coverage, thereby impacting revenue and risk assessment strategies. 

Advancements in machine learning (ML) have yielded techniques that address intricate and high-

dimensional data more effectively compared to traditional statistical models. One such technique is the 

random forest algorithm is an ensemble approach that aggregates multiple decision trees to achieve higher 

predictive accuracy and better generalization [6]. The use of ML in insurance has shown promising results, 

particularly in areas like risk prediction, claim forecasting, and fraud detection [7]. The findings indicate that 

ML techniques, particularly random forests, can achieve good results in predicting outcomes in the insurance 

industry, therefore underscoring their potential to strengthen decision-making and streamline operations [8]. 

Comparable studies have examined how ML techniques are applied within diverse financial 

settings. For instance, research [9] and [10] has shown that ML models, like random forest, are able to bring 

good results in predicting insurance uptake. These studies have demonstrated that ML models can provide 

higher predictive accuracy and better generalization to unseen data, particularly in cases where the data 

distribution exhibits skewness or structural complexity. Additionally, another study focused on predicting 

loan behavior using various ML techniques revealed that random forest outperformed other models in terms 

of predictive accuracy [11], [12]. Supporting this trend, a study using data from a large automotive company 

in Brazil investigated the use of ML approaches, such as the random forest algorithm, to predict auto 

insurance claims. The results indicated that random forest outperformed other models, including logistic 

regression and Naïve Bayes, achieving accuracy, Kappa, and area under the curve (AUC) values of 0.8677, 

0.7117, and 0.840, respectively [13]. These studies support the hypothesis that ML models, due to their 

flexibility and adaptability, have the potential to handle the intricacies of insurance data better than traditional 

binary regression models. This expanding body of literature highlights the growing relevance of employing 

ML techniques to enhance predictive modeling in finance. 

This study compares the performance of binary regression with the PC link and the random forest 

algorithm in predicting motor insurance policyholders’ likelihood of purchasing full coverage. Using an 

imbalanced dataset, it evaluates which model achieves stronger predictive performance. While binary 

regression offers interpretability, random forest’s ML framework demonstrates greater adaptability to data 

complexity and imbalance. The findings highlight the growing potential of ML to enhance predictive 

accuracy in the insurance sector, emphasizing its role in advancing modern financial analytics beyond 

traditional statistical models. 

 

 

2. METHOD  
The research framework was structured to systematically fulfill the study’s objectives and ensure a 

structured approach to achieving the desired outcomes, as illustrated in Figure 1. The process began with 

problem identification, where the challenges of predicting motor insurance policy purchases in an imbalanced 

dataset were outlined. This was followed by a comprehensive literature study to examine existing approaches 

and pinpoint research gaps, which subsequently informed the formulation of the research question.  

The next step involved data acquisition, where the secondary dataset of motor insurance 

policyholders was obtained and prepared for analysis. To ensure a fair comparison and eliminate potential 

biases, both the binary regression model employing the PC link and the random forest model were trained 

using the same data, without applying additional preprocessing steps. Furthermore, no hyperparameter tuning 

or adjustments were made to either model, ensuring that their default configurations were used for 

evaluation. 

Afterward, model evaluation was conducted using several performance indicators, including 

accuracy, true positive rate (TPR), true negative rate (TNR), AUC- receiver operating characteristic (ROC), 

and several others, which will be further explained in the next section. Finally, conclusions were drawn based 

on the findings, offering insights into model performance and their broader implications. The section 

concludes with a synthesis of key findings and potential avenues for future exploration. 
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Figure 1. Research flow diagram 

 

 

2.1.  Motor insurance policyholders 

Motor insurance policies are financial products designed to provide coverage against losses arising 

from vehicle-related incidents. They serve as a safety net for policyholders, protecting them from financial 

burdens associated with accidents, theft, or damage to their vehicles. Motor insurance policyholders play a 

critical role in the insurance ecosystem, as their experiences and perceptions significantly influence the 

dynamics between insurers and clients [14]. One type of motor insurance is full coverage insurance. This 

covers the costs of vehicle damage resulting from accidents, theft, vandalism, natural disasters, or impact 

with inanimate objects. Factors like age, income, and driving history influence the decision to purchase this 

type of insurance [3]. 

The use of customer demographic data allows insurers to refine risk assessments based on individual 

driving behaviors and their chance of purchasing a full coverage plan. For example, younger drivers or those 

with less driving experience may perceive a higher risk and thus opt for more comprehensive policies to 

mitigate potential financial repercussions.  
 

