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Abstract
The Commercial Credit Analytics Data Center is designed to streamline and improve the assessment and decision-making process in commercial lending. 

By integrating key financial indicators such as loan amount, interest rate, and loan term as input parameters, the system predicts an output variable such as a 
borrower’s risk score or creditworthiness using data-driven analytics. The center helps financial institutions improve credit accuracy, reduce risk exposure, and 
improve portfolio performance by supporting data-driven decisions. This centralized data repository serves as the foundation for predictive modeling, machine 
learning algorithms, and business intelligence applications across the credit lifecycle. This architecture not only improves operational efficiency, but also ensures 
compliance and transparency in lending practices. Designed for scalability and real-time access, the Commercial Credit Analytics Data Center provides analysts, 
underwriters, and decision makers with actionable insights derived from consistent, high-quality data.
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Introduction
 The Commercial Lending Analytics Data Hub is a pivotal system 

designed to enhance the efficiency and effectiveness of commercial loan 
processing. This hub serves as a centralized repository where commercial 
loan information is collected, processed, and analyzed. By integrating 
data from various providers, the hub ensures that lenders have access to 
comprehensive and up-to-date information, which is crucial for making 
informed lending decisions. One of Simplifying the data collection 
process is one of the data hub’s main purposes. It receives commercial 
loan information through a flexible data link that can be initiated by either 
the central data processor or the data providers. This flexibility allows 
for real-time data updates, ensuring that the information is current and 
relevant. Once the data is collected, it undergoes processing to identify key 
data fields, which are essential for evaluating loan applications effectively.
[1] The data hub also has a major impact on how loans are evaluated 
applicants. By determining specific reporting criteria, the system can 
assess both stored and real-time data to retrieve information that meets 
these criteria. 

This capability is essential for lenders since it enables them to assess 
not only the applicant’s financial status but also the context of their 
business relationships, including affiliated entities and individuals. 
Moreover, the reporting functionality of the data hub is designed to 
provide comprehensive insights into the applicant’s profile. The reported 

data includes detailed information about the commercial loan applicant, 
which aids lenders in making knowledgeable choices. As a whole, the 
Commercial Lending Analytics Data Hub is a noteworthy development in 
the field of commercial lending, facilitating better data management and 
analysis for improved lending outcomes.[2] Centralized Data Processing: 
The introduction of a central data processor that receives commercial 
loan information from various data providers enhances the efficiency of 
data collection. This centralization allows for a more organized approach 
to managing loan information, which is crucial for lenders looking to 
streamline their processes. It emphasizes the challenges lenders face 
in monitoring and analyzing vast amounts of loan and asset data. The 
paper proposes a computer-assisted, automated method and system 
that combines this data into a centralized data warehouse. Purpose of 
the System: The primary goal is to provide an early warning system for 
potential risks, enabling lenders to proactively manage their portfolios. 
This is crucial in a dynamic market where timely information can 
significantly impact decision-making.[3] 

Data Management: The introduction highlights the importance of 
continuous data monitoring. By regularly selecting and analyzing data, 
the system can calculate market indices and create additional data values, 
which are essential for understanding market trends and risks. User 
Accessibility: The system is designed to offer online access, allowing 
users to manipulate data and generate reports easily. This accessibility is 
vital for enhancing the analytical capabilities of lenders and improving 
their overall risk management strategies. This hub is essential for lenders 
since information allows them to make well-informed choices based on 
comprehensive data insights. By leveraging advanced analytics, Lenders 
are better equipped to evaluate a company’s credit worthiness taking into 
account various factors that traditional methods may overlook.[4] The 
current commercial lending landscape often relies on outdated decision-
making processes that do not fully utilize technological advancements. 
A data hub can address these limitations by providing a more robust 
alternative, known as “credit intelligence.” This approach emphasizes 
the importance of understanding the unique characteristics of different 
businesses, which can lead to improved credit outcomes. For instance, 
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during the COVID-19 crisis, the economic landscape shifted dramatically, 
highlighting the need for lenders to adapt their models to reflect these 
changes. A case study of OakNorth in the UK illustrates the successful 
implementation of these principles, showcasing how data-driven decisions 
can yield promising results. 

