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SUMMARY:
This study develops a stacking ensemble model integrating XGBoost, CatBoost (Gradient Boosting Model), LightGBM (Efficient Gradient Boosting Model), AdaBoost, and Extra Trees to predict loan approvals using Kaggle data. Achieving 98% accuracy, it identifies key predictors like income and credit score, promoting fair, efficient decisions on loan approval and/or rejection.

ABSTRACT:
Digital lending and fintech innovations have upended established banking systems, changing financial inclusion and credit availability in nations around the world. This study examines how peer-to-peer (P2P) and digital lending platforms are changing, emphasizing how technologies like artificial intelligence and machine learning are changing the way loans are approved. A thorough study of the literature highlights the opportunities and problems in the digital lending ecosystem, such as algorithmic risk assessment, customer trust, financial exclusion, and regulatory loopholes. This paper suggests a strong machine learning approach that uses a stacking ensemble model to accurately forecast loan approvals in order to address these issues. The data was pre-processed using train-test partitioning, exploratory analysis, and label encoding using a publicly accessible Kaggle dataset that included applicant demographics, financial characteristics, and credit histories. With XGBoost serving as the meta-learner, the ensemble incorporates the Gradient Boosting Model, Efficient Gradient Boosting, AdaBoost, and Extra Trees classifiers as base learners. With an accuracy of 98%, the model was assessed using measures including accuracy, precision, recall, F1-score, and error metrics (MAE- Mean Absolute Error, MSE- Mean Squared Error, and RMSE- Root Mean Square Error). According to correlation studies, factors including assets, income, and CIBIL scores have a significant impact on loan approvals. Outperforming conventional methods, the model showed balance and generalization across both classes. The usefulness of these models for automated, data-driven credit determinations is emphasized in the paper’s conclusion.

INTRODUCTION:
In the latest phase of the banking industry's technology transformation, disruptive new financial service providers from outside the established banking system have entered the market1. BigTech (large tech companies that primarily focus on lending directly or with financial institutions) and FinTech (financial technology, including models like P2P lending and online credit alternatives to traditional banks) companies are making substantial inroads into the finance sector, posing a challenge to traditional banking despite banks' efforts to adapt to the digital landscape2. This rapid evolution signals a shift in the financial ecosystem, where non-traditional players are increasingly reshaping the way financial services are accessed and delivered3. The emergence of digital lending has a negative correlation with banking credit, suggesting that as new lenders enter the market, traditional banking may give way to alternative digital credit4. This transition was catalyzed further by the 2008 global financial crisis (GFC), which drastically lowered client trust in financial services and helped drive the expansion of financial technology or Fintech ventures5. Fintech is the term for the combination of technology and finance, which refers to the application of technology to provide financial solutions6. As Fintech matured, one of its most transformative applications was seen in the rise of P2P lending, also referred to as online lending services7. P2P lending's primary innovation is the direct matching of lenders and borrowers. Borrowers submit applications for small, unsecured loans, and lending platforms are used by several investors to evaluate and finance loan requests 8. P2P lending functions similarly to a bank, but it uses the internet and cutting-edge technology to enable online lending and debt arrangements 9. The success and scalability of this model became evident with the launch of ZOPA.com, the first P2P platform in history, which debuted in the UK in 2005. Since then, online lending has grown significantly, reaching over $100 billion by 2015, and is expected to reach over $1 trillion in 202510. Digital lending, particularly in emerging economies, has further evolved with Fintech integration11. Fintech integration in digital lending enhances financial inclusion, particularly in emerging markets. Mobile payments and blockchain solutions enable P2P transactions and micro-lending, reducing barriers to financial services12. This paradigm shift is driven by the incorporation of technologies such as blockchain, artificial intelligence (AI), machine learning, and digital payment systems to create a more inclusive, efficient, and customer-centric financial environment13. Digital lending platforms use technology to expedite applications, save expenses, and enhance credit risk evaluation, allowing small firms and individuals to receive financing more quickly14. They use big data, blockchain, AI, and machine learning to improve borrower evaluation, lower costs, and promote financial inclusion15. Machine learning, in particular, has revolutionized risk management by leveraging alternative data sources16. It surpasses traditional credit assessment approaches by leveraging non-traditional data, enhancing borrower ratings, and forecasting economic developments17. This method reduces the risk of default by increasing the accuracy of borrower assessments and assisting in the prediction of shifts in the economy18. One of the most important effects of digital lending is its ability to address the difficulties of financial inclusion, particularly in emerging economies and marginalized areas19.

