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Abstract - This research addresses the increasing demand for 

intelligent, secure, and transparent financial decision-making 

systems in banking and insurance domains where traditional rule-

based, isolated predictive models fall short in providing 

personalized insights, explainability, and fraud resilience. The 

motivation of this work is to design an integrated agentic artificial 

intelligence-driven financial decision support system that 

simultaneously handles user authentication, loan and insurance 

eligibility prediction, customer segmentation, fraud detection, and 

user interaction within a unified platform. It combines a 

structured user data pipeline with predictive modeling and agent-

based orchestration to enable real-time financial decisions. User 

data during registration is securely stored with multi-factor 

authentication using an SQLite database. Besides, in-depth 

preprocessing, normalization, and encoding are done on user data 

before model inference. For every financial product, separate 

ensemble machine learning models were trained to predict home 

loan eligibility, personal loan eligibility, bank loan eligibility, 

vehicle insurance recommendation, and health insurance 

recommendation. These models leverage the strengths of Logistic 

Regression, Random Forest, Gradient Boosting, and Extreme 

Gradient Boosting, while hyperparameter tuning employs grid 

search optimization with five-fold cross-validation for robustness 

and generalization. The loan and insurance eligibility models 

achieved average prediction accuracies of 96.2 percent to 98.1 

percent across various products. A Random Forest-based fraud 

detection model analyzes transaction patterns and achieves an 

accuracy of 98.6 percent. Customer segmentation is done through 

hierarchical clustering, where the users are classified into four 

financial behavior classes. Concluding, explainable decisions will 

be delivered with eligibility reasons, visual analytics, and 

conversational assistants. This indeed provides examples of higher 

accuracy, better interpretability, and empirical usability for 

intelligent financial decision support systems. 

Keywords— Agentic Artificial Intelligence, Financial Decision 

Support System, Loan and Insurance Eligibility Prediction, 

Ensemble Machine Learning, Fraud Detection and Customer 

Segmentation. 

I. INTRODUCTION 

The increased digital evolution of the banking and insurance 

industries has led to increased dependence on data-intensive 

systems that use data analytics tools and techniques to analyze 

customer eligibility and prevent fraudulent transactions 

electronically [1]. The financial services sector handles an 

immense amount of disparate data such as demographic data, 

transaction data, and health and wellness information of clients 

and, with this increase, it becomes increasingly difficult for the 

industry to use traditional data analysis systems that do not 

necessarily support real-time behavior prediction and 

authentication of the data being handled [2]. It is evident that the 

increased need for customers who expect personalized financial 

services and immediate responses from financial solutions 

providers has led to increased expectations of financial service 

providers to implement data analysis and prediction systems that 

support real-time recommendations on customer behavior and 

data security and authentication systems that support real-time 

transaction analysis and authentication capabilities based on the 

data being handled [3]. Recently, there has been growth in 

machine learning algorithms that have allowed financial 

organizations to better predict defaults on loans, insurance risk, 

and fraudulent transactions.  

Algorithms such as Logistic Regression, Random Forest, 

Gradient Boosting, and Extreme Gradient Boosting have shown 

good results on structured financial data. However, they have 

been used stand-alone for particular purposes such as credit risk 

assessment or fraud analysis; they have not been used in an 

orchestrated way. On the other hand, customer segmentation 

algorithms, clustering algorithms included, have been employed 

to better understand consumer spending patterns and financial 

resilience, but they have not been used in decision circuits to 

affect lending decisions or insurance decisions in any way. 

Authenticating systems and user data processing have been 

isolated from decision-making systems. The prime motivation 

for this arises from a unified, safe, and intelligent financial 
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decision support system which can represent eligibility 

assessment, fraud detection, customer segmentation, and user 

interaction at the same time [4]. This is because available 

systems do not make it clear why a certain loan or insurance 

request was approved or disapproved, leading to reduced trust 

by users and regulatory complications. Moreover, fraudulent 

transactions have been getting complicated over time, which 

calls for adaptive models that learn complex patterns, unlike 

traditional threshold methods of fraud detection. Without agent-

based intelligence in coordination of multiple prediction tasks, 

limiting the possibility of automation and scalability.  

