[image: Discover University of Wales Trinity Saint David]	





Artificial Intelligence for Credit Risk Assessment
Predicting Loan Default Risk with Logistic Regression and Random Forest: A Comparative and Interpretability Study












Student name            : Vamsi Bejjam
Student ID number   :  2527053
Programme               :  MSc Data and Artificial Intelligence
Module                      :  Artificial Intellegence
Lecturer                    :  Malik Mehmoud







Contents
Abstract	2
1. Introduction and Problem Statement	2
2. Methodology	3
2.1 Dataset and Target Definition	3
2.2 Preprocessing	3
2.3 Model Development and Tuning	3
2.4 Interpretability and Fairness Methods	4
3. Experiments and Results	4
3.1 Exploratory Findings	4
3.2 Model Performance	4
3.3 Interpretability	5
3.4 Fairness Probe	6
4. Discussion	7
4.1 Model Comparison and Generalisation	7
4.2 Interpretability Trade-offs	7
4.3 Bias and Fairness	7
4.4 Overfitting and Robustness	8
5. Conclusion and Recommendations	8
References	10



















[bookmark: _Toc235972026]Abstract
Credit risk assessment plays a crucial role in determining whether a lender grants credit and under what specific conditions, making its accuracy and fairness highly important for both financial institutions and applicants. This report develops and compares two machine learning classification models—Logistic Regression and Random Forest—to predict loan default risk using the Lending Club loans_full_schema dataset, which contains 10,000 loans and 56 features. After applying leakage-safe preprocessing and performing hyperparameter optimisation through a 5-fold cross-validated grid search, the Random Forest model achieved a higher test ROC-AUC score of 0.643 compared to 0.609 for Logistic Regression, while also delivering significantly higher precision at the expense of lower recall for the minority (at-risk) class. The most influential features in both models are interest rate and loan grade—outputs from Lending Club’s own underwriting process—followed by debt-to-income ratio, credit utilisation, and income. SHAP analysis further validates these key drivers and provides insight into their directional impact on predictions. A proxy-based fairness assessment, using region and homeownership due to the absence of protected demographic attributes, indicates that the gap between predicted and actual risk is more pronounced for renters than for homeowners, highlighting a potential disparity that requires further examination. The report concludes with recommendations for responsible deployment, emphasising the need for human oversight, continuous monitoring, and careful consideration of proxy discrimination risks.
[bookmark: _Toc235972027]1. Introduction and Problem Statement
In retail and consumer banking, credit risk assessment—calculating the likelihood that a borrower would default on a loan—is a fundamental duty. Lenders used to rely on manually created scorecards and the judgment of analysts; however, statistical and machine learning (ML) models are now commonplace and offer higher predicted accuracy and consistency than heuristic guidelines [1]. The move to machine learning, however, comes with concerns of its own: models may be opaque to loan officers and regulators who have to defend choices, and they may pick up on and magnify discriminatory tendencies from the past even if protected variables are not included in the training data [8], [9].
A substantial body of recent work compares linear and ensemble classifiers for credit scoring. Ensemble methods such as Random Forest and Gradient Boosting typically outperform Logistic Regression on raw predictive accuracy and ROC-AUC [3], [4], [5], while Logistic Regression remains attractive for its transparency and ease of regulatory justification [6]. Dumitrescu et al. show that hybrid approaches — injecting non-linear, tree-derived effects into a logistic framework — can partially close this gap while retaining interpretability [7]. In parallel, a growing literature documents that ML-based credit scoring, even without explicit demographic inputs, can widen disparities across race, geography, and income through proxy variables, and argues for aligning fairness research with existing fair-lending regulation such as the US Equal Credit Opportunity Act [8], [9], [10].
This report addresses three linked questions using the Lending Club dataset: (1) how do a linear model and a tree-based ensemble compare on predictive performance for default risk under realistic class imbalance; (2) which applicant and loan characteristics most influence predicted risk, and can this be explained transparently; and (3) what fairness risks does such a model pose, given that direct demographic attributes are unavailable, and how might a lender deploy it responsibly.
[bookmark: _Toc235972028]2. Methodology
[bookmark: _Toc235972029]2.1 Dataset and Target Definition
The loans_full_schema extract contains 10,000 Lending Club loans issued between February and April 2018, with 55 fields covering applicant financials, credit history, and loan terms. Because the snapshot was taken shortly after issuance, 93.75% of loans are still labelled Current in the raw loan_status field, and only 7 are Charged Off — too few, and too early in the loan lifecycle, to model default in the strict sense. Following common practice for this dataset, a binary default_risk target was constructed: loans showing any sign of repayment distress (Charged Off, Late 31–120 days, Late 16–30 days, or In Grace Period) were labelled 1 (at-risk); Current and Fully Paid loans were labelled 0. This yields 178 at-risk loans (1.78%) — a proxy target and a acknowledged limitation, discussed further in Section 4.