2.2.  Motor insurance policyholders' data  

The dataset used in this study comprises secondary data sourced from the book “Predictive 

modeling applications in actuarial science” [15]. It includes information from 4,000 motor insurance 

policyholders, organized into six columns that capture client characteristics and their decision to purchase a 

full coverage motor insurance plan. The target variable (y) is binary, where 1 indicates the purchase of a 

policy (success) and 0 indicates no purchase (failure). This dataset is notably imbalanced, with only 34.7% of 

instances representing the positive class (y=1), posing a challenge in accurately predicting the minority class. 

The predictors include both categorical and numerical features: MEN, a binary variable representing 

gender (0 for female and 1 for male); URBAN, a binary variable indicating the driving area (1 for urban areas 

and 0 for rural areas); PRIVATE, a binary variable signifying vehicle ownership status (1 for private vehicles 

and 0 for non-private vehicles); AGE, a numerical variable capturing the age of the policyholder; and 

SENIORITY, a numerical variable representing the length of employment in the company. The features were 

selected to reflect attributes likely influencing a client’s decision to purchase a full coverage plan. 

 

2.3.  Binary regression 

Binary regression represents a statistical method designed to describe the relationship between a 

dichotomous dependent variable and one or more predictors. This method is widely used in clinical medicine 

and other fields to estimate the probability of a binary response variable based on a group of explanatory 

variables. The logistic regression model is particularly useful when the dependent variable is dichotomous, 

such as 0/1 [16]. 

A notable strength of binary regression lies in its capacity to model non-linear relationships between 

predictors and the dependent variable. The logistic function inherently captures non-linear effects, making it 

a robust choice for modeling complex relationships. Additionally, binary regression can handle both 

continuous and categorical predictor variables, making it versatile for a wide range of applications [17]. 

 

2.4.  Binary regression with power cauchit link 

The PC link function is a type of asymmetric link function that can be used in binary regression 

models. This is an extension of the cauchit link, which provides flexibility in modeling data with heavy tails 

or imbalances. This allows the link function to adjust the tails of the distribution to better handle outliers and 
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imbalanced data. By adjusting the power parameter, the PC link function can mitigate the impact of the 

imbalance, ensuring that the model is sensitive enough to predict the minority class without being 

overwhelmed by the majority class [18]. 

Markov chain monte carlo (MCMC) algorithms serve as robust computational methods for 

approximating the parameters of complex models, including binary regression models with the PC link 

function. MCMC methods allow for the simulation of randomly generating posterior samples for the model 

parameters, enabling Bayesian inference. This approach is particularly useful when dealing with 

identifiability issues that can arise with skewed link functions, such as the PC link [19]. In practice, 

implementing binary regression with the PC link can be done using statistical software packages such as 

Python libraries like PyStan. 

 

2.5.  Machine learning 

ML, a branch of artificial intelligence, focuses on designing algorithms and statistical models that 

allow systems to perform specific tasks independently. The models derive knowledge from data by 

recognizing underlying patterns and making data-driven decisions based on them. The fundamental concept 

is to allow machines to independently learn from experience, progressively improving their accuracy as more 

data becomes available. This process typically involves training a model on a dataset, which it uses to make 

predictions when presented with new data [20]. 

ML methods are commonly classified into several paradigms, such as supervised learning, where 

models are fitted to labeled data; unsupervised learning, which analyzes unlabeled data to discover hidden 

relationships; semi-supervised learning, where the model combines elements of both supervised and 

unsupervised learning; and reinforcement learning, in which an agent learns optimal actions through rewards 

and penalties based on performance. The applications of ML are vast, spanning fields such as healthcare, 

finance, and many others [21]. 

 

2.6.  Random forest 

In ML, models such as random forest generate numerous decision trees during training and integrate 

their results by majority vote in classification or by averaging in regression to produce stable predictions. 

This ensemble strategy enhances robustness, effectively manages complex, high-dimensional data, and 

mitigates the risk of overfitting [6].  

Random forest operates by creating a multitude of decision trees, each trained on a different subset 

of the dataset. This subset is created through bootstrapping, a technique that samples the data with 

replacement, ensuring diversity among the trees. For each tree, a random subset of features is selected at each 

split point, which prevents any single feature from dominating the model and enhances the model's ability to 

generalize [22]. 

