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Abstract—The rapid growth of digital banking generates 

large volumes of heterogeneous data, creating challenges in 

financial risk assessment, data quality management, 

governance, and timely decision-making. This paper proposes 

an AI-based data engineering approach to integrate banking 

data and enable intelligent financial risk management. It 

seamlessly integrates automated data ingestion, data cleansing, 

quality checks, feature engineering, governance controls, and 

artificial intelligence-based predictive analysis. Data quality 

mechanisms detect missing, inconsistent, duplicate, and 

anomalous records prior to analytical processing, and 

governance components facilitate secure access to data, 

traceability of data usage, and controlled access. Machines are 

used to process the data, detect financial risk patterns, and 

provide predictive insights for bank decisions using machine 

learning techniques. A continuous monitoring mechanism 

assesses the data quality, model performance, and risk changes 

over time. Experimental results demonstrate 98.67% 

classification accuracy and a 98.65% weighted F1-score. The 

framework offers a comprehensive method to integrate data 

from various sources into a coherent and trustworthy risk 

intelligence, empowering financial institutions to boost data 

accuracy, improve risk management governance, maximize risk 

forecasting power, and facilitate timely and informed risk-

rating decisions. 

Keywords—Artificial Intelligence, Financial Risk 

Intelligence, Data Quality, Data Governance, Predictive Decision-

Making. 

 

I. INTRODUCTION 

The banking industry is rapidly digitalizing, and the 

bank transaction, customer interaction, mobile banking, 

online services, credit applications, and financial operations 

generate huge amounts of structured and unstructured data 

[1]. These sources are diverse and provide significant 

opportunities to evaluate financial risk and to enhance 

decision-making processes but also pose opportunities for 

data engineering challenges. It can also be less reliable 

because of the many formats, missing data, duplicate records, 

inaccuracies, and late data processing of the results of 

analyses [2]. But, before embarking on advanced analytics, 

financial institutions require efficient systems for data 

collection, integration, validation, and management. AI has 

tools and functions that can identify complex patterns, detect 

anomalies, and help with automated analysis of financial data 

[3]. Banking institutions can use AI combined with data 

engineering workflows to transform a variety of data into 

meaningful and accurate threat data. One of the reasons why 

data quality is important is that the wrong or incomplete data 

can affect the accuracy of the results for the risk assessment 

and the risks predicted [4]. Therefore, the proper solution that 

includes the process of data ingestion, data preprocessing, 

data quality control, data governance, and AI-based financial 

data analysis can provide a structured foundation to create 

intelligent financial risk intelligence and data-informed 

banking practices [5]. 

https://scholar.google.com/citations?view_op=view_org&hl=en&org=17409224388528593725
https://scholar.google.com/citations?view_op=view_org&hl=en&org=17409224388528593725
https://scholar.google.com/citations?view_op=view_org&hl=en&org=17409224388528593725
mailto:%20sivakami@newprinceshribhavani.com
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There are various financial risks that banking institutions 

encounter, such as credit risk, transaction risk, fraud risk, and 

operational risk. Conventional risk assessment approaches 

are based on a limited number of known risk rules, on-

prepared data sets, and historical data and do not necessarily 

reflect the financial behavior of the population. Using AI-

powered predictive models, relationships and patterns of 

potential risks in large and complex datasets are uncovered 

[6]. However, these models are only as useful as the quality, 

consistency, and standards of the data upon which they are 

based. Data quality problems can lead to bias, diminish 

predictive power, and lead to wrong decisions. Hence, data 

governance plays an important role in managing access, 

monitoring data movement, securing data, and ensuring that 

data is responsible and subject to regulatory requirements [7]. 

It is possible to establish rules about data ownership, data 

validation, use, and monitoring throughout the data lifecycle 

with appropriate governance. The combination of 

governance and data engineering also gives financial 

institutions the assurance of data reliability and enables 

secure analytical activities [8]. Furthermore, continued 

monitoring can identify shifts in the nature of the data and 

the models' performance and allow the risk management 

process to respond to the changing conditions. These abilities 

provide a chance to combine data quality and governance 

with financial risk prediction into a single AI-driven model 

[9]. 