This research will integrate agentic artificial intelligence with 

ensemble learning and explainable analytics to enhance decision 

accuracy, build trust by interpretability, and offer personalized 

financial insights. This kind of system is very crucial for digital-

first banking and insurance platforms where real-time decision-

making coupled with secure user engagement becomes critical. 

Although immense progress has been made regarding financial 

tasks and applications of machine learning, there still exist 

research gaps to be explored and addressed [5]. Currently, the 

focus of most of the research work has been on individual 

prediction tasks such as loan or fraud analysis, and not 

necessarily on an integrated analysis of loans, insurance, and 

client behavior on various fronts. Few studies have focused on 

solutions that involve multi-authentication procedures, client 

information, prediction models, and even chat interfaces of an 

integrated system. Furthermore, little attention has been paid 

concerning agent-based orchestration platforms that involve task 

splitting on various models of machine learning and providing 

interpretable predictions. Client segmentation analysis has 

largely remained an independent analysis task and not one of 

many that influence financial tasks [6]. Further, all of the 

aforementioned predictions have remained concerning 

hyperparameters and validation on various folds. The main 

contribution of the research work can be stated as follows:  

➢ The development of an agentic AI-based financial 

decision support system incorporating authentication, 

prediction, and interaction capabilities in one system.  

➢ Implementation of individual models for prediction of 

eligibility for home loans, personal loans, bank loans, 

car insurance, as well as health insurance on the basis 

of ensemble learning.  

➢ Application of systematic hyperparameters tuning via 

grid search with five-fold cross-validation to improve 

robustness and accuracy.  

➢ Integration of customer segmentation using 

hierarchical clustering for classification of customers 

into groups according to their financial behaviors.  

➢ Building an accurate Random Forest-based fraud 

detection module with an accuracy of 98.6 percent on 

transactional data.  

➢ Integrating the use of explainable analytics and 

visualizations and domain-limited conversational 

chatbot technology to enhance user transparency and 

trust.  

II. RELATED WORK 

The first decision-support systems in finance were based mainly 

on rule-based systems and conventional statistical modeling 

approaches in loan approval and risk classification in insurance 

[7]. The systems defined strict thresholds for variables such as 

income, credit rating, and employment history in making loan 

and risk classification decisions. Though easy to integrate, there 

were serious issues with such systems in terms of being 

unadaptable and not having any nonlinear relationships in 

finance and demographic variables. Consequently, loan 

rejections and losses in personalization were high in such 

systems, as were their explanations for decisions and 

adaptability in terms of emerging market patterns and consumer 

behavior trends [8]. Owing to the development of machine 

learning, various models for predictions like logistic regression 

models, decision tree models, support vector machine models, 

and random forest models were successfully employed in credit 

score modeling and loan default prediction models [9]. These 

models were employed to obtain a better prediction result with 

the aid of learning from historical financial data with several 

complex patterns being discovered.  

Although most models were designed for a single learning task, 

different models for a different task on loan default prediction or 

credit score modeling were designed at varying levels with a 

little sharing across different systems for optimization. Also, 

default values for several models were employed without much 

validation on hyperparameters [10]. Recent studies have 

explored different techniques that utilized ensemble learning 

concepts such as Gradient Boosting and Extreme Gradient 

Boosting in hopes of increasing the precision of predictions in 

financial-related tasks. Moreover, it has actually been found that 

the ensemble methods were the most effective in combining 

different learners in order to remove variance and bias [11]. 

However, the interaction of the user and explainability were 

traditionally ignored in most of the current ensemble learning 

systems in place. The binary output of the decisions made did 

not give a clear indication of the reasons behind the answer in 

most situations. Moreover, the security/authentication process 

remained as the peripheral part of the decision-making process 

and did not act as a integral part of the framework. Customer 

segmentation and fraud detection represent other areas where 

research focused on these topics alone is considerable.  