The primary advantage of random forest lies in its ability to handle non-linear relationships and 

interactions between variables without the need for extensive parameter tuning. Furthermore, it is inherently 

capable of dealing with imbalanced datasets. Random forest also conducts feature selection to pinpoint the 

most significant features within the data, enhancing the model's performance on datasets. Other benefits of 

random forest include its resilience to outliers, enhanced predictive accuracy, and its ability to manage 

overfitting [23]. This study implements random forest algorithm to predict whether someone will buy the 

motor insurance policy using an imbalanced dataset, where the challenge lies in accurately predicting the 

minority class. 

 

2.7.  Evaluation metrics 

The models' performance can be seen in the values of true negative (TN), false positive (FP), false 

negative (FN), and true positive (TP) rates. TN represents correct predictions of non-purchasers, while FP 

denotes incorrect predictions of purchasers. FN indicates failure to identify actual purchasers, and TP 

signifies correct identification of purchasers. These four outcomes are essential for evaluating the 

performance of the models, as they provide the basis for calculating key metrics, which help determine the 

model's overall predictive power and reliability. 

The performance of both models was evaluated using common ML metrics: accuracy (ACC), 

precision, recall (sensitivity or TPR), specificity (TNR), F1-score, and area under the ROC curve (AUC) 

[24], defined respectively by, 

 

𝐴𝐶𝐶 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
 (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 
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𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

 

𝑇𝑁𝑅 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
   (4) 

 

𝐴𝑈𝐶 − 𝑅𝑂𝐶 = ∫
1

0
𝑇𝑃𝑅(𝑡)𝑑𝑡 (5) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗ (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)/(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙) (6) 
 

These metrics were employed to evaluate each model’s predictive capability. Accuracy indicates the 

overall proportion of correct classifications but can be misleading in imbalanced datasets dominated by one 

class. Precision reflects the model’s ability to reduce false positives, while TPR (recall) measures the 

proportion of actual positives correctly identified. TNR (specificity) assesses the model’s accuracy in 

recognizing negatives. The F1 score, defined as the harmonic means of precision and recall, offers a balanced 

assessment particularly suitable for imbalanced data.  

The AUC quantifies the area beneath the ROC curve, illustrating the trade-off between TPR and 

FPR across various thresholds. A higher AUC value indicates superior discriminative power, reflecting the 

model’s ability to distinguish clients who are likely to purchase full coverage from those who are not [25]. 

In addition to the standard metrics, we employed evaluation measures specifically designed for 

imbalanced datasets [26]. Additional evaluation metrics such as the critical success index (CSI), Gilbert skill 

score (GSS), symmetric gini score (SGS), Sokal and Sneath index (SSI), faith index (FAITH), Matthews 

correlation coefficient (MCC), Geometric mean (G_M), and Cohen’s Kappa (KAPPA) were also utilized for 

model comparison. The definitions of these measures are presented as follows: 

 

𝐶𝑆𝐼 =
𝑇𝑃

𝑇𝑃+𝐹𝑃+𝐹𝑁
 (7) 

 

𝐺𝑆 =
𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑃 ∗ 𝐹𝑁

(𝐹𝑁+𝐹𝑃) ∗ (𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁)  + (𝑇𝑃∗𝑇𝑁−𝐹𝑃∗𝐹𝑁) 
 (8) 

 

𝑆𝐺𝑆 =
3 ∗ 𝐺𝑆 + 1

4
   (9) 

 

𝑆𝑆𝐼 =
𝑇𝑃

(𝑇𝑃 + 2 ∗ 𝐹𝑃 + 2 ∗ 𝐹𝑁)
 (10) 

 

𝐹𝐴𝐼𝑇𝐻 =
𝑇𝑃+0.5∗𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (11) 

 

𝑀𝐶𝐶 =
𝑇𝑃+𝑇𝑁−𝐹𝑃∗𝐹𝑁

√((𝑇𝑃 + 𝐹𝑃) ∗ (𝑇𝑃 + 𝐹𝑁) ∗ (𝑇𝑁 + 𝐹𝑃) ∗ (𝑇𝑁 + 𝐹𝑁)) 
 (12) 

 

𝐺_𝑀 = √(𝑇𝑃𝑅 ∗ 𝑇𝑁𝑅)  (13) 
 

These metrics are designed to offer a nuanced assessment of model performance beyond simple accuracy, 

which can be misleading in the presence of imbalanced data. As with any performance metric, higher values 

in these metrics indicate better model performance. 