The paper introduces an artificial intelligence (AI)-

based data engineering that can be applied in the banking 

sector for financial risk intelligence, data quality 

management, data governance, and predictive decision-

making. The framework covers a full end-to-end pipeline, 

from data acquisition and ingestion from various banking 

data sources to the preprocessing stage, data quality 

validation, feature engineering, governance compliance, risk 

analysis with AI, and then, last but not least, predictive 

decision support. The automated quality assessment process 

facilitates the identification of missingness, duplication, 

inconsistencies, and anomalies in records before they are 

given to predictive models. Governance mechanisms are 

built in to ensure that secure access to data, data usage is 

controllable and monitored, and that data is traceable 

throughout its life cycle. The machine learning-based 

analytical parts, however, detect senseful patterns from the 

validated banking information and give risk predictions for 

decision support. The framework also includes continuous 

monitoring to evaluate changes in data quality, risk patterns, 

and predictive performance. The proposed approach is based 

on data engineering and artificial intelligence, aiming at 

better data reliability of banks and strengthening risk 

intelligence [10]. The framework offers a systematic basis to 

transform the diverse financial information into insights that 

can guide timely, consistent, and informed banking 

decisions. 

II. LITERATURE SURVEY 

Ali et al. discussed the machine learning methods for 

financial fraud detection, emphasizing the capacity of 

machine learning to recognize intricate fraud patterns [11]. 

Shi et al. studied the machine learning methods for credit risk 

assessment and explored the possibility of enhancing the 

automated financial risk prediction [12]. Alonso Robisco and 

Carbo Martinez discussed the risk-adjusted performance of 

machine-learning models for the credit default prediction, 

highlighting the need for a sound model evaluation in the 

financial field [13]. Feng studied and proved the application 

of the neural network in the assessment of green credit risk 

in banking risk management [14]. Chhabra Roy and 

Prabhakaran have described a system that detects, prioritizes, 

and prevents cyber frauds that happen internally inside the 

Indian banks using machine learning methods [15]. Although 

these studies demonstrate the effectiveness of AI for specific 

financial risk problems, they mainly focus on individual 

applications. There is not much focus on integrating data 

quality, governance, heterogeneous data engineering, 

predictive risk intelligence, and continuous monitoring. 

Hence, this study proposes an integrated framework that 

considers these aspects for reliable banking decision-making. 

III. PROPOSED WORKFLOW 

The proposed workflow combines data engineering, 

artificial intelligence, data quality, governance, and 

predictive analytics into a single banking risk management 

workflow. First, data is sourced from various transaction 

systems, customer profiles, credit data, loan databases, and 

digital banking systems. The data collected are ingested and 

integrated into a centralized processing environment. Data is 

then preprocessed to take care of missing data, duplicate data, 

inconsistent data formats, and outliers. Then, completeness, 

accuracy, consistency, uniqueness, and timeliness are 

assessed in data quality assessment. Governance 

mechanisms are implemented to regulate access to data, 

ensure traceability, and facilitate secure use of the data. 

Financial elements are then mined using feature engineering. 

AI risk intelligence can use these features to detect fraud, 

credit risk, transaction risk, and other types of financial risk. 

Decision support is provided by predictive models, which 

classify risks and provide future risk indicators. Finally, 

continuous monitoring assesses data quality, model 

performance, and evolving risk patterns, allowing for timely 

modifications and enhanced decision-making accuracy in 

banking. 
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Fig. 1. Proposed Workflow 

IV. METHODOLOGY 

A. Data Acquisition and Integration  

The proposed methodology starts by capturing the 

distributed banking information from customer profiles, 

transactions, credit history, loan databases, account 

activities, and digital banking platforms. The data gathered 

can be of various forms, structures, and attributes. So, in 

order to move and combine these into a single analysis 

environment, an automated ingestion process is adopted. 

Data transformation is used to normalize attribute formats 

and ensure consistency of representations. For traceability 

reasons, metadata like source, transaction category, or 

transaction time is stored. The integrated dataset is shown as 

𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛}    (1) 

where 𝐷 represents the integrated banking dataset. 

B. Data Preprocessing and Quality Assessment 

The integrated data set is then evaluated for missing or 

duplicated data, inconsistent formats, and unusual data. 

Numerical values not contained are replaced by appropriate 

statistical methods, and categorical attributes are 

standardized. Duplicate records are deleted to avoid biased 

analysis, and numerical features are scaled prior to model 

creation. Completeness, accuracy, consistency, uniqueness, 

and timeliness are criteria used to assess data quality. The 

combined quality score is computed as 

𝐷𝑄 =
𝐶+𝐴+𝐾+𝑈+𝑇

5
     (2) 

where 𝐶, 𝐴, 𝐾, 𝑈, and 𝑇 denote the normalized quality scores 

for completeness, accuracy, consistency, uniqueness, and 

timeliness, respectively. 