[bookmark: _Toc235972030]2.2 Preprocessing
[bookmark: _Toc235972031]Five variables—balance, paid_total, paid_principal, paid_interest, and paid_late_fees—capture loan performance outcomes after the point of origination and are effectively near-deterministic transformations of the target variable, loan_status; consequently, they were excluded from the modelling process to eliminate the risk of target leakage. In addition, non-informative or redundant fields were removed, including row identifiers, the unstructured free-text field emp_title, the 32-category sub_grade variable (which is largely redundant with grade and highly collinear with interest_rate), and issue_month, which contains only three unique values and therefore exhibits negligible variability. To manage high-cardinality categorical data while still retaining meaningful geographic information, the 50-category state variable was aggregated into four broader U.S. Census regions, enabling dimensionality reduction while preserving its usefulness for subsequent fairness analysis. Furthermore, three features related to joint applications—specifically income and debt-to-income metrics—were dropped due to excessive missingness (over 85%), as the application_type variable already provides an explicit indicator of joint applicants. For variables where the absence of data itself conveys meaningful information (for example, months since last delinquency being missing because no delinquency has occurred), dedicated missing-indicator flags were introduced, and appropriate sentinel values were imputed to retain this signal. In contrast, numeric variables with relatively low levels of missingness, such as employment length, debt-to-income ratio, and counts of past-due accounts, were imputed using median or zero values as appropriate. Finally, all numerical features were standardised to ensure comparability, and categorical variables were transformed באמצעות one-hot encoding within a scikit-learn ColumnTransformer; this entire preprocessing workflow was encapsulated within a Pipeline structure to ensure that transformations were applied consistently and to prevent any form of data leakage across cross-validation folds.
2.3 Model Development and Tuning
[bookmark: _Toc235972032]Two classifiers were trained: (a) Random Forest [11], a bagged ensemble of decision trees that can capture non-linear interactions, and (b) Logistic Regression, a linear baseline prized for its transparent, additive coefficients. Both models employed class_weight='balanced' instead of resampling due to the 1.78% positive rate, and they were mainly assessed using ROC-AUC, a threshold-independent metric suitable in cases of extreme imbalance. GridSearchCV was used to adjust the following hyperparameters using 5-fold stratified cross-validation on an 80/20 stratified train-test split: Random Forest over the number of trees, maximum depth, and minimum samples per leaf; Logistic Regression over the regularization strength C (l2 penalty).
2.4 Interpretability and Fairness Methods
Model-agnostic and model-specific interpretability tools were applied: standardised Logistic Regression coefficients (converted to odds ratios), Random Forest Gini feature importances, and SHAP (SHapley Additive exPlanations) values [2], computed via TreeExplainer on a 500-loan sample of the test set, to obtain a consistent, game-theoretic attribution of each feature's contribution to individual predictions. Because the dataset contains no direct demographic attributes, a proxy fairness check compared each model's predicted-positive rate against the actual observed risk rate across region and homeownership subgroups.
[bookmark: _Toc235972033]3. Experiments and Results
[bookmark: _Toc235972034]3.1 Exploratory Findings
The target is heavily imbalanced (1.78% at-risk), and missingness is concentrated in a handful of credit-history fields tied to events that many borrowers have never experienced (e.g. 77% missing for months since a 90-day-late payment, since most borrowers have none). At-risk rate rises monotonically with Lending Club's own risk grade — from 0.77% for Grade A to 12.07% for Grade F — confirming that the existing underwriting grade already captures most of the observable risk gradient in this sample.
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Figure 1. At-risk rate by Lending Club grade (left) and homeownership status (right).
[bookmark: _Toc235972035]3.2 Model Performance
Table 1 reports test-set performance. The Random Forest achieved the best cross-validated ROC-AUC (0.681 for Logistic Regression vs 0.659 for Random Forest in cross-validation; 0.609 vs 0.643 respectively on the held-out test set) and far higher precision (0.113 vs 0.023), at the cost of lower recall (0.194 vs 0.361) — a direct consequence of the balanced class-weighting pushing Logistic Regression toward many more positive predictions at the default 0.5 threshold, which inflates recall but collapses precision.
	Model
	Accuracy
	Precision
	Recall
	F1-score
	ROC-AUC