In order to forecast loan acceptance with high accuracy using a structured Kaggle dataset, this paper proposes a novel stacking ensemble model that combines the Gradient Boosting Model, the Efficient Gradient Boosting Model, the AdaBoost, the Extra Trees, and the XGBoost. To improve predictive adaptability and generalization, this method combines several advanced learners with XGBoost as a meta-classifier, in contrast to earlier research that frequently uses single models or conventional classifiers. The model performed well in both accepted and rejected loan classes, with an impressive accuracy rate of 98%. This methodological development provides a practicable and expandable way to automate loan approval decisions in digital lending settings, particularly in developing financial ecosystems.

The aim of this research is to create a strong stacking ensemble model for digital lending that accurately predicts loan acceptance by combining Gradient Boosting Model, Efficient Gradient Boosting Model, AdaBoost, Extra Trees, and XGBoost. Additionally, it seeks to examine how important demographic and financial variables (income, asset value, and CIBIL-Credit Information Bureau (India) Limited Score) affect loan choices, evaluate how well the ensemble model performs in comparison to more conventional models using classification and error metrics, and emphasize how ensemble approaches can increase efficiency, generalization, and fairness. The primary goal is to statistically analyze how applicant features influence loan approval and to evaluate the performance of ensemble learning algorithms.

P2P and digital lending continue to transform the financial landscape globally, presenting both opportunities and challenges. 

Digital lending is rapidly transforming the global financial landscape, offering an alternative to traditional banking20. This global outlook underscores how regional contexts uniquely shape digital lending maturity. Digital lending is expanding but remains technologically immature, while automation and predictive scoring bring efficiency, and platforms still depend heavily on third-party systems for background checks, which limits robustness21. Despite its rapid expansion, financial exclusion remains a major issue globally, with an estimated 44% of adults in developing countries lacking access to formal financial services, necessitating urgent reform, better infrastructure, and digital literacy initiatives. Such limitations also appear in other converging sector highlights, ongoing challenges in data handling, and system integration22. As digital integration deepens, Security vulnerabilities across the Fintech space are escalating. To address these, a security-focused framework has been proposed to safeguard digital transactions23. Similar developments are observed in other emerging markets. In Kenya, while mobile money and digital loan apps have improved financial access, data privacy remains a persistent concern, and recent regulations have limited impact, suggesting that stronger enforcement mechanisms, formal audits, and clearer development guidelines are needed24. This reflects a broader trend where regulatory frameworks often lag behind fintech innovation. The regulatory landscape of fintech is different from that of traditional banking. For example, unless loans are high-risk, law enforcement has less of an effect on interest rates in fintech25. Especially, there is a strong need for improved supervision, use of data analytics, and regulatory updates to curb illegal fintech growth and privacy breaches26. Beyond regulation, the success of digital lending also hinges on trust, so trust plays a critical role in lending decisions. Trust in barrowers is more influential than in intermediaries27. 
A parallel evolution is visible in India’s digital lending ecosystem28. The digital lending business is expanding rapidly, due to advances in fintech, helpful regulatory measures implemented by the Reserve Bank of India (RBI), and an increase in consumer trust following the COVID-19 outbreak29. However, with innovation comes risk. While unlicensed digital lending applications or platforms improve access, they pose severe consumer risks, such as harassment, high interest rates, and data misuse due to weak regulations. Strengthening consumer protection and accountability is therefore critical to promoting responsible financial inclusion30. The dangers of borrower defaults and fraudulent applications are substantial for digital lending; good consumer protection measures not only protect consumers but also positively influence financial performance as data security and transparency improve profitability indicators like Return on assets (ROA) and Return on equity (ROE)31. Globally, there is a considerable emphasis on operational improvements, with increased emphasis on enhancing loan origination systems, encouraging the use of mobile technology, and developing clear strategies to fulfil regulatory standards and consumer expectations32. To address these risks, advanced analytical and AI are increasingly being employed to predict high-risk lenders, outlier detection using indicators like failed loans, repayment duration, and credit scoring has proven effective33. Using the socio-technical model as a guide, we discovered that risks come from both stakeholders and the lack of interdependencies between platform design and organizational components34. Adoption of dynamic models like UTAUT2 dominates in explaining user adoption, with trust emerging as a key predictor of borrowing intent35. Machine learning-based fraud detection algorithms, such as Random Forest and SVM models, are also used36. According to the study's findings, machine learning models can adequately evaluate personal credit information and determine the likelihood of loan default; the deep neural network performed best (accuracy: 0.94)37. The study, which used Naïve Bayes with 94% accuracy, discovered that characteristics such as interest rate, repayment time, description, credit grade, loan history, gender, and credit score have a substantial impact on loan success38. Meanwhile, the probabilities of both prepayment and default risks exist, important occurrences that result in loan termination and loss of profit for creditors were predicted using multivariate logistic regression, and the model's overall accuracy was 76.63%39. According to the study, lending clubs' revenue can be increased with high accuracy of 68 % by utilizing an Efficient Gradient Boosting Model to forecast default risk on Digital lending platforms40. Simultaneously, more sophisticated AI models are evolving, such as deep multiview learning, which combine various variables (such as app usage and behavioural patterns) and perform better than conventional techniques, particularly in situations where historical data is limited41. Studies from China confirm that improving default predictions and financial inclusion, with models like Gradient Boosting Model and LGBM outperforming traditional credit-based evaluations42, system dynamic modelling also helps simulate interest rate fluctuations on P2P platforms, offering insight into borrower investor behavior under various conditions43. Efficient Gradient Boosting Model has been shown to improve default prediction and platform profitability40, while deep neural networks also outperform traditional models when proper training37, and stabilize digital markets through better risk management44, to ensure sustainability, regulatory technology is gaining traction, such as Robotic Process Automation assists financial institutions in aligning regulatory requirements with business plans, enhancing compliance and operational efficiency45. Table 1 summarizes key studies that explore the application of machine learning in digital lending and loan approval processes.