By adopting a Commercial Lending Analytics Data Hub, lenders can 
enhance their decision-making processes, ultimately leading to better 
financial outcomes for both lenders and borrowers. Small business 
lending may not lead to any long-term shift in the overall credit available 
to small businesses; it might merely indicate that small banks are more 
cost-efficient in offering these loans. [5] Because acquiring banks tend 
to lend more to small businesses than banks that do not take part in 
acquisitions, small business lending frequently increases after mergers. 
Financial statement lending, asset-based lending, credit assessment, and 
relationship lending are the four main and discrete lending methods used 
by financial intermediaries for small business loans. Small business credit 
scoring uses discriminant analysis and other statistical methods for the 
business credit environment – traditionally used in consumer credit. This 
approach also incorporates data from the business’s financial statements. 
One could argue that relationship loans are more likely to be affected 
by increased regulatory scrutiny than transaction-based loans because 
they rely on soft information that is difficult for regulatory authorities to 
clearly demonstrate.  [6] Financial intermediaries typically classify small 
business lending into four different lending technologies: relationship 
lending, asset-based lending, credit evaluation, and financial statement 
lending. Empirical research on small business lending largely supports the 
significance of solid lender-borrower bonds. These strong relationships, 
as shown by several indices, are consistently linked to lower interest rates 
on loans. 

These studies generally relied on each bank’s overall business lending 
data and were unable to distinguish between small business lending and 
relationship-based lending. [7] The reduction in small business loans from 
banks during the Great Recession had minimal effect on real economic 
performance. If this is true, the observed increase in lending may not 
be related to banks reducing small business lending during the financial 
crisis. Since premise (1) equates minority communities, the methodology 
does not support a causal explanation of the data, even though the authors 
attribute the regression results to the impacts of CRA. Although banking 
services are widely available, commercial lending continues to be a key 
part of the operations of banks and other depository institutions. We 
contend that the PPP’s main goal of promoting lending to small businesses 
was successfully achieved.[8]

Materials and Methods
 Loan Amount ($): The whole amount of money is referred to as the 

loan amount that a borrower requests from a lender to meet specific 
financial needs. In the context of small business lending, this figure often 
varies significantly depending on the nature of the business, its size, 
industry, and stage of development. Startups may seek lower loan amounts 
to cover initial setup costs, equipment, or working capital, while more 
established businesses may seek larger amounts for expansion, inventory 
purchases, or long-term investments. Determining the appropriate loan 
amount is a critical step in the lending process. Borrowers must balance 
their financial needs with their ability to repay, considering factors such 
as projected revenue, existing debt obligations, and the overall financial 
health of the business. From the lender’s perspective, the requested loan 
amount serves as a key measure of risk. Larger loan amounts are typically 
subject to greater scrutiny and may require stricter underwriting criteria, 
including a comprehensive evaluation of the borrower’s ability to repay, 
collateral, and creditworthiness. Loan amounts also play a key role in 
calculating other financing ratios used during the loan approval process. 

For example, the size of the loan directly One important indicator of solid 
financial position is the debt-to-income ratio. In addition, large loans 
can affect the interest rate offered, the length of the repayment period, 
and the type of loan products available to the borrower. Ultimately, the 
loan amount should reflect the actual needs of the business, not exceed 
its repayment capacity. A carefully calculated loan request enhances the 
likelihood of acceptance in addition to lays the foundation for a healthy 
borrower-lender relationship and successful loan performance over time.