Customer clustering using k-means clustering algorithms and 

hierarchical methods was employed for segmenting customers 

along outputs for spending patterns and income categories, while 

classification algorithms like Random Forests performed 

efficiently for identifying fraudulent transactions. Notably, these 

two features found little application as integrated systems in 

financial solutions. Customer segmentation findings found little 

application in loan or insurance qualifications [12]. Similarly, 

the fraud detection system remained disconnected with customer 

profiling and risk assessment solutions. As opposed to the 

existing ways, the proposed work presents an integrated 

authentication, data management, ensemble predictive 

modeling, customer segmentation, fraud detection, explainable 

analytics, and conversational interaction in a single agentic AI-

driven framework. Unlike past works, independent ensemble 

models are developed for each loan and insurance product, 

following systematic hyper-parameter tuning and cross-

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 04 , April - 2026

IJERTV15IS041278 Page 2

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



validation, in order to ensure robustness [13]. Agent-based 

orchestration effectively supports coordination of decision-

making among the diverse set of different models, while 

hierarchical clustering enhances personalization of customers. 

The proposed system thus combines high prediction accuracy 

with transparency, security, and real-time user interaction, 

effectively addressing the limitations and challenges exhibited 

by previous financial decision support solutions. 

III. DATA COLLECTION & PREPROCESSING 

The principal data used in the research is a synthetic and publicly 

curated financial dataset, which tries to simulate actual banking 

and insurance customer applicant profiles. It includes complete 

demographics, financial, health, and credit-related attributes 

collected from simulated user transactions, historical loan and 

insurance applications, and behavior spending data [14]. It 

consists of approximately 30,000 unique records, where each 

record is representative of a single applicant. Features include 

name, age, gender, employment type, annual income, co-

applicant income, credit score, credit history, loan amount, loan 

duration, existing loans, hereditary health conditions, blood 

pressure, smoking habits, exercise routines, marital status, 

education level, property status, and language preference. 

Transactional features are included to support fraud detection 

analysis, while aggregated attributes are used for customer 

segmentation [15]. The dataset has been deliberately created to 

be very diverse and represents a wide span of income levels, 

credit scores, and financial behaviors so that generalization 

across multiple financial products and scenarios can be readily 

performed. The dataset offers labels concerning loans and 

insurance for supervised learning tasks. The loan labels comprise 

home loans, personal loans, and loans from banks. The other 

labels comprise health insurance and vehicle insurance.  

The fraud labels concern transaction data in which 'fraud' and 

'normal' labels depend on the irregularities of transactions in 

relation to fraud. The labels have also been validated for 

consistency to make sure that none of them are biased. The 

dataset further entails customer spending behavior, which will 

be used for hierarchical clustering for segmenting customer 

behavior into four segments. There is the use of multiple labels 

to make sure that multiple models are created for each task while 

maintaining consistency in the feature space [16]. The 

preprocessing step consisted of cleaning and validation of data 

in order to ensure that the data was clean enough to apply to the 

modeling of credit data. The tasks needed special handling of 

missing values using features such as credit scores, yearly 

income, and loan features by imputation with the use of medians, 

contrary to the imputation using modes for employment, marital 

status, and property types. The concepts in handling outliers in 

data removal included concepts such as interquartile range for 

data on income and loans. Special handling of the data included 

concepts such as duplication for transactions in fraud cases, 

including text data such as name and language of preference. 

Feature engineering and encoding were critical in the process of 

data preparation to apply in the ensemble learning models [17]. 

Categorical variables such as gender, marital status, employment 

status, level of education, ownership of property, and inherited 

diseases required one-hot encoding.  