	Logistic Regression
	0.712
	0.023
	0.361
	0.043
	0.609

	Random Forest
	0.958
	0.113
	0.194
	0.143
	0.643


Table 1. Test-set performance (20% held-out sample, n = 2,000).
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Figure 2. Confusion matrices for Logistic Regression and Random Forest on the test set.
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Figure 3. ROC and precision–recall curves. Both curves emphasise the modest but above-chance discrimination achieved given the class imbalance.
[bookmark: _Toc235972036]3.3 Interpretability
Interest rate has the largest standardized coefficient (odds ratio 1.52) for logistic regression, followed by homeownership (owning outright slightly increases risk relative to the mortgage baseline), months since the last credit inquiry (protective, i.e., longer gaps lower risk), installment amount, and loan grade indicators. The SHAP summary plot, which further demonstrates that higher interest rates and higher debt-to-income ratios push predictions toward higher risk while longer credit histories and lower utilization push predictions toward lower risk, confirms the generally consistent picture across both models. For Random Forest, interest_rate once again dominates (16.9% of total importance), followed distantly by instalment amount, credit utilization, debt-to-income ratio, and months since last credit inquiry.
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Figure 4. SHAP summary plot (Random Forest, 500-loan test sample) — feature value colour (red = high, blue = low) against impact on predicted risk.
[bookmark: _Toc235972037]3.4 Fairness Probe
Table 2 compares each subgroup's actual at-risk rate against each model's predicted-positive rate. Most subgroups show predicted rates broadly proportional to actual rates, but renters show the largest divergence: a 1.75% actual at-risk rate versus a 4.72% Random Forest predicted-positive rate (2.7×) and a 35.22% Logistic Regression predicted-positive rate — both the highest predicted rate of any subgroup and the largest actual-to-predicted gap, exceeding the gaps seen for mortgage-holders (1.16×) and outright owners (1.25×).
	Group
	n
	Actual At-Risk Rate
	RF Predicted Rate
	LR Predicted Rate