PROTOCOL:
Data collection
This study utilized the Loan Approval Prediction Dataset available on Kaggle. The dataset was extracted in February 2025 and consists of 4269 records aimed at evaluating loan data and forecasting loan approval outcomes. It includes 12 columns comprising detailed information on applicants’ demographic profiles, such as employment status, dependents, self-employed, loan amount, loan term, CIBIL scores, financial background, and loan-specific attributes. The dataset was imported using the Pandas library and visually inspected using df.head () to understand its structure and quality.

Data pre-processing
During the data pre-processing phase, the first step involved removing the identifier column (loan_id) due to its lack of predictive value and potential to introduce noise into the model. The second step involved label encoding, where categorical variables such as education, self-employed, and loan_status were converted into numerical representations. This transformation was conducted using Label Encoder from the sklearn.preprocessing module. Specifically, education was encoded as 0 for Graduate and 1 for Not Graduate; self_employed as 0 for No and 1 for Yes, and loan_status, the target variable, as 0 for Not Approved and 1 for Approved. These conversions were necessary to ensure compatibility with machine learning models, which require numeric inputs, particularly for digital lending applications. The features were separated from the target variable using X=df.drop ([“loan_status”], axis=1) and y=df [“loan_status]. This setup provided a comprehensive basis for examining the factors influencing loan approval decisions using historical loan records to train multiple ensemble machine learning models. These models were intended to improve overall accuracy and robustness by combining the predictive strengths of multiple classifiers.