Credit Score: A person’s creditworthiness is represented numerically 
by their credit score, which shows how well they can handle and return 
loans. This score, which often ranges from 300 to 850, is determined by 
a number of factors, such as payment history, total debt, length of credit 
history, current credit queries, and credit kinds used. Increased credit 
scores indicate lower risk to lenders, which in turn improves credit 
approval and access to favorable interest rates. Conversely, a lower credit 
score may indicate higher credit risk, which often leads to loan rejections 
or higher borrowing costs. Credit scores are primarily generated by 
credit bureaus using algorithms such as the FICO or Vantage Score 
models. These companies collect data from lenders and public records to 
compile credit reports, which form the basis for score calculations. For 
example, payment history – one of the most important components – 
accounts for about 35% of a FICO score. A consistent record of on-time 
payments significantly improves a borrower’s credit profile, while missed 
or late payments can have a negative impact. Lenders use credit scores as 
a standard screening tool to evaluate loan applicants. a strong personal 
credit score is especially important because many small businesses rely on 
the owner’s credit profile when applying for financing. Credit scores are 
also used to determine credit limits, loan terms, and applicable interest 
rates. Improving one’s credit score involves responsible credit behavior, 
such as reducing outstanding debt, paying bills promptly, avoiding 
unnecessary credit inquiries, and maintaining long-term credit accounts. 
Because credit scores play such an important role in financial decision-
making, individuals and businesses should understand their importance 
and take proactive steps to maintain or improve their credit standing.

Debt to Income Ratio (%): Lenders use the debt-to-income ratio (DTI), 
a crucial financial indicator, to evaluate a borrower’s capacity to make loan 
repayments and manage monthly debt obligations. The DTI ratio, when 
expressed as a percentage, contrasts a person’s total monthly debt payments 
with their entire monthly income. It is a crucial marker of sound financial 
standing and influences loan approval choices, particularly for mortgages, 
small company finance, and personal loans. Lenders typically categorize 
DTI ratios into two groups: front-end and back-end ratios. Only housing-
related costs are taken into account by the front-end ratio, whereas other 
recurrent debt payments—including credit card bills, auto loans, student 
loans, and current mortgages—are included in the back-end ratio. For 
instance, a person’s DTI ratio would be 40% if they make $5,000 a month 
and owe $2,000 in total debt each month. Better financial stability and a 
stronger capacity to take on more debt are indicated by a lower DTI ratio, 
which increases the borrower’s appeal to lenders. A greater DTI ratio, on 
the other hand, suggests that a sizable amount of income is committed to 
current loans, which raises questions regarding the borrower’s capacity to 
make future loan payments. Depending on the loan type and the lender’s 
criteria, the majority of financial institutions want a DTI ratio of less than 
36%, with 43% being mentioned as the highest limit for creditworthiness. 
For long-term financial stability as well as loan approval, DTI monitoring 
and management are essential. Borrowers can lower their debt by paying 
off existing loads or raise their income in order to improve their DTI ratio. 
Because it offers important information about the borrower’s financial 
obligations and risk profile, the DTI ratio is therefore a crucial factor in 
the credit rating process.
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Approval Probability (%): “Approval Probability (%)” refers to the 
estimated probability that a loan application will be approved based on 
several key financial indicators. This percentage is typically derived from 
predictive models that assess an applicant’s creditworthiness, using factors 
such as credit score, debt-to-income (DTI) ratio, requested loan amount, 
income stability, and other financial behaviors. The goal is to provide both 
lenders and borrowers with a data-driven estimate of how likely a loan 
request is to be approved under current lending criteria. A high approval 
probability — typically above 80% — indicates that the applicant presents 
a low credit risk, often due to a strong credit score, low DTI ratio, and a 
loan amount that is consistent with their financial ability. Conversely, a 
low probability means that the borrower may be considered a higher risk, 
perhaps due to a poor credit history, high DTI ratio, or a disproportionately 
large loan request. This does not mean that the application will be rejected, 
but it does indicate that additional review or documentation may be 
required. Lenders use approval probability to streamline the decision-
making process, reduce the workload of manual underwriting, and reduce 
the risk of loan default. For borrowers, this percentage can serve as a 
useful benchmark when purchasing loans, helping them understand how 
their financial profile compares to approval standards. Modern financial 
institutions can incorporate machine learning models to continuously 
improve the accuracy of these predictions by analyzing large amounts of 
historical loan data. In short, “approval probability (%)” is a critical metric 
that bridges the gap between a borrower’s expectations and a lender’s risk 
assessment, providing transparent and measurable insight into the loan 
approval process.