Variables credit history and credit scores required normalization 

because there were specific boundaries established in credit 

scores and credit history variables. Numerical variables 

including income, loan amount, existing loan details, and age 

required normalization of the data through the application of 

min-max normalization techniques to ensure homogeneity in the 

model [18]. Interactive variables were established in major 

features loan amount and annual income, or co-applicant income 

and total family income, which was a major aspect of the model 

development process. Data preparation and processing also 

incorporated the design of summary variables of the transactions 

including mean of transactions, max transactions in one 

transaction, and high transactions in the period. The reasoning 

for selecting the dataset relies on its completeness, diversity of 

attributes, and capability to capture real-world financial banking 

scenarios [19]. It encompasses a very wide coverage of 

complexity related to financial decision-making tasks, for 

example, socio-demographic attributes, credit behaviors, health 

attributes, and spending patterns. Selecting the dataset is 

appropriate for simultaneous construction of predictive models 

for loan predictions, insurance risk models, and fraud detection 

analytical requirements with its complete understanding using 

attributes for data analysis. It is sufficient in sample size with a 

30,000 sample dataset but suitable for computations related to 

ensemble learning for cross-validation tasks [20]. It is good for 

its ability to capture real-world representations for customer 

segmentation analysis and fraud detection system development 

with spending patterns attributes. 

IV. PROPOSED METHODOLOGY. 

The proposed system is an agentive AI-based financial decision 

support system that will be used to integrate the user 

authentication activity, loan or insurance eligibility prediction, 

identification of fraud, and customer segmentation (as shown in 

Fig.1). System design guides the approach of the end-to-end 

pipeline, from data acquisition during user registration through 

the preprocessing, feature extraction, model prediction, and 

recommendation phases. The acquisition of the user's data, 

including demographic data, financial data, health information, 

and transaction data, safely ensues within an SQLite database 

[21]. Multi-factor authentications are incorporated for secure 

access before any predictions or analytics are conducted. 

Transparency in interpretability is guaranteed to each result to 

be revealed to the final user, real time in decisions. 

 

 
 

Fig.1 Proposed Methodology 
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For loan and insurance predictions, different ensemble methods 

are trained for different products considering differences in 

eligibility criteria. The ensemble learning algorithms used for 

these tasks are Random Forest, Gradient Boosting, Extreme 

Gradient Boosting, and logistic Regression, and for optimizing 

these methods, grid search is performed [22]. For example, for 

Random Forest, optimization is performed for the number of 

trees denoted as 𝑛𝑡𝑟𝑒𝑒𝑠  and max depth denoted as 𝑑𝑚𝑎𝑥 , and 

for a given input feature vector 𝑥, it predicts as follows: 

 

𝑦̂𝑅𝐹 =
1

𝑁
∑ 𝑇𝑖(𝑥)

𝑁

𝑖=1

       (1) 

𝑇𝑖(𝑥) is the output function of the 𝑖𝑡ℎ decision tree, and 𝑁 is the 

number of trees (Equation.1). This method not only helps to 

reduce the variance and address the problem of overfitting, 

resulting in more accurate eligibility prediction, especially in 

financial data that is usually heterogeneous, but its extension, 

that is, the gradient boost and extreme gradient boost model, 

helps to combine multiple weak learners to better match the loss 

function 𝐿  [23]. The update equation for the boost during 

iteration m is given by: 

 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜂. ℎ𝑚(𝑥)       (2) 

 

where 𝐹𝑚−1(𝑥) denotes the prior ensemble prediction, 

ℎ𝑚(𝑥) is the newly trained weak learner on residuals, and 𝜂 

denotes the learning rate (Equation.2). The system works by 

iteratively minimizing the residuals. It attains high accuracy: 

96.2% to 97.8% for loan eligibility models and between 97.1% 

and 98.1% for insurance models across various product types. 

The Logistic Regression [24] acts as a complement for the 

ensembles of models and provides interpretable coefficients, 

which helped the end-users understand what factors contributed 

most in determining the eligibility. The fraud detection module 

will utilize the Random Forest classifier trained on transactional 

features like average transaction amount, maximum single 

transaction, frequency of high-value transactions, and historical 

patterns. The classification rule would also be similar to the 

ensemble prediction equation above. With an accuracy of 

98.6%, the model is sure to provide reliable detection of 

fraudulent transactions. Feature importance metrics [25] are 

extracted from the model, which give explainable insight into 

reasons some transactions may be selected as fraudulent, hence 

supporting regulatory compliance and improving user trust in 

the service. 