The processed dataset was then split into training and testing subsets using the train_test_split function from sklearn.model_selection, with 80% of the data used for training and 20% reserved for testing. This ensured that the model was trained on a sufficiently large portion of the data while retaining a representative sample for performance evaluation. With the dataset cleansed, structured, and statistically explored, the foundation was laid for the implementation of a robust machine learning framework aimed at enhancing predictive accuracy in loan approval classification. Model development was conducted using four ensemble-based machine learning algorithms: Gradient Boosting Model, AdaBoost, Efficient Gradient Boosting Model, and Extra Trees Classifier. These were selected for their proven performance in classification tasks involving structured, tabular data. The Gradient Boosting Model Classifier, implemented from the Gradient Boosting Model library, was instantiated with default settings (iterations=1000, learning rate=0.1, depth=6, verbose=False). It was trained using. fit (x_train, y_train) and evaluated with .predict (X_test). Although the Gradient Boosting Model automatically handles categorical data encoding, this feature was not utilized as the data had already been label-encoded. The AdaBoost Classifier (Adaptive Boosting, which improves weak learners) was implemented using sklearn-ensemble. AdaBoost Classifier was configured with n_estimators=100 and learning_rate=1.0, using decision stumps as the default base estimator. It was trained and evaluated in a similar fashion, contributing robustness through iterative weighting of misclassified instances. The Efficient Gradient Boosting, implemented through the Efficient Gradient Boosting Model library (LGBMClassifier), was configured with n_estimators=100, learning_rate=0.1, and max_depth=-1 (unrestricted tree depth). This model, known for its speed and efficiency, particularly excels on large datasets with high-dimensional features using optimized gradient boosting decision trees.

Finally, the ExtraTrees Classifier from sklearn.ensemble was used with n_estimators=100 and criterion=”gini” as the splitting strategy. Unlike Random Forest, Extra Trees introduces further randomness by selecting cut points at random, which helps to reduce model variance and improve generalization. The ensemble was conducted using scikit-learn’s Stacking Classifier, which enhances generalization by aggregating predictions from the base learners. Each model was evaluated using standard classification metrics, including accuracy, precision, F1-score, error analysis, and the confusion matrix. These metrics were computed using functions from the sklearn.metrics module to ensure standardized performance comparison across all models. 
The best-performing model (based on accuracy and F1-score) was saved for deployment using the Python library. dump(model, “best_model.pkl”), ensuring that the trained model could be reused without the need for retraining. To simulate a real-world application, a sample input array containing 11 features was created using NumPy and passed to the model .predict () function. For instance, the input vector [[0, 1, 1,4100000, 12200000, 8, 417, 2700000, 2200000, 8800000, 3300000]] returned a prediction of 1, indicating loan approval. All experimentation was conducted in a Python 3.10 environment using Google Notebook on Kaggle. Model development and evaluation were carried out using the scikit-learn (v1.3), Gradient Boosting Model, and Efficient Gradient Boosting Model libraries. All hyperparameters were documented explicitly, and defaults were clearly stated where applicable. The encoding procedures followed the approach described by Pedregosa and were implemented in scikit-learn46. This comprehensive and transparent methodology ensures that the experimental protocol is fully reproducible and adheres to rigorous academic standards in machine learning research.

The structure of the suggested methodology, encompassing the phase of data preparation feature section, model training and evaluation, are shown in Figure 1.

This research introduces a stacking ensemble learning framework that brings together the capabilities of four powerful classifiers: Gradient Boosting Model, AdaBoost, Efficient Gradient Boosting Model, and Extra Trees to predict loan approval decisions based on historical financial records. By combining both boosting and bagging strategies within stacked model architecture46. The approach effectively overcomes the individual shortcomings of these models, such as bias and variance, lending to enhanced prediction accuracy and model generalization. Each base learner contributes unique strengths Gradient Boosting Model is efficient with categorical variable, it is designed for handling high cordiality categorical features and internally performs target encoding using ordered boosting47. This avoids over fitting by ensuring that only past data is used in computing statistics. In the formula 
Gradient Boosting Model = ,
each ht (x) represents a decision tree trained on residuals of the previous model, and nt denotes the step-specific learning contribution. AdaBoost or Adaptive Boosting, adjusts the weight of each instance during training and focuses on previously misclassified data points48. In the formula

