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Financial solutions are getting to ever increasing demands and requirements for 
using a transparent data-driven approach to assess behavioral risk from complex 
financial customer data. This study presents an explainable machine learning model 
based on demographic, financial and transactional data, applied to explaining how to 
identify engineered behavioral risk states. Processing the models like Logistic 
Regression, Random Forest and XGBoost are evaluated on an 80:20 stratified train-
test split and by five folds of test set cross-validation, and the model is interpreted 
using SHAP. Logistic regression had the best test accuracy at 79.55% and the mean 
and cross-validation accuracy is at 80.01%. The results show similar model 
performance and underline the importance of explainability for uncovering salient 
financial risks features and for a transparent financial decision-making. 
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I.INTRODUCTION 

Background 

Changing customer behavior can be predicted by advanced data-driven techniques as the Artificial Intelligence in the 

financial services rapidly evolves, allowing organizations to forecast changes in the behaviors of their customers. 

Though, uncertainties, time trends, as well as explainability in behavioral risk states are usually not considered in the 

traditional predictive models [1]. This study suggests a comprehensible explainable machine learning framework to 

capture behavioral processes, create a better forecast of risk and assist in making transparent financial decisions. 

 

Fig. 1. Applications of Explainable AI in Behavioral Risk Assessment within Financial Services 
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Problem statement 

Financial risk prediction models used today are good at making predictions about customer behaviors, however, 

many models lack transparency of the financial factors used in the prediction [2]. This makes it difficult to be 

interpreted, making good decisions and to receive personal financial support. Thus, an explainable machine learning 

(XAI) approach is required to ostensibly analyze predictive models and identify influential behavioral risk factors in 

a reliable way across the board. 

Research Aim and Objectives 

Aim 

The research aims to create an explainable machine learning model to classify the financial risk of behavior according 

to customers' demographic, economic and transactional characteristics. 

Objectives 

● To develop and evaluate machine learning models to identify customers' behavioral risk considering the 

demographic, financial and transactional characteristics. 

● To integrate explainable AI methods to enhance the transparency, fairness and interpretability of the 

financial risk’s forecasts. 

● To evaluate effectiveness of the framework in supporting the adaptive financial decision-making and 

personalized customer strategies. 

Novel Contribution 

The study presents a new explicable AI model, which combines behavioral risk modelling in time, predictive 

performance assessment, and risk prediction of behavior in the financial services field [3]. In comparison to the 

traditional predictive methods, the framework integrates probabilistic learning and explainable processes to 

recognize financial behavioral patterns, increase the transparency of decisions, and implement adaptive financial 

plans and solve the issues of fairness, reliability and interpretability of the models. 

II.RELATED WORK 

Machine Learning Approaches for Behavioral Risk Prediction in Financial Services 

 

Fig. 2. Uncertainty-Aware behavioral pattern Transformer for Probabilistic Interval Modeling 

Recent works show that probabilistic AI solutions have exceptional benefits in the modelling of uncertain and 

dynamic behavior transitions in contrast to legacy approaches of using statistical classification [4]. In predicting 

retirement timing, changes in income, mobility of employment and financial behavior of a customer, increased use 

of Bayesian models, survival analysis, as well as behavioral pattern machine learning methods have been observed 

[5]. These methods are able to effectively represent time-varying risks and uncertainty, however most of the existing 

models are still domain-based and cannot generalize across the various happenings in the financial life [6]. In 

addition, traditional predictive control systems tend to optimize the control quality indicators and have little insight 
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on the transition process [7]. Hence the necessity to have integrated probabilistic schemes that would be able to 

achieve a combination of behavioral patterns, time-based links and uncertainty estimates [8]. 