	Region: Midwest
	355
	1.13%
	2.82%
	27.61%

	Region: Northeast
	377
	3.18%
	3.98%
	29.97%

	Region: South
	736
	1.90%
	2.45%
	28.80%

	Region: West
	532
	1.13%
	3.57%
	26.88%

	Homeownership: Mortgage
	963
	1.97%
	2.28%
	21.60%

	Homeownership: Own
	296
	1.35%
	1.69%
	32.77%

	Homeownership: Rent
	741
	1.75%
	4.72%
	35.22%


Table 2. Actual vs predicted at-risk rate by region and homeownership (test set).
[bookmark: _Toc235972038]4. Discussion
[bookmark: _Toc235972039]4.1 Model Comparison and Generalisation
The performance gap between the two models is modest and broadly consistent with the literature, where ensemble methods typically edge out linear baselines on raw discrimination but by a smaller margin than is often reported on larger, less imbalanced datasets [3], [4], [5]. The absolute ROC-AUC achieved here (0.61–0.64) is well below the 0.78–0.91 range reported in comparable studies [3], [4], [5]; this reflects three dataset-specific constraints rather than a modelling failure: the small sample size (10,000 loans), the extreme class imbalance (1.78% positive), and the coarse proxy target, which mixes early-stage delinquency (In Grace Period) with confirmed charge-offs and necessarily adds label noise. Cross-validated and test-set ROC-AUC values are reasonably close for both models (within 0.02–0.07), suggesting neither model is severely overfitting the training folds, though the gap is somewhat larger for Random Forest, consistent with its higher variance relative to the regularised linear model.
[bookmark: _Toc235972040]4.2 Interpretability Trade-offs
Logistic Regression's coefficients are directly and globally interpretable — a one-standard-deviation increase in interest_rate multiplies the odds of default-risk by 1.52, holding other features constant — which is valuable for regulatory explanation and adverse-action notices. Random Forest requires post-hoc tools (Gini importance, SHAP) to achieve comparable transparency; SHAP's advantage is that it also explains individual predictions, which is closer to what a loan officer or applicant actually needs (why was this specific application flagged?) than a global importance ranking. Both approaches converge on the same top drivers, which is reassuring, but this convergence is partly explained by the fact that interest_rate and grade are themselves the output of Lending Club's existing risk model: our classifiers are, to a substantial degree, re-deriving LC's underwriting grade rather than discovering independent risk signal from raw applicant data. A model intended to challenge or audit an existing underwriting process should be trained without grade/interest_rate as inputs, to isolate what new signal, if any, the applicant-level features contribute.
[bookmark: _Toc235972041]4.3 Bias and Fairness
Lending Club's public data, like most US consumer credit data, omits race, gender, and age — a feature of fair-lending compliance, not an accident, since the Equal Credit Opportunity Act restricts their use in credit decisions [9]. This does not guarantee fair outcomes: correlated proxies can still encode disparate impact [8], [10], and the literature on mortgage and consumer lending documents that ML-based scoring can widen, not narrow, disparities relative to traditional scorecards for some demographic groups [9]. Our proxy audit is consistent with this concern in a modest way: renters (arguably a lower-wealth homeownership tier) show the sharpest divergence between actual and predicted risk. With only 178 at-risk loans in the full sample and roughly 35 in the test set's renter subgroup, this finding should be treated as indicative rather than conclusive — a larger, purpose-built fairness audit using true protected attributes and demographic-parity or equal-opportunity metrics [10] would be needed before drawing firm conclusions.
[bookmark: _Toc235972042]4.4 Overfitting and Robustness
Given the dataset's size and imbalance, both models risk instability across resampling; the grid search's use of stratified 5-fold cross-validation partially mitigates this, but a single 80/20 split still leaves only ~36 positive test examples, so reported precision/recall figures carry wide confidence intervals. Any production deployment would require a substantially larger, temporally split (train on earlier vintages, test on later ones) dataset with a matured, unambiguous default definition, rather than the proxy target used here.
[bookmark: _Toc235972043]5. Conclusion and Recommendations
Both Logistic Regression and Random Forest models successfully identify meaningful and statistically significant patterns that go beyond random chance when predicting credit default risk from Lending Club’s detailed applicant-level dataset, demonstrating that machine learning approaches can effectively uncover underlying risk structures in financial data. Among the two, the Random Forest model delivers stronger overall predictive capability, achieving better discrimination between defaulters and non-defaulters as well as higher precision, although this improved performance comes with a trade-off in the form of reduced recall for the minority (high-risk) class and decreased model transparency and interpretability compared to the more straightforward Logistic Regression approach. In both models, interest rate and loan grade consistently emerge as the most dominant and influential predictors, highlighting that a large proportion of the detectable credit risk signal in this dataset has already been embedded within Lending Club’s own internal underwriting outputs. However, several additional applicant-level variables also contribute valuable predictive information beyond these institution-derived features, including debt-to-income ratio, which reflects a borrower’s financial burden; credit utilisation, which captures how much of their available credit is being used; the recency and frequency of credit inquiries, indicating recent credit-seeking behaviour; annual income, representing repayment capacity; employment length, reflecting financial stability; loan amount and term, which influence repayment difficulty; and past delinquency indicators such as late payments or public records, all of which collectively enhance the models’ ability to assess default risk more comprehensively.
For responsible deployment, we recommend: (1) using SHAP or equivalent case-level explanations wherever a Random Forest or similar ensemble informs an adverse action, to satisfy explainability expectations; (2) auditing model outputs against available proxy variables (geography, homeownership, income) on a recurring basis, given the absence of direct demographic data, and escalating to a full fairness audit if disparities of the kind seen for renters persist at scale; (3) retraining and revalidating on a larger, temporally matured sample with a stricter default definition before any production use; and (4) retaining human review for borderline or high-impact decisions rather than fully automating credit outcomes, consistent with current thinking on AI governance in lending [8], [10].
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