αt reflects the performance of the t-th weak learner ht(x), placing more emphasis on previously misclassified samples. Efficient Gradient Boosting Model Incorporates gradient-based one-side sampling (GOSS) and exclusive feature bundling for faster performance. Efficient Gradient Boosting offers high speed and performance on large-scale data49. 

ft​(xi​) represents the new decision tree added to minimize the loss l(⋅) while Ω(ft) is a regularization term. In contrast boosting algorithms, Extra Trees reduces variance by adding randomness in decision tree splits50. It relies on bagging principles but injects extra randomness during node splitting into its prediction rule

Averages the outputs of M independently trained randomized trees. For each split, Extra trees selects random thresholds for features and chooses the best among them, thereby reducing variance and offering high diversity across trees, which improves generalization. These models are collectively integrated through a stacking classifier, which learns to optimally combine their outputs to decide whether a loan should be approved. The framework was evaluated with common classification metrics and tested with live input samples, demonstrating its practical relevance in digital lending environments51. These models are combined collectively using a stacking classifier, which learns to blend their outputs ideally to determine loan acceptance results. The model's performance was assessed using important classification measures such as accuracy, precision, recall, F1-score, and AUC-ROC, as well as a confusion matrix, to determine its capacity to reduce both Type I and Type II mistakes. To maintain class balance, a stratified 80:20 train-test split was utilized, with 5-fold cross-validation ensuring robustness and reducing sample variability. Furthermore, the model was evaluated on realistic loan applicant profiles that included information such as credit history, income, employment status, and loan amount, yielding binary judgments and probability ratings. This two-phase test demonstrates the model's efficacy, fairness, and practicality in real-time digital lending contexts. The novelty of this work lies in the hybrid ensemble design tailored for credit scoring, making it a robust, interpretable, and reproducible model for modern financial platforms52 .

 RESULTS: 
Feature correlation analysis
The feature correlation heatmap (Figure 2) gave useful information about the interrelationships between various attributes. Strong positive correlations were found between income, annual loan amount, and asset-related variables such as luxury assets value and bank asset value, demonstrating that an applicant’s financial profile is important in loan evaluation. Interestingly, the CIBIL score had a substantial negative correlation (-0.77) with loan status, indicating that applicants with higher credit scores were significantly more likely to have their loans granted, which is consistent with typical financial risk assessment methods.

Confusion matrix evaluation
Figure 3 shows the confusion matrix of the suggested model’s high classification performance of the proposed model. Out of 854 occurrences, the model correctly predicted 507 loan rejections (true negatives) and 332 loan approvals (true positives). Only 15 predictions were misclassified, including 4 false positives and 11 false negatives. The low false positive rate reflects the model’s ability to minimize the risk of lending to unqualified applicants, while the low false negative rate ensures that creditworthy borrowers are rarely denied. These results demonstrate that models' dependability and effectiveness in distinguishing between approved and rejected loan applications. 

Classification performance
The model performed exceptionally well with an overall accuracy of 98%. Precision scores were 0.98 for rejected loans and 0.99 for approved loans, with recall values of 0.99 and 0.97, respectively. The corresponding F1-scores were 0.99 and 0.98, showing that the model performed consistently well in both classes. The macro and weighted averages for all three metrics (precision, recall, and F1-score) were all 0.98, indicating a well-balanced model with no detectable class bias. Furthermore, we have now included data distribution statistics (Supplementary Table 1); the relatively close support values for both classes (511 for rejected and 343 for approved) suggest a moderate level of class balance in the dataset. This reduces the risk of biased predictions and confirms that the model's high performance is not due to the over-representation of one class. The high recall for both classes also indicates the model's effectiveness in minimizing false negatives, which is especially critical in loan approval scenarios. The high and consistent F1-scores and recall values across both classes further confirm that the model handles class imbalance effectively overall. These results support the robustness and generalization ability of the proposed ensemble model. The high and consistent F1-scores and recall values across both classes further confirm that the model handles class imbalance effectively. Table 2 classification report illustrates the performance metrics of a machine learning model.

Error metrics analysis
Regression-based assessment metrics were used alongside classification metrics to analyze errors. The model has a Mean Absolute Error (MAE) of 0.0176, a Mean Squared Error (MSE) of 0.0176, and an RMSE of 0.1325. These low numbers imply that the model’s predictions were quite close to the actual results, demonstrating its accuracy and robustness.