Explainable Artificial Intelligence for Transparent and Fair Behavioral Risk Assessment 

 

Fig. 3. Explainable AI: Transparent Decisions for AI Agents 

The growing usage of AI-based financial forecasts has put pressure on the need to be explainable, fair, and 

accountable [9]. Prior studies identify explainable methods of AI, including SHAP, LIME, and interpretable machine 

learning models that enhance insights into complex outcomes of predictive models and assist decision making 

responsibility [10]. Nonetheless, many contemporary strategies tend to emphasize the description of model outputs, 

however neglect even greater issues, connected to fairness, bias avoidance, and evolving customer conditions [11]. 

Though explainability increases user confidence, not a lot of research has done an exhaustive analysis of whether the 

elucidation actually assists financial experts in making ethical choices [12]. The next generation models should, 

therefore, include explainability as part of the models and not as a separate interpretation level [13]. 

AI-Driven Decision Intelligence for Adaptive Financial Services and Personalized Customer 

Strategies 

 

Fig. 4. Unlocking Business Value: Integrating AI-Driven Decision-Making in Financial Reporting 

Systems 
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Financial services have been revolutionized through AI-driven decision intelligence as it supports the personalization 

and recommendations of customers, automated risk analysis, and pro-active interactions with them [14]. The existing 

literature shows that predictive analytics can be used to enhance product targeting, retaining customers, and financial 

planning [15]. However, most implementations are based on past behavioral trends and cannot easily align to sudden 

life transition during a life stage or changes in economy [16]. Moreover, less research has been done on how model 

predictions can be translated into practical or action advice and still have customer fairness and compliance with 

regulations [17]. This shows a dire need to have adaptive AI frameworks built that bridge transition prediction, 

behavior risk assessment and personalized financial decision support [18]. In general, the available studies are useful 

bases yet lack a single understandable probabilistic structure which deals with uncertainty, environmental changes 

with time, and accountable financial acumen [19]. 

Empirical Models Comparison 

In order to compare these three supervised classification techniques with varying modelling properties [20] an 

empirical framework is presented. Logistic Regression offers a linear baseline to deal with results which is easy to 

interpret, while Random Forest entails an ensemble of decision trees to accommodate nonlinear interactions [21]. 

The idea of using sequential boosting to enhance classification performance is introduced with XGBoost [22]. SHAP 

provides a complementary approach to these predictive models, by measuring the contribution of a feature in the 

model and by helping to interpret the behavior-risk predictions in a way that presumes trust [23]. The benefit of 

SHAP is that it quantifies the contribution using a feature in the model and is geared toward helping interpret 

behaviour-risk predictions in the style of trust.

Table 1. Comparative Characteristics Of Methods Implemented For Behavioural Risk Classification 

Method Core Principle Role in 
Current 
Study 

Strength Limitation Implement
ation 

Logistic 
Regressi
on 

P(Y=k∣X)  Baseline 
classification 

Interpretable and 
computationally 
efficient 

Limited 
nonlinear 
modelling 

Implemented 

Random 
Forest 

Y^=Mode(T1,…,Tn)  Ensemble 
risk 
classification 

Captures 
nonlinear 
relationships 

Reduced 
inherent 
interpretability 

Implemented 

XGBoost Y^=∑m=1Mfm(X)  Boosted risk 
classification 

Strong complex-
pattern modelling 

Requires 
parameter 
tuning 

Implemented 

SHAP f(x)=E[f(x)]+∑iϕi  Post-hoc 
model 
explanation 

Feature-level 
interpretability 

Additional 
computational 
cost 

Implemented 

Literature Gap 

The existing literature indicates that AI-based predictive models have been successful with regard to financial services 

[24]. Nevertheless, there are large gaps in how behavioral risk modelling, predictive performance assessment and 

explainability can be integrated into one model [25]. Modern methods typically do not have adaptive behavioral risk 

assessment, cross domain applicability and decision support with fairness [26]. Thus, a probabilistic AI platform that 

may be explained is needed to overcome these drawbacks [27]. 
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III.RESEARCH METHODOLOGY 

Research Design and Dataset Description 

This research study incorporates a quantitative research design of machine learning, in order to come up with the 

explainable machine learning framework of predicting behavioral risks in the financial services [28]. The India 

Customer Financial Profiles and Transactions Data is used from Kaggle, which contains 20,000 customer records 

containing 21 attributes. The data consists of the demographical data (age, gender), financial data (income, debt, 

credit score, credit cards) and transactional data (amount, date of transaction, merchant details). These 

characteristics can aid in the modelling of latent transitions in life-events in terms of observable financial behaviors. 