Optimization Techniques

Random forest regression: One effective and popular machine learning 
method for forecasting continuous outcomes is random forest regression. 
It is a member of a family of ensemble learning techniques that enhance 
overall predictive performance and robustness by combining several 
separate models. Specifically, Random Forest builds a large number of 
decision trees throughout the training process and aggregates their results 
to get a final forecast. In order to minimize overfitting and improve 
model generalization, each tree is constructed using a random subset 
of the training data and a random subset of features. One of the main 
advantages of Random Forest regression is its ability to handle complex, 
nonlinear relationships between variables without the need for extensive 
data preprocessing or strict assumptions about the data distribution. It is 
relatively insensitive to outliers and noise, making it suitable for a wide range 
of real-world applications, from finance and healthcare to environmental 
modeling and marketing analysis. Furthermore, Random Forest provides 
useful measures of feature importance, helping practitioners identify 
which variables have the most impact on predictions. This descriptive 
feature is valuable for gaining insights into underlying patterns within 
the data. Despite its strengths, Random Forest can be computationally 
demanding when dealing with very big datasets, and in order to get the 
best results, it can be necessary to adjust hyperparameters like the number 
of trees and tree depth.

AdaBoost regression: AdaBoost regression is an ensemble learning 
method that turns several weak learners into one strong learner, 
increasing the accuracy of regression models predictor. It is an adaptation 
of the AdaBoost (adaptive boosting) algorithm, originally designed for 
classification tasks, which was extended to handle continuous target 
variables. The main idea behind AdaBoost regression is to train a series 
of simple models - often decision trees of finite depth - in which each 
subsequent model focuses on correcting errors made by its predecessors. 
This is achieved By giving data points that were not well predicted in earlier 
iterations greater weights, subsequent models are compelled to focus more 
on challenging cases. The weighted total of all weak learners’ predictions 

is the ensemble output resulting in improved overall performance and 
robustness. AdaBoost regression is particularly useful for dealing with 
nonlinear relationships and complex datasets, where traditional regression 
methods struggle. However, it can be sensitive to noisy data and outliers, 
as these points can receive increasing weights during training, which can 
lead to overfitting. Despite this, its ability to improve weak models makes 
it a popular choice for predictive tasks in various fields such as finance, 
bioinformatics, and engineering. The adaptability and relatively simple 
implementation of this method have contributed to its widespread use in 
regression problems that require high predictive accuracy.

Results and Discussions

Table 1: Commercial Lending

Loan Amount 
($)

Credit Score Debt to Income 
Ratio (%)

Approval 
Probability (%)

721155 843 33.92 95.38

187337 672 43.15 96.48

571430 766 24.27 90.41

949159 731 31.71 93.57

962756 688 15.64 90.18

241335 613 12.98 94.63

91090 849 40.89 90.37

379365 608 17.95 94.80

377069 691 40.85 90.90

826997 710 12.96 93.04

397449 805 22.44 97.15

550186 731 28.89 98.59

206730 601 14.78 98.12

134654 643 11.26 95.41

The loan amounts requested by applicants vary widely, from $91,090 
to $962,756. This represents a variety of loan needs, from relatively small 
loans to substantial financing. Credit scores also show considerable 
variation, ranging from a low of 601 to a high of 849, reflecting a wide 
range of borrower creditworthiness - from fair to excellent. Debt-to-
income (DTI) ratios fluctuate significantly, with values as low as 11.26% 
and as high as 43.15%. Some applicants carry relatively low debt loads 
relative to their income, while others have very high obligations, which 
can affect their ability to repay new loans. Approval probabilities for these 
loans are consistently high, often exceeding 90%, ranging from 90.18% 
to 98.59%. Despite differences in loan amounts, credit scores, and DTI 
ratios, most applicants have a strong chance of approval, which may reflect 
a lending environment with relatively lenient or well-calibrated criteria. 
The data suggests that higher loan amounts and better credit scores do 
not necessarily guarantee approval, but they do seem to be consistent with 
higher probabilities overall.