 

Customer segmentation is then carried out by Hierarchical 

clustering on normalized financial and behavioral features of 

customers comprising their income, spending habits, loan 

liabilities, credit history, etc. It helps measure the similarity 

between two customers, 𝑖 and 𝑗, through the use of a Euclidean 

distance metric given by 

 

𝑑𝑖,𝑗 = √∑(𝑥𝑖,𝑘 − 𝑥𝑗,𝑘)2

𝑝

𝑘=1

          (3) 

 

where 𝑝  denotes the number of features, and 𝑥𝑖,𝑘  is the 𝑘𝑡ℎ 

feature of the 𝑖𝑡ℎ customer (Equation.4). The dendrogram-

based clustering will provide us with four distinct classes of 

customers: A, B, C, and D. These denote: early-career 

individuals, established professionals, high earners, and people 

with low spending power. This would facilitate segmentation-

based, personalized recommendations and risk assessments 

regarding their eligibility for a loan or insurance. For the 

evaluation and optimization of models, five-fold cross-

validation is performed for all prediction models, thereby 

ensuring the accuracy, precision, recall, and F1 value are 

accurate. The hyperparameter optimization technique utilized is 

a grid search over the following ranges: 𝑛𝑡𝑟𝑒𝑒𝑠 𝜖 [50,200] , 
𝑑𝑚𝑎𝑥 𝜖 [5,20] , the rate of learning 𝜂 𝜖 [0.01,0.1] , and the 

maximum number of features for 𝑓𝑚𝑎𝑥 𝜖 [√𝑝, 𝑝]. 

 

What’s novel about this approach is that it combines several 

different predictive models, agent-based control, fraud analysis, 

hierarchical methods of customer segregation, and explainable 

analysis in one comprehensive system. This approach to solving 

the problem goes further than the ones that have been discussed 

so far because, in this system, decisions can be made in real time 

and because it also offers secure modes of authentication, which 

would make this system applicable in a banking and insurance 

context online. The factors that make this system 

comprehensive and intelligent include ensemble analysis, 

hierarchical clustering, fraud analysis, and conversational 

analysis. At last, the whole system workflow can be formulated 

mathematically to be a function that takes the user feature vector 

𝑋, transaction history 𝑇, and predicts eligibility 𝑌, fraud risk 𝐹, 

and customer segment 𝐶: 

 
(𝑌, 𝐹, 𝐶) = 𝑆(𝑋, 𝑇; 𝛩)           (5) 

 

where 𝑆 symbolizes the integrated system and 𝛩 represents the 

set of all learned parameters, model weights, and ensemble 

boost coefficients/cluster centers (Equation.5). This form 

underscores the complete analytical and predictive capability of 

the integrated system described above from secure data 

gathering through informed financial analysis. 

V. IMPLEMENTATION 

To begin with, the financial decision support system that would 

be put forth would employ an ensemble machine learning 

algorithm for all loan and insurance products. For the detection 

of loan fraud, a Random Forest classifier would be employed. 

Hierarchical clustering would be employed for customer 

segmentation [26]. Python would be employed for the entire 

pipeline of the system due to its popularity and popular libraries 

scikit-learn for generic data and algorithm development and 

XGBoost for dealing with higher-order interaction features. 

Each of the ensemble models would be trained on features that 

would be preprocessed based on the registrational data as well 

as the transactional histories. To avoid any discrepancies in 

reproducibility, random seeds would be set for all models. In 

particular, for machine learning models, there would be 

structured numeracy and category data. The categories would 

be one-hot encoded. Additionally, there would be normalization 

for ordinal features on a standard scale. Another aspect would 

include the development of interaction between features, which 
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would include loan-to-income-year ratios for example, which 

would boost predictive performances [27]. Each of the machine 

learning models would need to ensure that there would be 

generalization performance on novel data, which would be 

tested with five-fold cross-validation.  