Data Preprocessing and Feature Engineering 

The dataset has firstly been checked against data quality, missing data and consistency of the features [29]. Extraction 

of transaction year, month, quarter is performed in order to make behavioral pattern attributes to capture behavioral 

changes over time [30]. Other financial indicators are developed such as debt-income ratio, spending-income ratio, 

credit risk index, financial capacity and transaction activity [31]. 

Debt-income ratio of the company is computed as: 

DIR =
TD

YI + ϵ
  

DIR being debt income ratio, TD total debt, YI is annual income and ε is a small constant to ensure that the result is 

not divided by zero. 

The intensity of the spending is computed to be: 

SI =  
TA 

YI + ϵ
 

SI is used to denote the intensity of spending and TA has been used to denote the amount of transaction. 

Behavioral Risk Classification 

The continuous behavioral risk score, if retained descriptively is converted into three behavioral risk types which are: 

Low Risk, Medium Risk and High risks using percentile classification [32]. This method guaranteed a balanced 

proportion of classes represented, and allowed a multiclass prediction of the transitions in financial behavior [33]. 

Machine Learning Model Development 

Three supervised machine learning models are implemented and examined: 

Logistic Regression: This is a default probabilistic classifier that is used as a baseline to determine any linear 

relationship between financial indicators and risk states of behavior [34]. 

P(Y) =  
1

1 + e−z
 

P(Y) is predicted probability is used where z is the weighted feature combination. 

Random Forest: It applies to nonlinear relationships for Multiple decision trees are used to capture a relationship: 

Ŷ = Mode(T1, T2, . . . , Tn)  

Where Tₙ is the decision trees of individuals and Ŷ indicates final classification output [35]. 

XGBoost: The XGBoost is an advanced gradient boosting model, which is implemented: 

Fm(x) = Fm − 1(x) + ηhm(x)  

Fₘ(x) is the new model,  η denotes learning rate, hₘ(x) is the new weak learner. 
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Model Evaluation and Explainability 

Accuracy, recall and F1-score are used to evaluate the models: 

TP, TN, FP and FN are the true positive, true negative, false positive and false negative classifications. 

Lastly, SHAP (SHapley Additive explanations) is used to explain the value of features and which ones are the most 

important risk drivers of behavior. This has increased transparency through clarifying the way financial indicators 

contributed to model decisions and enabled financial decision-making in a responsible approach to AI. 

Architecture Diagram 

 

Fig. 5. Architecture Diagram 

The architecture is used to depict a systematic architecture that unites financial data processing, feature engineering, 

machine learning modelling, explainability mechanism and decision-support layers to forecast behavioral risk states, 

and behavioral risk. 

Flowchart 

 

Fig. 6. Flowchart Diagram 
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The flowchart presents the stepwise action of the proposed framework development, feature engineering, predictive 

modelling, machine learning evaluation and SHAP explainability, behavioral risk prediction and financial decision-

support generation developments. 

Pseudocode 

 

Fig. 7. Pseudocode 



Journal of Information Systems Engineering and Management 
2021, 6(3) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 
 

 

 

 8 
Copyright © 2021 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

The proposed AI structure workflow is described using the pseudocode, combining the data preprocessing with 

probabilistic behavioral risk modelling with machine learning prediction together with SHAP-based explainability 

and risk classification with continuous monitoring of financial behavioral risk assessment. 