C. Data Governance and Security 

The governance layer contains security and management 

rules that ensure that banking information is accessed and 

processed on a predefined basis. Role-based access control is 

used to limit access to sensitive data based on the user's role. 

Data lineage mechanisms track the flow and evolution of data 

in the processing flow. Data access and processing are 

tracked through audit logs. Governance policies act during 

data ingestion and preprocessing as well as during analytical 

processing to enhance accountability and traceability. The 

score for governance can be expressed as 

𝐺𝐶 =
𝑃𝑐

𝑃𝑡
× 100     (3) 

where 𝑃𝑐 represents compliant governance policies and 𝑃𝑡  

represents total applicable policies. 

D. Feature Engineering 

Financial characteristics are then extracted from this 

prepared banking data, following data quality validation and 

data governance processing. Things like transactions, 

frequency, transaction amount, repayment behavior, credit 

utilization, account activity, and duration of the loan are 

created. Categorical attributes are represented in a suitable 

numerical form, and numerical features are normalized. If 

there are many redundant and highly correlated variables, 

they can be eliminated to improve model simplicity. The 

resulting feature matrix is given as 

𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑚]    (4) 

where 𝑋 represents the feature matrix and 𝑥𝑖 denotes an 

individual engineered financial feature. These features will 

then be fed to the AI-based risk prediction module. 

E. AI-Based Financial Risk Intelligence 

The AI-based risk intelligence module analyzes the 

engineered banking features to pick out financial risk 

patterns. The prepared data set is split into a training set and 

a testing set, and the predictive model learns relationships 

between financial attributes and observed outcomes of risk. 

Machine learning algorithms are used to categorize the 

transactions or customers based on the predetermined risk 

classes. The prediction process is shown below: 

𝑌̂ = 𝑓(𝑋; 𝜃)     (5) 

where 𝑋 represents the input feature vector, 𝜃 denotes the 

learned model parameters, and 𝑌̂ represents the predicted risk 

outcome.  The predictions generated are used to provide the 

classification of risk level or probability values that are used 

in the next banking decision. 

F. Predictive Decision-Making 

The AI module's predictions are transformed into 

actionable financial risk information for decision support. 

Customer transactions or actions can be segmented based on 

the risk level that they are likely to pose. There is potential to 

use high-risk observations for further verification and 

relevant customer patterns for credit or financial assessment. 

The important financial characteristics that are used to 

calculate a weighted risk score are 
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𝑅 = ∑ 𝑤𝑖
𝑚
𝑖=1 𝑓𝑖     (6) 

where 𝑅 represents the overall risk score, 𝑤𝑖 denotes the 

weight assigned to feature 𝑓𝑖, and 𝑚 represents the total 

number of selected features. Risk information that is 

produced as a result is helping to make banking decisions in 

a timely and data-driven fashion. 

G. Continuous Monitoring and Model Evaluation 

The final stage is the continual monitoring of data 

quality, governance compliance, evolving risk patterns, and 

predictive model performance. Model performance is 

measured in terms of accuracy, precision, recall, F1-score, 

and ROC-AUC. Indicators of data quality are recalculated 

regularly to detect any quality problems in the information 

being processed. Financial behavior changes are also tracked 

for possible model or data drift. The F1 score is calculated as 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
    (7) 

Precision indicates the proportion of positive cases identified 

correctly; recall indicates the proportion of all positive cases 

that are identified correctly. Results from the monitoring are 

used to make timely updates to the model and data 

processing. 

H. Dataset Description 

The proposed framework is based on the Home Credit 

Default Risk dataset, which is the most popular banking data 

set to predict payment difficulties for customers. It includes 

user application data and related credit history and 

transaction data. The dataset has relational modules like 

Application, Bureau, Previous Application, Bureau Balance, 

Credit Card, and Installments. There are over 120 attributes 

in the application table and historical credit and repayment 

data in the other tables. The data has categorical and 

numerical attributes, where the schema consists of about 

86.9% numerical and 13.1% categorical variables. The target 

variable is the repayment/delinquency status results. These 

heterogeneous relational data are integrated, cleaned, quality 

validated, and converted to features for machine learning-

based financial risk prediction. 

Algorithm 1: AI-Driven Financial Risk Prediction 

Input: Banking dataset DD 

Output: Predicted risk results RR 

Step 1: Collect banking data such as customer, 

transaction, credit, and loan records. 

Step 2: Combine the collected data into a single dataset. 

Step 3: Clean the data by handling missing values, 

duplicate records, and inconsistent data. 

Step 4: Check the quality of the cleaned data using 

completeness, accuracy, and consistency. 