 

 

3. RESULTS AND DISCUSSION  
For this research, we apply the binary regression with the PC link function to a dataset of 4,000 

motor insurance policyholders available in [15], where the target variable (y) indicates whether a client 

purchased a full coverage plan (1 for success and 0 for failure). Given the imbalance in the data, where 

instances of 0 vastly outnumber instances of 1 (34.7% proportion of ones), the PC link function is expected to 

provide superior model performance by accurately predicting the minority class while maintaining overall 

model stability based on previous study [3]. The effectiveness of this method will be evaluated against 

random forest, a ML algorithm, to determine which approach yields better predictive accuracy for this 

imbalanced dataset.  

To assess and compare the predictive performance of binary regression with the PC link function 

and random forest, we used all 4,000 data points for training and testing. The potential predictors included 

individual characteristics such as men, urban, private, age, and seniority. The binary regression model was 
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constructed using PyStan, a Python interface for stan, which allows for Bayesian inference and advanced 

statistical modeling. Additionally, MCMC was used to generate posterior distributions for the model 

parameters, providing uncertainty estimates. The estimated model coefficients and their associated 

uncertainties were obtained by summarizing the posterior samples. Random forest was implemented using 

scikit-learn, a widely used Python toolkit for ML, without additional hyperparameter tuning. Table 1 displays 

a comparative evaluation between the binary regression model with PC link and the random forest model, 

focusing on their classification outcomes. Table 2 summarizes the performance of both models across several 

key evaluation measures, such as accuracy, precision, F1-score, TPR, and TNR. 

 
 

Table 1. Confusion matrix comparison of binary regression and random forest 
Model TN FP FN TP 

Binary regression (PC link) 1765 848 211 1176 

Random forest 2397 216 250 1137 

 
 

Table 2. Metrics comparison of binary regression and random forest 
Model Accuracy Precision F1-Score AUC TPR TNR 

Binary regression (PC link) 0.74 0.58 0.69 0.79 0.85 0.68 

Random forest 0.88 0.84 0.83 0.87 0.82 0.92 

 
 

Random forest outperformed binary regression with the PC link function across nearly all 

performance metrics, except for TPR. The higher TPR for binary regression suggests that it is more effective 

at identifying clients who bought full coverage, meaning it is better at catching the minority class (those who 

purchased the plan) even in the imbalanced data scenario. However, this increased sensitivity to the positive 

class likely came at the expense of specificity, as the model struggled to correctly classify the negative class, 

resulting in a lower TNR. This trade-off between TPR and TNR is one of the typical difficulties in handling 

imbalanced datasets that improving one metric often results in the deterioration of another. However, the 

Random Forest model demonstrates superior performance in terms of specificity (TNR), where a higher 

value reflects a stronger capability to correctly identify negative instances. In this context, a higher specificity 

indicates that the model demonstrates stronger capability in accurately detecting clients who did not buy the 

full coverage plan (i.e., those coded as 0). 

The fact that random forest performed better in terms of specificity suggests that it was more 

cautious in classifying observations as positive (purchasing the full coverage), leading to fewer false 

positives. This conservative approach means the model is less likely to incorrectly predict a client will buy 

full coverage when they will not, which is beneficial in scenarios where avoiding false positives is critical 

(e.g., assuming more clients will buy full coverage than actually do). Related to this, the higher AUC value 

for the random forest model can be attributed to the model's much higher TNR. The AUC score is derived by 

plotting the TPR against the FPR (false positive rate, which is 1 - TNR) across various threshold levels [25]. 

A higher AUC score indicates that the model has a better balance between TPR and TNR, meaning it can 

effectively distinguish between positive and negative cases.  

Further evaluation is presented in Table 3, which compares additional performance metrics such as 

critical success index (CSI), Gilbert skill score (GS), symmetric gini score (SGS), Sokal and Sneath index 

(SSI), faith index, Matthews correlation coefficient (MCC), geometric mean (G_M), and Cohen’s Kappa. 

The results presented in the previous tables indicate that random forest surpasses binary regression in nearly 

all performance indicators, except for the TPR. This finding emphasizes random forest’s advantage in 

managing imbalanced data and generating more reliable predictions compared to conventional statistical 

methods. 