IV.RESULT AND DISCUSSION 

 

Fig.8. Dataset Head – Customer Financial Profiles and Transaction Records 

The preview of the set of data includes five sample observations of 20, 000 customer records that include 21 

attributes. It shows demographic, financial and transactional features such as age, income, debt, credit score, 

transaction amount, and merchant detail validating the compatibility of the dataset to the behavioral risk modelling. 

 

Fig. 9. Dataset Shape – Overall Data Structure 

The sample size contains 20,000 customer transactions and a feature count of 21 features are an indication that there 

is enough data to be used in the machine learning experiment. The high number in the sample allows to rely on 

behavioral risk modelling, and the variety of variables allows incorporating demographic, financial, and transactional 

variables. 
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Fig. 10. Dataset Information – Feature Types and Data Completeness 

There is 11 numerical and 9 categorical features with a single floating-point feature in the dataset and 20,000 records 

are complete. Lacking missing values would enhance the reliability of the data and would also minimize data 

preprocessing complexity, prior to the application of probabilistic AI and machine learning models. 

 

Fig. 11. Missing Value Analysis – Data Quality Assessment 
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The evaluation of missing value proves that there are no missing observations, even the zero in all 21 attributes of 

20,000 records. This shows good quality of datasets and the behavior transition generation as well as predictive 

modelling processes would not be defied by missing data. 

 

Fig. 12. Summary Statistics – Numerical Feature Distribution 

The statistical summary reveals the average age of customers is 44.21 years, the average annual income is around 

734,813, annual debt is around 134,538 and the average credit score is at 702.98 years. These dissimilarities exhibit 

various financial situations that are applicable to categorization of behavioral risk. 

 

Fig. 13: Train-Test Split, Hyperparameters, and Cross-Validation Performance 
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The number of observations in the figure includes 16,000 for training and 4,000 for testing. There are mean 

accuracies of 0.8001, 0.7938 and 0.7956 and test accuracies of 0.7955, 0.7857 and 0.7887 respectively with five-fold 

validation indicating the stability of model comparison for all the evaluated methods. 

 

Fig. 14. Customer Age Distribution Analysis 

The age structure suggests that the customer age is between 19-70 years relatively even distribution of representatives 

of all life stages. The median age of about 44 years indicates that there are varied customers with early career, mature 

and pre-retirement customers to behavioral risk modelling. 

 

Fig. 15. Yearly Income Distribution Analysis 

The right-skewed distribution of income illustrates that the financial profile of the company has the majority of the 

customers as low incomes below around 1 million, and those whose incomes are higher than that extend to 3 million. 

Such a variation is conducive to traditions of modelling the heterogeneous financial abilities and income related 

transitions in behavior. 

 

Fig. 16. Customer Credit Score Distribution Analysis 
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The credit score distribution illustrates the number of between 420 and 900 credit scores and the majority of 

customers are around 650-750. This value of 702.98 suggests that the overall credit behavior is stable, however with 

an acceptable variation in regard to projecting financial risks. 

 

Fig. 17. Transaction Amount Distribution Analysis 

The analysis of transaction depicts amounts between about 100 to 19,806 with irregularities of less than 5,000 

making up the largest percentage chunk of the transactions. The skewed right distribution reflects diverse spending 

behavior which makes it possible to identify risks of abnormal financial and transition of behavior. 

 

Fig. 18. Income and Debt Risk Relationship Analysis 

The scatter plot shows the correlation between the annual income and total debt over the behavioral risk categories. 

The riskier customers are characterized by higher patterns of accumulating debts and low risk groups tend to have 

low debt exposure, which is useful in projecting financial vulnerabilities. 

 

Fig. 19. Behavioral Risk Transition Distribution 
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The classes of behavioral risks that are created show equal levels of representation whereby there are about 6,600 

high, 6,600 low and 6,800 moderate risk customers. This equal distribution enhances fairness of models since the 

algorithms are able to learn all categories of transitions.