Table 2. Descriptive Statistics

Loan Amount ($) Credit Score Debt to 
Income Ratio 
(%)

Approval 
Probability (%)

count 14.000000 14.000000 14.000000 14.000000

mean 471193.714286 710.785714 25.120714 94.216429

std 298620.778438 82.516365 11.434537 2.905736

min 91090.000000 601.000000 11.260000 90.180000

25% 215381.250000 650.250000 14.995000 91.435000
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50% 388407.000000 700.500000 23.355000 94.715000

75% 683723.750000 757.250000 33.367500 96.212500

max 962756.000000 849.000000 43.150000 98.590000

The dataset contains 14 loan applications. On average, the loan 
amount requested is approximately $471,194, but there is a wide range 
of loan amounts with a standard deviation of about $298,621, indicating 
considerable variation in loans. The smallest loan requested is $91,090, 
while the largest reaches almost $963,000. The average credit score among 
applicants is 711, with a moderate spread (about 82.5 standard deviation). 
The lowest credit score recorded is 601, and the highest is 849, reflecting 
a mix of creditworthiness among applicants. The debt-to-income (DTI) 
ratio averages 25.1%, with a standard deviation of 11.43%, indicating 
varying levels of financial obligation relative to income. The minimum 
DTI is about 11.26%, and the maximum goes up to 43.15%. The middle 
50% values fall between approximately 15% and 33%, indicating that most 
applicants maintain a moderate debt burden relative to their income. 
Finally, the loan approval probability is generally high, averaging 94.2%, 
with a narrow spread (standard deviation ~2.9%). The lowest approval 
probability is around 90.2%, and the highest reaches almost 98.6%.

Figure 1: Healthcare Service

The main diagonal displays the distribution of five key variables: Loan 
Amount (ranging from approximately $200,000 to $1,000,000), Credit 
Score (concentrated between 650-800), Debt-to-Income Ratio (primarily 
distributed between 10-45%), and Approval Probability (showing a 
bimodal distribution with peaks around 91% and 96%). The off-diagonal 
panels reveal pairwise relationships between these variables, indicating 
moderate correlations between credit scores and approval probabilities, 
while loan amounts appear relatively independent of other factors. The 
histograms show that most loans fall within typical ranges for each metric, 
with credit scores following a relatively normal distribution, debt-to-
income ratios showing a right-skewed pattern, and approval probabilities 
clustering at higher values, suggesting the dataset primarily contains 
creditworthy applicants.

 

Figure 2: Correlation heat map between the process parameters and the 
responses.
The analysis reveals several important patterns in the data relationships. 

The strongest positive correlation (0.53) relationship between the debt-
to-income ratio and credit score, indicating that borrowers with greater 
credit scores tend to have higher debt-to-income ratios, which may reflect 
their greater access to credit products. Conversely, Approval Probability 
shows negative correlations with most other variables, including Loan 
Amount (-0.28), Credit Score (-0.25), and Debt-to-Income Ratio (-0.16), 
indicating that higher values in these metrics are associated with lower 
approval probabilities in this dataset. The moderate positive correlation 
between Loan Amount and Credit Score (0.24) suggests that borrowers 
seeking larger loans typically have better credit profiles.

Figure 3: Random Forest Regression (Training data)
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The diagonal dashed line represents perfect prediction (where 
predicted values exactly match actual values), serving as a reference for 
model performance evaluation. The data points cluster tightly around 
this diagonal line, particularly in the 90-98% approval probability range, 
indicating strong model fit and high predictive accuracy on the training 
data.

Figure 4: Random Forest Regression (Testing data)

The plot shows only two data points in the testing set, both positioned 
in the 93-100% approval probability range, which aligns with the high 
approval probability distribution observed in the training data. Both 
predictions appear reasonably close to the diagonal line, suggesting that 
the model maintains its predictive capability when applied to new, unseen 
data. However, the limited number of test samples makes it challenging to 
comprehensively assess model generalization performance across the full 
range of possible approval probabilities.

Figure 5: AdaBoost Regression (Training data)

The diagonal dashed line represents perfect prediction accuracy, 
where predicted values exactly match actual values. The visualization 
reveals exceptional model performance with data points forming a nearly 
perfect linear alignment along the diagonal reference line, spanning from 
approximately 90% to 98% approval probability. This expanded view 
shows more data points than previous figures, demonstrating consistent 
predictive accuracy across the full range of training samples. The precise 
clustering of points along the diagonal indicates minimal residual errors 
and confirms the model’s ability to accurately capture the complex 
relationships between loan features and approval outcomes

Figure 6: AdaBoost Regression (Testing data)

The plot displays two test data points positioned at different locations 
relative to the diagonal: one point shows close alignment near the 92-
93% approval probability range, while the second point appears at 
approximately 100% actual approval probability with a predicted value 
around 91%, indicating a notable prediction error. This deviation suggests 
that while the model performs well for most cases, it may underestimate 
approval probabilities for certain high-probability scenarios. The limited 
sample size of two test points restricts comprehensive evaluation of model 
generalization, but the observed variance between predicted and actual 
values highlights the importance of robust testing with larger datasets.