Visual evaluation of classification metrics: Visual representations of precision, recall, and F1-score were plotted for each class, as well as for macro and weighted averages, to give a better idea of the model's classification performance. Figure 4 displays the precision score for each class and the average metrics for the improved stacking ensemble model. Precision reflects the proportion of the correct positive predictions for a given class. It assesses the model’s ability to minimize false positives and is mathematically defined as: 
Precision (i) =
The model is successful in reducing false positives, as seen by the consistently high precision scores for Class 0 (Rejected) and Class 1 (Approved), as seen in Figure 4. These values indicate that the model makes very few false positive predictions for both classes, meaning it rarely approves bad loans or rejects good ones erroneously. The macro average (0.985) treats both classes equally, while the weighted average (also 0.985) accounts for class support and confirms that the model maintains high precision even with slight class imbalance. The model's great capacity to accurately identify real class instances and minimize false negatives is further demonstrated by Figure 5, which shows high recall values across both classes. The recall for class 0 (Rejected loans) is 0.99, meaning that actual rejected cases were correctly classified. Recall measures the model’s capability to identify all actual instances of a given class, thereby capturing its sensitivity 
Recall (i) =  .
This minimizes the risk of mistakenly approving applicants who should have been rejected. Similarly, a recall score of 0.97 indicates that eligible applicants were successfully identified and approved by the model, which demonstrates the model's ability to avoid unnecessary rejections. The macro average recall is 0.98%, which gives equal weight to both classes, showing that the model performs well on both types of decisions. The model's consistent and dependable performance across all evaluation criteria is further supported by the F1-score bar chart in Figure 6. To balance the trade-off between precision and recall, the F1 score is used. It is the harmonic mean of the two metrics and serves as a comprehensive indicator of class-wise performance:
F1 (i) =  .
This displays a balanced harmonic mean of precision and recall for each class. This F1 Score represents class 0 (Rejected loans), 0.99% indicating an excellent balance between correctly identified rejections (recall) and accurate rejections with minimal false positives (precision), and class 1 (Approved loans), the F1 score is 0.98, reflecting accuracy in correctly approving qualified applicants while avoiding approval of unqualified ones. Both the macro average and weighted average F-1 scores are 0.98, confirming that the model performs equally well across both classes. These illustrations highlight how well the stacking ensemble performs without preferring one class over another and are consistent with the numerical results in the classification report. All things considered, the graphical insights demonstrate how well the model maintains robustness and fairness in binary categorization. Simultaneously, these consistently high scores reinforce that the model is not biased toward any specific class and that its decisions are trustworthy across both approval and rejection outcomes.

Model effectiveness 
The stacking ensemble model, which includes Gradient Boosting Model, Efficient Gradient Boosting Model, ExtraTrees, and AdaBoost as base learners and XGBoost as the meta-learner, was found to be extremely effective for the loan acceptance prediction test. The ensemble created a highly accurate, stable, and generalizable model by using the strengths of numerous algorithms. Its superior performance in both categorical and numerical aspects makes it ideal for real-world use in financial systems. In the future, incorporating model interpretability techniques such as SHAP or LIME could improve transparency even more, allowing financial institutions to better understand and trust the model’s decision-making process.

This comprehensive model evaluation forms the foundation for concluding the study and outlining future prospects. Table 3 provides a comparative analysis of our model with earlier ones, showcasing performance differences, highlighting improvements or declines, and offering insights into the effectiveness of each model with a graphical representation of Figure 7.