TABLE 2. Key Behavioural Risk Predictors 

Rank Feature Impact 

1 Debt-Income Ratio High 

2 Total Debt High 

3 Credit Score Medium 

4 Current Age Medium 

5 Credit Risk Medium 

6 Financial Capacity Low 

 

Fig. 20. Financial Behavior Feature Correlation Analysis 

The correlation table underlines the relations between the financial indicators. Decent positive relationships are 

found between the income-related variables on one hand and debt on the other hand, and credit score exhibits 

negative relationships with risk indicators. The analysis confirms the choice of features in terms of prediction of 

behavioral transition and explainable modelling of AI. 
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Fig. 21. behavioral Risk Class Distribution 

The behavioral transition target has a balanced classification pattern as there are 6, 800 Medium Risk, 6,600 High 

Risk, and 6,600 Low Risk customers. This even allocation competes away model bias to dominating sets of classes 

and facilitates effective multiclass prediction of the transitions of financial behavior. 

 

Fig. 22. Logistic Regression Classification Performance 

The accuracy of the Logistic Regression model is 79.55% and weighted accuracy as well as weighted precision and F1-

score seem to be around 0.80. High Risk classification had the best recall (0.85), and Medium Risk had inferior 

performance (0.70) showing that it was not easy to consider transitional financial states. 

 

Fig. 23. Random Forest Classification Performance 

The accuracy of the Random Forest model was 78.53% and the weighted precision and recall are 0.79. The High-Risk 

customers have a higher recall of 0.85 as compared to the Medium Risk classification of 0.69 recall and it was clear 

that the nonlinear learning was better in terms of providing stability but poor in providing intermediate level 

behavioral changeovers. 
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Fig. 24. XGBoost Classification Performance 

The model, XGBoost, showed an accuracy of 78.88% that has weighted precision, recall and F1 score of approximately 

0.79. It is able to categorically distinguish High Risk customers by 0.84 recall, which indicates that it is able to fairly 

identify the financial vulnerable trends, but the Medium Risk is some way more difficult to identify. 

 

Fig. 25. Comparative Model Performance Evaluation 

According to the comparison table, Logistic Regression has the biggest accuracy (0.7955) then XGBoost (0.7888) and 

Random Forest (0.7852). The near-identical results demonstrate that engineered financial indicators give good 

predictability in both nonlinear and linear modelling techniques. 

 

Fig. 26. Machine Learning Model Accuracy Comparison 
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The accuracy comparison graph shows that the performance of the three models in predicting is similar with the 

range of accuracy being between 78.5% and 79.6%. The Logistic Regression had a minor advantage compared to more 

complex ensemble methods, which is indicative of the fact that there are relatively structured financial behavioral 

transitions with which linear decision boundary relationships can be effectively modelled. 

 

Fig. 27. Performance Metric Comparison Across Models 

The metric comparison is shown to have a balanced predictive behavior with regard to precision, recall and F1-score. 

Logistic Regression had about 0.80 on all metrics, whereas the Random Forest, and XGBoost had about 0.79, which 

validates the ability to perform similar classification without seriously affecting the performance. 

 

Fig. 28. XGBoost Behavioural Risk Classification Confusion Matrix 
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The error rates of the XGBoost confusion matrix indicate correct classification of 1,111, 1,091 and 953 High, Low Risk, 

and Medium Risk customers, respectively. The main misclassification that was experienced was between the Medium 

Risk and other groups, which indicates similar behavioral traits experienced at the financial transition phases. 

 

Fig. 29. Logistic Regression Behavioural Risk Confusion Matrix 

Logistic Regression (LR) correctly classifies 1,128 Low risk, 1,105 Medium risk and 949 High risk. Misclassification 

focuses in High Risk, with 182 cases reclassified as Low, and 229 cases reclassified as Medium, though with a reported 

accuracy of 79.55%. More generally, there seems to be more difficulty distinguishing higher risk behavior patterns. 

