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Abstract:

This study is aimed to examine ways to improve traditional credit risk assessment processes by integrating
machine learning algorithms. Conventional methods are characterized by linear analysis that are known for
misclassifying borrowers and are prone to high default errors. The primary focus of this study is to verify
the validity of Al driven models and their ability to enhance accuracy and overall portfolio reliability within
such limitations. I evaluated two models that measure credit risk using a dataset of 10,000 loan records,
testing their performance on an identical sample of 2,000 loans, by comparing six key performance
indicators. The results indicate remarkable improvement in the Al model (proven by an increase of 11.6
percentage points in classification accuracy, a 22.5 percentage increase in sensitivity, an increase of 0.176
in AUC-ROC, and a reduction of 22.5 percentage points in false approval rates. By capturing hidden risk
interactions, lowering Expected Credit Loss provisions and maintaining compliance under [FRS 9 and US
GAAP frameworks, machine learning can considerably influence credit evaluation . But historical
hesitations regarding model transparency and regulatory tension remain areas of concern that require tools
like SHAP in order to be adopted into the industry.
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Introduction:

For nearly three years, the monetary policy of the United States was foreseeable in nature. Interest
rates had been decreasing slowly and steadily from their high point due to the pandemic and
markets, businesses, and people had been pricing themselves in anticipation of lower interest rates.
However, the basis of this theory lay in the fact that the level of inflation was gradually reaching
its target level of 2%, and slow economic growth, not higher inflation, was a concern. However,
the economic conditions prevailing in 2026 were far from being anticipated by everyone. The crisis
with Iran led to unstable energy markets, inflation levels started moving up again, and even the
Fed lost patience.

The extent of this change would have been a better measure of the fact that the underlying
assumptions in many years of policy guidance had become invalid than the technical nature of this
change. The reliance of the Fed on the emergence of new information as the major mechanism of
controlling matters created a situation that had not been considered in the calculations of virtually
everybody, even those that had forecasted, traded or predicted prior to the Fed. By September, Fed
policymakers that had anticipated rate cuts in 2026 until February had all been agreed on a rise.
In order to respond to the emerging data, the Fed adopted measures that the central banks have
used since time immemorial in order to react to the emerging data: analysis of labor market and
inflation data, analysis of energy price shocks and changes in the policy rate accordingly. A central
bank may find itself forced to focus on price stability even at the expense of growth in case inflation
data has consistently exceeded target levels. Energy price shocks in particular have in the past
made it difficult for the Fed to distinguish between transient and lasting inflation pressures
(Bernanke, 2022).

Individually, each technology addresses a piece of the puzzle, however the main research question
is: What were the macroeconomic conditions, the combination of which forced the Fed to increase
the federal funds rate in September 2026 after three years of no interest rates hikes, and which one
was the most decisive?

To answer this question, my study aims to:

1) For the period of several months prior to the September 2026 announcement, monitor the
behavior of the inflation (CPI and PCE, both headline and core).

2) For the same period of time, analyze the developments of the labor market conditions
(unemployment).

3) Identify the magnitude of the impact of the volatility of energy prices due to the conflict in
Iran on inflationary pressures.

4) Assess whether the developments regarding the GDP growth have aided or impeded the
tightening.

5) As a tool to evaluate the degree of the reversal, compare the Fed’s policy actions to its
projections (dot plots).

6) Assess the implications of this decision for the future path of the monetary policy up until
2027.
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Literature Review:

Credit risk assessment and default prediction previously relied on traditional statistical methods
like Logistic Regression (Hand & Henley, 1997; Thomas et al., 2017) which has long been the
industry's standard for credit scoring due to its simplicity, interpretability and ease of scorecard
conversion while still aligning with regulatory requirements (Siddiqi, 2012; West, 2000).
However, evidence-based studies highlight the struggle of traditional models in evaluating non-
linear interactions and behavioral patterns within multi-dimensional financial datasets (Khandani
et al., 2010; Lessmann et al., 2015). This results in higher misclassification rates particularly
Type 11 errors (the classification of high-risk borrowers as creditworthy) (Hand & Henley, 1997).