The effectiveness of the proposed stacking ensemble model was assessed by comparing its accuracy with that of baseline models used in previous studies37–40. As shown in Figure 7, an accuracy of 94% was achieved using logistic regression for analyzing personal credit data and assessing the risk of loan default, while, like the Naïve Bayes model, applied for classifying borrowers as good or bad, also recorded an accuracy of 94%, both of which are considered to have good accuracy. An accuracy of 65% was attained through the application of multivariate logistic regression to predict prepayment and default risks. Additionally, a statistical model designed to address default risks and information asymmetry on P2P Lending platforms demonstrated an accuracy of 68%. In contrast, the stacking ensemble model achieved a significantly higher accuracy of 98%, thus outperforming all previously mentioned methods. This notable improvement can be attributed to the integration of diverse classifiers and logistic regression, while Zhiyong and Ko reported lower accuracies of 76% and 68%. However, the ensemble approach is the most effective and reliable for predicting loan defaults. Gradient Boosting Model, Efficient Gradient Boosting Model, AdaBoost, and Extra Trees within an XGBoost meta-learner, which collectively enhanced the model’s predictive capability. Furthermore, the model’s reliability was reinforced by consistently high values in precision, recall, and F1-score metrics. 

Data Availability:
The dataset utilized in this work, titled the loan approval prediction dataset, was acquired from the openly available Kaggle platform. It comprises the applicant's demographic, occupational, financial, and loan-related characteristics. The dataset can be easily obtained at https://www.kaggle.com/datasets.

FIGURE AND TABLE LEGENDS
Figure 1: Proposed ensemble methodology model. This diagram illustrates the architecture of the proposed ensemble learning approach, combining base classifiers such as Gradient Boosting Model, Efficient Gradient Boosting Model, AdaBoost, Extra Trees, and XGBoost through a stacking classifier to enhance loan approval prediction performance. It shows how different machine learning models are combined using a stacking method. It outlines the flow of data through various base learners and how their outputs are used to make the final loan approval prediction.

Figure 2: Correlation heatmap of input features. This heatmap shows how different features (variables) in the dataset are related to each other. Darker colors indicate stronger relationships, which helps understand which features might affect the prediction most. This heatmap visualizes that higher correlation values indicate stronger relationships between features.

Figure 3: Confusion matrix of the improved stacking ensemble model. The matrix displays the performance of the final model, showing counts of true positives, true negatives, false positives, and false negatives, which helps in evaluating classification accuracy. It shows the number of correct and incorrect predictions, helping assess the model’s accuracy.

Figure 4: Precision scores for each class and average metrics. This bar chart presents the precision values for each loan class (approved/rejected) and their macro, micro, and weighted averages, indicating how well the model avoids false positives. It also includes overall average precision scores.

Figure 5: Recall scores for each class and average metrics. This figure shows recall values for each class, measuring the model’s ability to identify all actual positive cases. In other words, it tells how many of the real approved/rejected loans were correctly predicted, and its effectiveness in minimizing false negatives.

Figure 6: F1 scores for each class and average metrics. This chart presents the F1 scores, the harmonic mean of precision and recall, for each class along with overall average metrics, providing a balanced view of model performance, and also shows the average F1 scores for overall model performance.

Figure 7: Comparison of accuracy with earlier models. This figure compares the accuracy of the proposed stacking ensemble model with previous models used for loan approval prediction. It highlights how the new model performs better in terms of overall accuracy.

Table 1: Key studies on digital lending and loan approval using machine learning. This table lists some important research papers that have focused on digital lending. Summarizes important research studies related to digital lending and how machine learning techniques have been used for predicting loan approvals. It shows what methods they used and what they found about using machine learning to predict loan approvals

Table 2: Classification report. This table shows how the model performed in terms of precision, recall, and F1-score for each class. It provides a detailed view of how accurately the model predicts approved and rejected loans and helps evaluate the model’s prediction quality.

Table 3: Comparison table with earlier models. This table compares the proposed model's performance with previous models. It helps highlight whether the new approach offers any improvement in prediction accuracy and other performance measures and shows whether the new model gave better results, especially in terms of accuracy.
Supplementary Table 1: Data distribution statistics.