 

Fig . 30. Random Forest Behavioural Risk Confusion Matrix 
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Random Forest accurately classifies 1,127 low risk, 1,072 moderate risk, and 944 high risk cases. Random Forest 

correctly classifies 1127 low risk, 1072 moderate risk and 944 high risk cases. It has the lowest test accuracy with 

78.57% (207 labeled Low and 209 labeled Medium) indicating a not as strong discrimination of risk boundaries for 

High Risk. 

 

Fig. 31. Comparative Confusion Matrix Tables Across Models 

The very close match in the tables of classification patterns demonstrate that across all the model’s classification is 

very similar. Logistic regression has 1,128, 1,105 and 949 correctly predicted values whereas Random Forest has 1,127, 

1,072 and 944, respectively. Also, XGBoost has 1111, 1091 and 953 correct predictions with Logistic Regression having 

a slight edge in the overall prediction numbers here. 

 

Fig. 32. Percentile-Based Behavioural Risk Class Construction 
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The figure shows 6,600 Low, 6,800 Medium, and 6,600 High Risk records, representing 33%, 34%, and 33%. The 

class balance set by the percentiles at 0.152100 and 0.235292 indicate that this was done mechanically as opposed to 

naturally within the data distribution. 

 

Fig. 33. Important Predictors of Behavioural Risk Transition 

The analysis of the feature importance shows that, credit score (0.05), debt total (0.14) and the most significant factor 

is the debt-income ratio (about 0.24 importance). These results provide support that financial load and credit stability 

play an important role in determining the behavioral risk transitions. 

 

Fig. 34. SHAP-Based Explainability Analysis of Behavioural Risk Prediction 
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Through the SHAP analysis, it is established that the factors that influence model decisions most as include the debt-

income ratio, credit score, age, and the amount of debt that an individual owes. Debt-income ratio has the best 

contribution of more than 3.5 on average which enhances transparency in predicting behavior risk.

Table 3. Machine Learning Model Performance For Behavioural Risk Prediction 

Model Accuracy Precision Recall F1-Score 

Logistic Regression 79.55% 79.54% 79.55% 79.54% 

Random Forest 78.53% 78.61% 78.53% 78.56% 

XGBoost 78.88% 78.99% 78.88% 78.93% 

DISCUSSION 

The results denote the impact of behavioral indicators of finances can substantially help probabilistic risk behavioral 

risk modelling. The highest accuracy is achieved with the use of Logistic Regression with the result of 79.55% and 

similar predictive power is ensured with the use of ensemble models, which validates the usefulness of relationships 

made by the financial features. The confusion model and SHAP model indicate that the debt-income ratio, total debt, 

credit score, and age-related factors have a significant effect on classification in behavioral risks. Even though 

Medium Risk transitions are more challenging since they have similar financial trends, the framework is effective in 

analyzing the highly risky customers having high recall. These findings confirm the possibilities of explainable AI to 

explain adaptive processes of financial decisions. 

V.CONCLUSION 

Conclusion 

This study has come up with an explainable machine learning model of behavioral risk states, and risk in financial 

services. These findings indicate that the machine learning models are useful in predicting financial risk states with 

behavioral indicators and the Logistic Regression model has an accuracy of 79.55%. The SHAP analysis provided a 

greater amount of transparency of key predictors such as debt-income ratio, credit score, and others, to assist in 

making both responsible and adaptive financial decisions. 

Future Direction 

Future studies may improve the framework to include larger empirical longitudinal financial data, as well as much 

more sophisticated behavioral pattern modeling, like recurrent neural networks and survival analysis. It will need to 

be further developed with dynamic economic factors built-in, incessant behavioral tracking, and unsympathetic AI 

tools. Such enhancements have the potential to improve accuracy of prediction, flexibility and utilization of ethical 

eminence in various applications of financial services. 
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