In order to overcome such limitations, financial risk modeling shifted toward the usage of
modern machine learning models such as Random Forest, Decision Trees, and Neural Networks
(Breiman, 2001; Khashman, 2010). Such ensemble algorithms merge decision trees together
through a process called bootstrap aggregation that is able to spot non-linear patterns which
ultimately eliminates the need for prior data distribution assumptions (Breiman, 2001).

In the Scope of Machine’s learning and Al on other financial tools and metrics, this new
technology has a positive impact on firms in general, and SME’s in particular (Khalife et al.,
2024), especially in vulnerable environments were uncertainty represented by Probability of
default (POD) has a much higher percentage to occur (Athari et al., 2023), however, to fully
benefit from these technologies business experience and entrepreneurial knowledge remain
essential (Chaanine et al., 2023). Extended Al use may also increase financial transparency
according to a study by Saber and Sassine (2022), (Sawaya et al., 2026) go one step further by
discussing that Al has revolutionized the audit industry. Additionally, scholars argue that
technology enabled better pricing (Khalife et al., 2023), thus increasing market efficiency,
science and technology may also provide better tools to predict financial distress (Elia et al.,
2021).

Benchmark analyses demonstrate the outperformance of machine learning models across key
evaluation metrics, scoring much better on AUC-ROC (Area Under the Receiver Operating
Characteristic Curve) and achieving lower false-acceptance rates (Lessmann et al., 2015; Yeh &
Lien, 2009), to the degree that now even investor sentiment can be measured (Khalife et al.,
2025), Sawaya et al. (2025) discuss how other elements, such as auditor independence and
industry experience in using technology positively impact financial statements quality.

Despite their predictive superiority, advanced Al models face friction in deployment due to the
tension between performance and interpretability, often called the “black box” (Lessmann et al.,
2015; West, 2000). Under International Financial Reporting Standard 9 (IFRS 9), financial
institutions are required to estimate forward-looking Probability of Default to determine
Expected Credit Loss provisions (European Banking Authority, 2023), and are required to
explain reasons for defaults to regulators and auditors while providing adverse action reasons to
consumers (Siddiqi, 2012), furthermore, a limitation to credit assessment is the failure to take
into consideration important factors such as sustainability and ESG (Kaspard et al., 2026).

www.internationalmaronitejournal.com



http://www.internationalmaronitejournal.com/

107

Fortunately, explainable Al tools such as SHAP are finally bridging this gap. This means risk
managers no longer have to choose; they can adopt machine learning while complying with strict
regulatory checks (Lundberg & Lee, 2017).

Methodology:

In my research, I designed a comparative study to evaluate the performance and accuracy of
different credit default models . Using a dataset of 10,000 retail loan records, I ran two distinct
credit risk evaluation frameworks side-by-side. A portfolio this size allowed for highly accurate
classification metrics without introducing unnecessary data noise.

The Logistic Regression model traditionally used for evaluating credit risk processed applicants'
financial metrics (including annual income, loan amount, debt-to-income ratio and credit bureau
scores) through a linear, parametric log-odds formula. Underwriting decisions relied on
automated credit scores and predetermined fixed decisions, eliminating manual overrides. This
resulted in a failure to capture non-linear interactions or compounding credit risks.

In contrast, the Al model relied on non-linear logic to evaluate loan features across 500
individual decision trees built via bootstrap sampling using a Random Forest ensemble
architecture. The algorithm automatically grouped applicants with complex hidden risks, like a
combination of high debt and low credit score, to expose them early. The system relied on
flagging high-risk applicants and unusual behaviors that traditional models missed.

To justify the methodology, it was crucial to understand the reasoning behind the selection of the
Random Forest algorithm over alternative models. Random Forests solve the retail lending
dilemma by providing a perfect balance between high accuracy and regulatory compliance.
Single decision trees memorize historical data rather than learning general trends, which makes
them too unreliable, while advanced Deep Neural Networks are too complex and operate as a
"black box." This violates strict fair lending laws, which legally require banks to give applicants
clear, specific reasons for a denial. Random Forests combine individual trees to catch multi-
layered risk patterns, while maintaining clear and transparent ranking that shows exactly what
drove the decision.