Step 5: Apply data governance rules for secure data 

access and management. 

Step 6: Select important financial features from the 

processed data. 

Step 7: Train an AI model using the selected features. 

Step 8: Use the trained model to predict financial risk. 

Step 9: Classify the data into suitable risk categories. 

Step 10: Evaluate the prediction using accuracy, 

precision, recall, and F1-score. 

Step 11: Monitor the data and model performance 

continuously. 

Step 12: Generate the final risk prediction and decision-

support result. 

End Algorithm 

V. RESULTS AND DISCUSSION 

Fig. 2 shows the Default Risk Incidence Across Housing 

Categories, comparing risk rates for different housing 

conditions. The proportion of default is highest for rented 

apartments (around 14.4%), which suggests a relatively 

higher level of payment problems in rented apartments. The 

approximate risk rate for house or apartment customers is 

approximately 8.0%, and for municipal apartment customers 

it is approximately 7.7%. Customers who reside with parents 

are at the lowest risk, approximately 6.4%. The variation 

shows that housing-related characteristics can be useful for 

providing contextual information and can help to enhance the 

financial risk prediction model's ability to identify potentially 

vulnerable groups of customers. 

 

Fig. 2. Default Risk Incidence Across Housing Categories 

Fig. 3 depicts the Home Credit Relational Data Schema 

Dimensionality by major relational modules. High 

dimensionality is exemplified in the Application module, 

which has the most attributes with over 120 columns. The 

Previous Application module has about 37 attributes, 
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followed by Credit Card with about 23. Bureau has 

approximately 17 attributes, and Installments has 

approximately 8 attributes. This distribution reflects that the 

structure of banking data is heterogeneous and the 

dimensionality of the banking data varies widely. These 

modules can be integrated to deliver more comprehensive 

financial data, and feature engineering plus feature selection 

can be used to eliminate data redundancy and generate an 

appropriate machine-learning-friendly representation. 

 

Fig. 3. Home Credit Relational Data Schema Dimensionality 

Fig. 4 is a log plot of the Enterprise Record Ingestion 

Volume for four relational modules. The module with the 

most ingested rows is the Bureau module with ~16,000 rows, 

followed by Installments with ~11,000 rows. Previous 

applications add around 10,000 records; applications add 

about 4,000 records. The results show that various banking 

modules provide significant amounts of data to the data 

engineering pipeline. As a result, flexible ingestion and 

integration mechanisms are needed to efficiently process 

heterogeneous records and continue to maintain the 

relational information for further financial risk analysis and 

subsequent predictive modeling tasks. 

 

Fig. 4. Enterprise Record Ingestion Volume 

The banking data processed is depicted in Figure 5 in 

terms of schema data type composition. The majority of the 

schema (86.9%) are numerical variables, such as integer or 

floating-point attributes, while there are 13.1% categorical 

object variables. The majority of the attributes are numerical, 

suggesting that there is significant financial and transactional 

information that can be used directly after proper scaling and 

preprocessing. But categorical attributes need to be encoded 

for machine learning. This distribution illustrates the 

heterogeneous nature of banking data and highlights the need 

for an appropriate preprocessing pipeline to ensure that both 

numerical and categorical data are dealt with in a consistent 

manner before feature engineering and financial risk 

prediction. 

 

Fig. 5. Schema Data Type Composition 

The overall accuracy of the Financial Risk Confusion 

Matrix is 98.7%, as shown in Fig. 6. The model accurately 

classifies 539 of the repayment or low-risk cases and 53 of 

the default-risk cases. There are 2 cases of repayment that are 

wrongly classified as default risk and 6 cases of default risk 

that are predicted to be repayment. The results show a good 

classification and a rather low number of misclassifications. 

The model correctly identifies both majority and minority 

risk classes, but the six false-negative cases are significant 

for financial risk management, as the default-risk customers 

that are not identified may need more monitoring or 

intervention in decision-making. 

 

Fig. 6. Financial Risk Confusion Matrix 

In Fig. 7, the Table-Level Comprehensive Quality 

Index (FDQI) of four relational modules is depicted. 

Previous applications come in at the highest quality index 

(0.991), Application (0.982), and Bureau Balance (0.978). 

The lowest index is found at Bureau with an approximate 
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value of 0.965 but is still a fairly high quality. The results 

show that the data quality processing proposed in this paper 

has achieved good consistency and reliability of relational 

data across the modules. The differences in the tables also 

provide evidence that one has to test the quality of each table 

separately and not take data quality for granted across the 

entire banking data set. 