DISCUSSION: 
The stacking ensemble model for loan approval prediction performs exceptionally well across various evaluation metrics, demonstrating great accuracy and reliability. The correlations heatmap revealed that financial indicators such as annual income, loan amount, and asset values are strongly interrelated, emphasizing their importance in loan evolution, whereas the CIBIL scores have a strong negative correlation with loan status, strengthening their role in creditworthiness assessment. The model’s confusion matrix had a low error rate, accurately detecting 839 of 854 examples with only 15 misclassifications. Classification measures showed an overall accuracy of 98%, with precision, recall, and F-1 scores consistently at or above 0.98 for both accepted and rejected classes, indicating no major class imbalances or bias. Error matrices such as MAE, MSE, and RMSE were all low, indicating that the model was robust and predicted accurately. Visualization metrics emphasized the model’s balanced and consistent performance across both classes. Using Gradient Boosting Model, Efficient Gradient Boosting Model, Extra Trees, and Adaboost as base learners and XGBoost as meta-learner, the ensemble model outperformed earlier techniques. With its strong generalizability and interpretability potential using tools such as SHAP or LIME, the model provides a realistic and effective answer for real-world financial decision-making.

This study contributes to scientific advancement by proposing a strong machine learning framework for predicting loan approval in digital lending. It uses a Kaggle dataset to test several classification models and employs a stacking ensemble of Gradient Boosting Model, Efficient Gradient Boosting Model, AdaBoost, and Extra Trees to improve predicted accuracy and generalization. The study gives important insights into model performance for credit risk assessment based on major evaluation parameters. Its repeatability and interpretability facilitate the creation of scalable, data-driven lending platforms. This technique advances the industry by promoting trustworthy credit scoring, allowing for fair financial decision-making, and laying the groundwork for future fintech and risk modelling research.

The high accuracy achieved by our model can be attributed to a combination of factors, the dataset was reasonably balanced in terms of approved and rejected loan, reducing class bias, key features such as income, asset value, and CIBIL score showed strong correlation with loan outcomes, enhancing predictive power, and the use of a robust stacking ensemble as meta learner enabled better generalization. The model was evaluated on a strictly held out 20% test set with no data leakage. Furthermore, we used the Adam optimizer to enhance convergence and training stability, while low error metrics (MAE, MSE, and RMSE) confirm the model's robustness and reliability.

Limitations of the study
While the stacking ensemble model showed great accuracy in forecasting loan approvals, the study has certain limitations. It is based primarily on a single, publicly available Kaggle dataset, which may not depict the diversity or real-time dynamics of loan applicants from various areas and financial institutions. In addition, the model's interpretability remains limited in the absence of tools such as SHAP or LIME, which are required for comprehending decision logic in key financial decision54. The dataset also lacks behavioral or psychometric data, which might help in credit risk assessment. Finally, the results may not apply well to quickly changing market conditions or new borrower characteristics.

Future research directions
Additionally, by automating and expediting loan approvals, the system might be incorporated into financial institutions to reduce human error. Performance may potentially be improved by investigating deep learning techniques and further improving features. All things considered, this methodology holds great promise for improving the speed, equity, and data-drivenness of loan approval processes. Future research may investigate deep learning methods for better performance and use SHAP or LIME to increase transparency. Alternative methods for investigating the hypothesis include Deep learning models such as ANN or RNN for capturing complex patterns, understandable artificial intelligence like decision rules, fuzzy logic for transparency, Bayesian models for uncertainty handling, a hybrid system for performance and interpretability, and traditional statistical methods for validation. Research could concentrate on using tools like SHAP or LIME for simplicity, real-time deployment on lending platforms, leveraging unstructured data through NLP, ensuring fairness and Bias mitigation, implementing federated learning for privacy preservation model training, and stress testing under various economic scenarios to assess model reliability.

Conclusion
The study used a publicly available dataset to create a robust stacking ensemble model that predicts whether a loan application will be accepted or denied. XGBoost served as the model’s ultimate decision-maker, combining a number of sophisticated machine learning techniques, including Gradient Boosting Model, Efficient Gradient Boosting Model, Extra Trees, and AdaBoost. With a high accuracy of 98%, the model was shown to be dependable and well-balanced in its predictions by additional examination utilizing precision, recall, F1-score, confusion matrix, and error metrics. Financial factors, particularly income and credit score, were found to be significant determinants of loan decisions. Moving forward, integrating interpretability tools such as SHAP or LIME, alongside the inclusion of more recent and diverse data, may improve both transparency and performance. 
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