For the evaluation to be fair, both samples were tested on an identical out-of-sample test partition
of 20% of the dataset (2,000 loan records). Performance was evaluated across six metrics:
classification accuracy, sensitivity, specificity, the false positive rate, the false approval rate, and
the area under the ROC Curve (AUC-ROC). Both frameworks were fed the exact same out-of-
sample data, which eliminated confounding variables and successfully isolated the true
predictive advantage of the Al algorithm.
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Results:

The following represents empirical data comparing traditional Logistic Regression model against
Al-driven Random Forest model's performance in predicting consumer credit defaults.
-Analysis executed on a structured dataset of 10,000 retail loan records.

Table 1: Descriptive Statistics of Selected Financial Variables

Variable Mean Standard Deviation = Min Max
Annual Income($) 68,500 24,100 18,000 250,000
Loan Amount($) 14,200 8,500 1,000 40,000
Debt-to-income 0.185 0.078 0.020 0.480
Credit Bureau Score = 695 45 580 830
Default Occurrence 0.142 0.349 0 1

Note: Default Occurrence is a binary indicator where I represents default and 0 represents full
repayment.

The Random Forest model reveals that the Debt-to-income ratio and Credit bureau score are the
highest weighted indicators in classifying default risk, followed by Annual Income and Loan Amount.

Model Comparative Performance
To evaluate default prediction capability, both models were tested on an out-of-sample test
partition (20% of dataset / 2,000 loans).

Table 2:Model Performance for credit risk assessment

Performance Metric Traditional Model Al Machine Learning Net Improvement
(Logistic Regression) Model (Random Forest)

Classification Accuracy  77.5% 89.1% +11.6%

Sensitivity (Recall Rate) 61.3% 83.8% +22.5%

Specificity (non-default  80.2% 90.0% +9.8%

Rate)

False Positive Rate 19.8% 10.0% -9.8%

False Approval Rate 38.7% 16.2% -22.5%

Area Under ROC Curve 0.748 0.924 +0.176

(AUC-ROC)

When we look at the results, the random forest model demonstrates strong performance reaching
89% accuracy compared to 77.5% from the logistic regression. The model is also better at
catching actual defaults improving sensitivity by 22.5%, decreased the false alarms by 9.8% and
false approvals by 22.5%. This indicates that the Al model has a superior capacity for accurately
differentiating between borrower risk profiles and reducing misclassification errors.

(A False Positive Rate (Type I Error) means wrongly rejecting creditworthy borrowers ,a False
Approval Rate (Type II Error) means wrongly accepting high-risk borrowers who default.)

The reduction in False Approval Rate represents a drop of 22.5 percentage points in
misclassification. This directly lowers non-performing loan exposure by filtering out high risk
applicants that previously passed traditional scoring models.
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Discussion and Conclusion:

To summarize, this study demonstrates a crucial shift in the way financial institutions can
evaluate risk. The results are clear: Al-models are vastly superior to traditional statistical
methods. They do not examine isolated variables; instead, they capture complex, hidden patterns
within a borrower’s profile .This was proven by achieving an accuracy rate of 89.1% making it a
highly reliable tool for predicting whether a consumer will default on a loan.

Apart from the accuracy score, the most significant finding for the banking sector is the Al
model's ability to drastically reduce costly mistakes. The machine learning models successfully
minimized the false approval of bad loans (a Type II error) which is incredibly damaging to a
bank's profitability, ending up with significantly fewer non-performing loans therefore lowering
Expected Credit Loss and keeping its portfolio healthy and compliant with IFRS 9.

The financial industry initially hesitated to adopt machine learning because traditional models
were easier and simpler to explain to regulators. However, with the development and
improvement of Al, transparency is no longer a barrier making Al a necessity for financial
institutions to protect themselves from avoidable losses while simultaneously providing fairer
extended credit to the right borrowers, finally it is worth noting that properly presented financial
statements, trust and clear project descriptions can reduce the cost of equity (Yin et al., 2025),
rendering the use of technology even more lucrative for firms.
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