 
 

Table 3. Advanced evaluation metrics comparison of binary regression and random forest 
Model CSI GS SGS SSI FAITH MCC G_M KAPPA 

Binary regression (PC link) 0.53 0.53 0.48 0.36 0.51 0.5 0.76 0.47 

Random forest 0.71 0.59 0.69 0.55 0.58   0.74 0.87 0.74 

 
 

Extensive studies have compared random forest with traditional logistic regression, yet limited 

research has examined its comparison with binary regression, which has been modified using a Bayesian 

approach, particularly with custom link functions like PC. This study aims to fill this gap by evaluating the 

performance of random forest and Bayesian binary regression on an imbalanced motor insurance dataset. 

Prior studies have highlighted random forest's robustness in handling complex, non-linear relationships and 
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imbalanced datasets, where traditional logistic regression often struggles due to its reliance on linear 

assumptions [27]. This makes random forest a suitable candidate for datasets with intricate structures, as seen 

in this study. 

Although binary regression improves upon traditional logistic regression by incorporating Bayesian 

priors and flexible link functions, such as the PC link used in this study, it remains fundamentally rooted in 

the statistical assumptions of logistic regression [4]. Therefore, insights derived from random forest vs 

logistic regression comparisons provide a meaningful context for evaluating random forest against Bayesian 

binary regression. Consistent with existing literature on random forest's superiority over logistic regression 

[28], this study demonstrates that random forest outperforms Bayesian binary regression across most 

evaluation metrics. These findings highlight the random forest’s strength in managing class imbalance and 

capturing complex non-linear relationships within the dataset. 

Logistic regression often serves as a baseline for comparison in classification problems; however, it 

is important to recognize that this study evaluates random forest against Bayesian binary regression with a 

flexible link function. Unlike standard logistic regression, which struggles with capturing non-linearity, 

Bayesian binary regression with the PC link function introduces greater flexibility in modeling complex 

relationships. The key question in this study is whether the PC link function can sufficiently address the 

challenges posed by the data imbalance and non-linearity to perform better than random forest, a ML 

approach specifically designed to handle such complexities. 

Interestingly, Bayesian binary regression achieved a higher TPR, suggesting that its flexibility in 

modeling the response variable allows it to capture more positive instances. Despite that, it struggled to 

maintain specificity, leading to higher false positives. This may suggest that overly flexible link functions, 

such as PC, could increase the risk of overfitting to certain patterns in the data [29]. In contrast, random 

forest's ensemble approach provided a more balanced trade-off between TPR (sensitivity) and TNR 

(specificity), resulting in superior performance across most evaluation metrics even with imbalanced datasets.  

The results validate random forest's effectiveness in imbalanced binary classification, demonstrating 

its superiority over traditional statistical methods, even with Bayesian enhancements. By combining insights 

from ML and Bayesian statistics, this study bridges gaps in literature with a comprehensive evaluation 

framework. Additionally, the findings reinforce the potential of ML models like random forest to enhance 

predictive accuracy in real-world applications. This highlights their role in improving binary classification 

and decision-making processes, particularly in the financial sector. 

 
 

4. CONCLUSION  

This study conducted a comparative analysis of the performance between binary logistic regression 

with the PC link function and the random forest algorithm in predicting motor insurance policyholder 

behavior using an imbalanced dataset. The response variable indicated whether a policyholder opted for a full 

coverage plan, with an imbalance favoring non-purchasers. The predictors included key individual 

characteristics such as MEN, URBAN, PRIVATE, AGE, and SENIORITY. 

The findings indicate that the random forest model consistently outperformed the binary regression 

model across almost all evaluated metrics. Random forest’s superior performance, particularly in handling 

the minority class, underscores its robustness in dealing with imbalanced data, providing more accurate and 

reliable predictions in this context. This demonstrates the potential of ML models like random forest to 

surpass traditional statistical methods like binary regression, particularly in applications involving complex, 

imbalanced datasets. This study suggests that random forest should be considered a strong candidate for 

predictive modeling in similar contexts, where accurate identification of minority class events is crucial.  

These findings also emphasize the importance of further research into the potential limitations of 

binary regression with custom link functions when applied to imbalanced datasets. While the PC link 

function provides more flexibility than standard logistic regression, its effectiveness in handling extreme 

class imbalances remains a key area for investigation.  

Future studies could explore hybrid approaches that integrate the adaptability of Bayesian methods 

with the robustness of ensemble models like random forest, potentially enhancing predictive performance and 

model stability in financial and insurance applications. Additionally, subsequent studies may explore how 

hyperparameter optimization influences the performance of random forest and other ML algorithms, as well 

as the application of advanced techniques to further improve performance in highly imbalanced scenarios. 
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