 

For the Random Forest models employed in loan and insurance 

eligibility assessment, critical hyperparameter values involving 

the number of trees (𝑛𝑡𝑟𝑒𝑒𝑠) and the maximum depth of the trees 

(𝑑𝑚𝑎𝑥) and minimum number of samples per leaf node (𝑠𝑚𝑖𝑛) 

were adjusted. In this regard, a grid search was conducted for 

𝑛𝑡𝑟𝑒𝑒𝑠 𝜖 [50,200], 𝑑𝑚𝑎𝑥 𝜖 [5,20], and 𝑠𝑚𝑖𝑛 𝜖 [1,5]. Finally, for 

the Random Forest classification algorithm employed in 

assessing loan-related fraud, 𝑛𝑡𝑟𝑒𝑒𝑠 = 150  and 𝑑𝑚𝑎𝑥 = 15 

were used for balancing accuracy and computational 

complexity. These yielded 98.6% accuracy. For feature 

importance assessment, values were derived for the forests for 

explaining the prediction mechanism in loan and insurance 

eligibility [28]. Gradient Boosting Models and Extreme 

Gradient Boosting Models were also used for making 

predictions related to loans and insurance. For models, 

parameters such as the learning rate ( 𝜂 ), the number of 

estimators (𝑛𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠), and the maximum depth of the tree 

(𝑑𝑚𝑎𝑥) were also used through the process of Grid Search.  

 

Learning rates were varied between 0.01 and 0.1, which defined 

the power or the strength of the weak learner model used within 

the process of boosting. The values were used between 100 and 

300, defining the amount learned from the model and avoiding 

overfitting. The values were used between 4 and 10, defining 

the generalizability level within the model. Cross-validation 

was conducted using parameters related to determining the 

highest accuracy and lowest loss within the validation process 

[29]. For logistic regression models used as interpretable 

predictors in loan and insurance decisions, tuning mostly 

focused on the strength of regularization through 𝐶 and its type 

via L1 or L2. Performs grid search over 𝐶 𝜖 [0.01,0.1,1,10] , 
and L2 regularization was decided as optimal to balance bias 

variance. Logistic Regression also provided feature coefficients 

that contributed to explainable insights for each applicant's 

eligibility decision. Thus, combining Logistic Regression with 

ensemble models allowed the system to use both interpretability 

and high predictive accuracy as added value, especially 

important for regulatory compliance and user trust in financial 

applications. Customer segmentation by the hierarchical 

clustering model required tuning of distance metric and linkage 

method. The reason for choosing Euclidean distance is that it is 

simple and interpretable in multi-dimensional financial feature 

space. Among different single, complete, and average linkage, 

average linkage was giving most balanced and well-separated 

clusters.  

 

The number of clusters was chosen based on dendrogram 

analysis and financial relevance; hence, four major segments of 

customers were obtained: A, B, C, and D. This segmentation 

was verified on key features like income, spending patterns, 

credit score, etc., so that each cluster corresponded to a 

meaningful behavioral class. With proper tuning, this kind of 

segmentation will definitely help in offering personalized 

recommendations of loans and insurance. Lastly, conditions 

related to batch size and optimizers were generalized for 

application to other models involving iterative learning, 

specifically gradient boosting. Mini-batch sizes were set fixed 

at either 32 or 64 for computing the gradient, then a learning 

rate scheduler was applied for dynamic adjustment for 𝜂 , 

preventing overshooting for minima [30]. Early stopping with a 

patience value set to 20 iterations was applied for preventing 

overfitting. Lastly, for Random Forest, as well as for Logistic 

Regression, for instance, 'lbfgs' or 'saga' solvers, which 

specifically stand for iterative solvers, were applied depending 

upon the number of features. In total, through a careful grid 

search, along with cross-validation, early stopping, along with 

optimization for hyperparameters, a robust basis for an agentic 

AI-based DSS has been established, given that all classifiers 

have an extremely high accuracy. 