Conclusion
 The study concludes by highlighting the strengths and limitations of 

ensemble learning models – specifically random forest regression (RFR) 
and AdaBoost regression (ABR) – in predicting the probability of loan 
approval. While both models exhibit excellent performance on training 
data—particularly AdaBoost, which nearly perfectly fits the training 
set—their performance significantly deteriorates on test data, indicating 
overfitting. The high error values and negative or anomalous R² scores on 
the test set suggest that the models fail to generalize effectively to unseen 
data. This highlights the importance of employing techniques such as 
cross-validation, hyperparameter tuning, and model regularization to 
enhance predictive accuracy and robustness. Additionally, it underscores 
the need for balanced and representative datasets to ensure reliable 
performance across various scenarios.



Citation:  Dandasi, V. V.  “Credit Intelligence Reimagined: Leveraging Predictive Algorithms for Smarter Commercial Lending Decisions” International Journal of Computer 
Science and Data Engineering., 2025, vol. 2, no. 3, pp. 1–7. doi: https://doi.org/10.55124/csdb.v2i3.253

6

© Dandasi, V. V. at al.

Table 3. Random Forest Regresion (training &testing Data)

Data Symbol Model R2 EVS MSE RMSE MAE MaxError MSLE MedAE

Train RFR Random Forest Regression 0.7776 0.7776 1.6387 1.2801 1.1494 1.8319 0.0002 1.2986

Test RFR Random Forest Regression 1.3740 0.1191 18.2812 4.2756 3.1086 6.0442 0.0020 3.1086

On the training data, this model shows strong performance with an R² score of 0.7776, indicating that approximately 77.76% of the variance in the 
target variable is explained by the model. Supporting this, the explained variance score (EVS) is 0.7776. Other error metrics, such as the mean squared 
error (MSE) at 1.6387, the root mean squared error (RMSE) at 1.2801, the mean absolute error (MAE) at 1.1494, and the mean absolute error (MedAE) 
at 1.2986, further confirm that this model fits the training data reasonably well. The maximum error on the training set is 1.8319, and the mean squared 
log error (MSLE) is low at 0.0002.

Table 4. Ada Boost Regresion (training &testing Data)

Data Symbol Model R2 EVS MSE RMSE MAE MaxError MSLE MedAE

Train ABR AdaBoost 
Regression

0.9995 0.9996 0.0035 0.0593 0.0243 0.1700 0.0000 0.0000

Test ABR AdaBoost 
Regression

2.9113 0.4314 30.1193 5.4881 4.3700 7.6900 0.0033 4.3700

On the training data, the model performs exceptionally well, with an 
R² score of 0.9995 and an Explained Variance Score (EVS) of 0.9996, 
indicating near-perfect prediction accuracy. The error metrics are 
extremely low: Mean Squared Error (MSE) is just 0.0035, Root Mean 
Squared Error (RMSE) is 0.0593, Mean Absolute Error (MAE) is 0.0243, 
and both Maximum Error and Median Absolute Error (MedAE) are 
minimal at 0.1700 and 0.0000, respectively. The Mean Squared Log Error 
(MSLE) is essentially zero, reflecting excellent performance on the training 
set. However, the model’s performance on the test data tells a different 
story. The R² score jumps to an unrealistic 2.9113, which suggests an 
anomaly or potential issue in how the metric was calculated, as R² scores 
above 1 typically indicate overfitting or incorrect computation. Moreover, 
the EVS becomes negative (-0.4314), suggesting poor explanatory power 
on new data. Error values rise sharply, with MSE at 30.1193, RMSE at 
5.4881, and MAE at 4.3700.
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