 

Fig. 7. Table-Level Comprehensive Quality Index 

Fig. 8 shows the Predictive Performance Gain Across 

Relational Modules. The accuracy obtained from the raw 

application data is around 84.5%. By including Bureau 

History, accuracy is boosted to around 89.2%, and with the 

inclusion of Previous Applications, it is approximately 

93.8%. The incorporation of financial ratios achieves a 

higher accuracy of almost 98.8%. The continual increase 

shows the significance of combining several relational 

banking sources and creating financial attributes. These 

findings suggest that historical, application, and financial 

ratio data, when used together, represent better indicators of 

payment difficulty and are better for developing financial 

risk intelligence, respectively. 

 

Fig. 8. Predictive Performance Gain Across Relational Modules 

The Feature Engineering and Selection Funnel (Fig. 9) 

shows how the number of attributes in the original banking 

dataset is reduced over successive steps. The representation 

of the Raw Application Attributes is greater than 120 

features, whereas Cross-Table Aggregation reduces the 

representation to around 45 features. Governance validation 

further reduces the feature set to approximately 24 features, 

and the final ML-ready features have approximately 16 

attributes. This decrease suggests that feature engineering 

and the selection of features based on governance can 

exclude irrelevant and inappropriate features without losing 

valuable information. This condensed functionality can 

simplify the complexity of a model and facilitate the efficient 

financial risk analysis of predicting risks. 

 

Fig. 9. Feature Engineering and Selection Funnel 

The training and validation accuracy over 25 epochs is 

displayed in Fig. 10. The accuracy of the training set rises 

from around 91.6% at the start of training to around 98.9% 

towards the end of training, and the accuracy of the validation 

set rises from around 92.6% at the start of training to around 

98.7% towards the end of training. The distance between the 

two curves is not too great during training, suggesting 

consistent learning without excessive differences. The target 

benchmark is 98.7% and is achieved with the validation 

performance towards the end of epochs. The output shows 

that the model is able to capture meaningful financial patterns 

progressively as it is training while retaining a high level of 

validation performance. 

 

Fig. 10. Training and Validation Accuracy 

The training and validation loss is plotted in each epoch 

in Fig. 11. The training loss drops from around 0.070 initially 

to 0.014 at the end of all the epochs. The validation loss also 

drops from ~0.053 to ~0.018, with small deviations in the 

intermediate epochs. The general downward trend suggests 

that the model is being optimized well and prediction errors 

are decreasing over time. The gap between the training and 

validation loss does not widen significantly with increasing 
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epochs, indicating that the model is learning effectively 

without overfitting. These results are in line with the 

accuracy curves to show that it models the learning process 

correctly. 

 

Fig. 11. Training and Validation Loss 

The relationships between financial variables are 

represented in the Cross-Table Financial Intelligence 

Correlation Matrix, as shown in Fig. 12. There is a strong 

positive correlation between AMT_CREDIT and 

AMT_ANNUITY with a correlation coefficient of 0.94. 

AMT_INCOME_TOTAL is strongly correlated with 

AMT_CREDIT (0.88) and AMT_ANNUITY (0.82). 

BUREAU_CREDIT_COUNT and 

BUREAU_DEBT_SUM_TOTAL have a moderate 

correlation of 0.62. The TARGET variable is correlated 

negatively with EXT_SOURCE_2 (-0.34) and 

EXT_SOURCE_3 (-0.39), which are important for default-

risk prediction. There are also moderate relationships 

between CREDIT_INCOME_RATIO and credit and annuity 

variables. These correlations are used in feature selection and 

financial risk modelling. 

 

Fig. 12. Cross-Table Financial Intelligence Correlation Matrix 

VI. CONCLUSION 

This paper introduced an artificial intelligence-based 

framework of data engineering for financial risk intelligence, 

data quality, data governance, and predictive decision-

making in banking. The framework ingests, preprocesses, 

assesses quality, governs, transforms, and predicts risks with 

AI for heterogeneous banking data. The experimental results 

show that the use of relational financial information can 

significantly enhance the prediction accuracy, from about 

84.5% with the raw application data to 98.8% with financial 

ratios and cross-table information. The classification model 

obtained the highest accuracy, 98.67%, and the highest 

weighted F1 score, 98.65%. The data-quality analysis also 

yielded high FDQI values for all the relational tables being 

evaluated, and feature selection brought the initial high-

dimensional representation of the data to a compact feature 

set for the ML phase. Overall, the findings show how data 

engineering and AI-driven financial risk analysis can help to 

identify risks accurately, enhance data reliability, and make 

timely decisions in banking environments. 
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