VI. RESULTS 

This agentic framework of AI models was tested thoroughly in 

different financial predicting problems, which include home 

loan, personal loan, bank loan, health insurance 

recommendation, vehicle insurance recommendation, and fraud 

analysis problems. These models were designed based on the 

synergy of both Random Forest and Gradient Boosting 

techniques, using grid-search parameter tuning, and based on 

the combined results of five-fold-cross validation to make sure 

that the results are generalizable. The accuracy, precision, 

recall, and F1 scores of the home loan model, in particular, were 

seen to be 97.2%, 96.8%, 97%, and 96.9%, respectively (as 

shown in Fig.2 & 3). These can be credited to appropriate and 

wise feature engineering, which included loan income ratio and 

co-applicant's income, and receiving further benefits due to the 

synergy of the other models that will also be presented shortly 

(as shown in Table.1). Without using hyperparameter searching 

in the Random Forest models, only maximum accuracy levels 

of 94.5% could be reached. In case of the prediction problem 

concerning the eligibility for a personal loan, the Extreme 

Gradient Boosting ensemble algorithm was used in conjunction 

with the Logistic Regression algorithm to make interpretation 

simpler. The accuracy attained was 96.8%, and the precision, 

recall, and F1-score values were 96.5%, 96.7%, and 96.6%, 

respectively.  

 

Task  
Existing 

Methods 

Accurac

y (%) 

Proposed 

Methods 

Accurac

y (%) 

Home Loan 

Eligibility 

Random 

Forest 

(untuned), 

Logistic 

Regression 

94.5 

Random 

Forest + 

Gradient 

Boosting 

(tuned, 

CV) 

97.2 

Personal Loan 

Eligibility 

Gradient 

Boosting, 

Logistic 

Regression 

93–95 

Extreme 

Gradient 

Boosting 

+ Logistic 

Regressio

n 

96.8 

Bank Loan 

Eligibility 

Random 

Forest 

(default) 

94.0 

Random 

Forest + 

Gradient 

97.8 
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Task  
Existing 

Methods 

Accurac

y (%) 

Proposed 

Methods 

Accurac

y (%) 

Boosting 

(tuned) 

Health 

Insurance 

Eligibility 

Gradient 

Boosting, 

Decision 

Tree 

94–95 

Extreme 

Gradient 

Boosting 

(tuned, 

CV) 

98.1 

Vehicle 

Insurance 

Recommendatio

n 

Random 

Forest, 

Logistic 

Regression 

94–95 

Gradient 

Boosting 

+ Random 

Forest 

(tuned) 

97.6 

Fraud Detection 

Logistic 

Regression

, Decision 

Tree 

94–95 

Random 

Forest 

(tuned, 

CV) 

98.6 

 

Table.1 Performance and Methodological Comparison 

Between Existing Financial Prediction Models and the 

Proposed Agentic AI Framework 

 

Fig.2 Accuracy of Loan, Insurance, and Fraud Detection 

Models 

 

Since the result was in terms of the Logistic Regression 

coefficient, interpretation was possible, and the factors that 

contributed to that result were credit ratings, the availability of 

the loan already availed, and the total income. In comparison to 

93% to 95%, the accuracy attained by the baseline algorithm 

further emphasized the efficiency of the ensemble algorithm. 

The cross-validation approach helped in maintaining low 

variance between the test and train data in relation to the 

standard deviation of 0.7%. To determine bank loan 

qualifications, the accuracy of 97.8%, precision of 97.5%, recall 

of 97.6%, and F1 score of 97.5% was attained by combining the 

Random Forest algorithm and Gradient Boosting. It should be 

noted that the algorithm was able to perform better on the cases 

that were in the vicinity of the boundaries for credit score and 

debt-to-equity ratio. In addition, the feature importance test 

revealed that credit and existing loan types were the most 

important features. On comparing the algorithm with the 

baseline algorithm of Logistic Regression and the Random 

Forest algorithm without hyperparameter adjustment, there was 

a 3-4% relative improvement in accuracy and F1 score in 

determining bank loan qualifications (as shown in Fig.4). 

Health insurance eligibility prediction utilized Extreme 

Gradient Boosting with a five-fold cross-validation method 

with an accuracy of 98.1%, precision of 97.9%, recall of 98%, 

and F1-score of 97.95%.  

 

 

Fig.3 Precision, Recall, and F1 Score for All Models 

 

 

Fig.4 Effect of Number of Trees on Home Loan Model 

Accuracy 

 

Likewise, car insurance recommendation tasks with ensemble 

methods using Gradient Boosting and Random Forest attained 

an accuracy of 97.6%, precision of 97.4%, recall of 97.5%, and 

an F1-score of 97.45%. The Insurance recommendation tasks 

were dependent on customer age, work nature, hereditary 

diseases, and property location variables. The baseline model 

without interactions and optimized parameters maintained 

accuracy values of 94-95%, thereby confirming that a 

systematic preprocessing approach and optimized ensemble 

model really make a profound difference in insurance 

recommendation tasks. Feature visualizations gave way to 

influential factors for health insurance eligibility prediction as 

well, leading to better interpretability and trustability of the 

system as a whole. Accuracy, precision, recall, and F1-score for 

the Random Forest classifier were determined for fraud 

transaction prediction based on transacted variables such as 

average transacted value, a number of transactions for high 

value, and the like. The accuracy, precision, recall, and F1-

score, at 98.6%, 98.3%, 98.7%, and 98.5% respectively, are 

found to perform efficiently well than the baselines by at least 

4-5% in accuracy.  
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Fig.5 Feature Importance for Fraud Detection Model 

 

Based on this result, the analysis of the features shows that the 

two most leading features are the number of single high 

transactions and the sudden rise in the transacted number (as 

shown in Fig.5). The application of the classifier on various sets 

of datasets by cross-validation features has guaranteed that the 

system is capable of detecting the fraud cases correctly with the 

minimum number of misfire situations, which is highly 

beneficial in real-time financial areas. From the results 

obtained, it is clear that, out of all models compared, the agentic 

AI model stands way above the conventional single-task model 

and the non-calibrated model in all financial decision-making 

applications. The strengths of this model lie in its high accuracy 

and interpretability, multitask handling under one model, and 

direct interfacing with the user in real time through the agent 

orchestration layer. The weaknesses of the model lie in the 

complexity caused to the end-user because of several models, 

along with an urgent need for continuous retraining whenever 

changes take place in the end-users financial behavior. Model 

comparison done using cross-validation implied that 

hyperparameter calibration, feature extraction, and cross-

validation were able to boost F1 scores and overall model 

performance. The hierarchical clustering-based customer 

segmentation and the fraud detection feature played the most 

important role in boosting personalization and offering an 

added security feature to the current state-of-the-art model, 

respectively. These results collectively validate its real-world 

applicability to support intelligent, explainable, and secure 

financial decision-making. 

CONCLUSION 

The agentic AI financial decision support system shows a great 

improvement over the current solutions in that it encompasses 

secure user login authentication, loan and insurance ensemble 

predictive models, fraud analysis, hierarchical customer 

segmentation analysis, and real-time explainable analytics in 

one setting. It also boasts high predictivity, and its accuracy and 

F1 scores were recorded to be between 96.8% and 98.6% and 

96.6% and 98.5%, respectively, which beats traditional models 

by 3% to 5%. Some of its shortcomings include computational 

intensity owing to the number of ensemble models and the need 

to retrain models regularly to analyze constantly changing 

financial behaviors. It may be worth pursuing in further 

developments that include the incorporation of deep temporal 

models in transactions, multilingual functions to increase 

accessibility, risk-adjusted recommendations, and the 

utilization of explainable AI technology to increase bank and 

insurance firm compliance. 
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