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Abstract. Credit risk assessment is a challenging task with significant economic and financial impacts. It requires
capturing complex nonlinear patterns and interactions between variables to accurately predict creditworthiness and
minimize the risk of default. This study investigates the performance of a genetically-optimized homogeneous
ensemble composed of five Multilayer Perceptron (MLP) models applied to a large-scale peer-to-peer lending dataset.
Individual models achieved competitive precision scores (up to 80.57%); however, the optimized ensemble failed to
surpass the best-performing individual model under economically viable conditions. Ensemble scenarios operating
under a stricter classification threshold achieved higher precision gains but yielded negative Expected Profit per loan,
rendering them impractical for real-world credit granting. This finding was confirmed by a robustness check, where
the experiment was repeated after removing the top model. A pairwise error correlation analysis revealed consistently
high correlations among base learners (0.762-0.918), with co-occurring error rates between 79.43% and 93.93%,
providing empirical evidence that the base classifiers lack the predictive diversity necessary for synergistic ensemble
gains. The results reveal a critical boundary condition for ensemble methods: when base classifiers share the same
underlying learning algorithm, thereby lacking conceptual diversity, synergistic gains are unattainable; instead, the
optimization process converges on weighting the strongest component. This study concludes that classifier diversity
is a fundamental principle for an ensemble to deliver superior performance, regardless of the strength of its individual
learners, challenging the assumption that optimized ensembles universally outperform their strongest individual

components in machine learning.
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1 Introduction

In the financial industry, accurate credit risk assessment is cru-
cial for managing exposure to potential defaults. Credit risk
models aim to classify customers based on their likelihood of
meeting financial obligations. A key metric in this context is
precision, especially the ability to correctly identify customers
who are highly likely to fulfill their obligations—those with
a very low risk of default. High precision here minimizes the
risk of misclassifying high-risk customers as low-risk, thus
preventing potential losses from individuals likely to default.
This is important even if it means missing some business
opportunities by misclassifying low-risk customers.

Multilayer Perceptron (MLP) models are widely used in
credit risk assessment due to their ability to capture complex
patterns in data. However, individual MLP models, despite
their effectiveness, may not fully optimize precision score.
Ensemble methods, which combine the predictions of multi-
ple models, offer a promising approach to enhance model per-
formance. This paper explores the use of a genetic algorithm
to optimize an ensemble of five MLP models, maximizing
precision score in the context of credit risk assessment. The
goal is to refine the prediction of low-risk customers, ensur-
ing that those predicted to have a very low risk of default are
accurately identified.

In the financial industry, the provision of credit serves as

a fundamental pillar, fueling economic growth, enabling in-
vestment, and facilitating consumption across various sectors.
However, this vital function inherently carries significant
risks, primarily the potential for default, which can severely
impact the stability and profitability of financial institutions.
Effective credit risk assessment is therefore not merely an
operational necessity but a strategic imperative for managing
exposure to these potential defaults.

Credit risk models are designed to classify customers based
on their likelihood of fulfilling financial obligations. The
stakes in this classification are high, as misjudgments can lead
directly to substantial financial losses. Specifically, when a
high-risk customer is erroneously classified as low-risk and
granted a loan, the institution faces the potential loss of both
the principal amount extended and the anticipated interest
earnings. This direct financial impact underscores the impor-
tance of achieving highly accurate customer classification,
particularly in correctly identifying those who pose a genuine
default risk. While missing business opportunities by mis-
classifying low-risk customers can occur, preventing these
direct losses from defaults is often the primary concern.

MLP models are widely utilized in credit risk assessment
due to their inherent ability to capture complex, non-linear
patterns within intricate datasets. Despite their individual
effectiveness, single MLP models may not always achieve op-
timal performance across all critical metrics. This limitation
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often stems from the inherent trade-offs in model training and
the complexity of real-world financial data. Consequently,
ensemble methods, which strategically combine the predic-
tions of multiple individual models, offer a promising avenue
to enhance overall model robustness and predictive power.

This paper explores the application of a genetic algorithm
to optimize such an ensemble, specifically comprising five
distinct MLP models. The core objective of this optimization
is to maximize the precision score in the context of credit risk
assessment. Genetic algorithms are particularly well-suited
for this task due to their capacity to efficiently search vast
solution spaces, identifying optimal or near-optimal combina-
tions of weights that might be elusive through conventional
methods [Goldberg, 1989]. This evolutionary approach al-
lows for a refined tuning of the ensemble, aiming to ensure
that customers predicted to have a very low risk of default are
identified with the highest possible accuracy, thereby directly
contributing to the mitigation of financial losses.

This study investigates whether genetic algorithm opti-
mization can enhance the predictive performance of a ho-
mogeneous ensemble of MLP models beyond that of the
best-performing individual model in a large-scale credit risk
classification task. The research objective is to evaluate the
practical boundaries of ensemble optimization when base
learners share the same underlying learning algorithm, thereby
lacking conceptual diversity. To this end, the following hy-
potheses are formally stated: the null hypothesis (Hg) posits
that the precision score achieved by the genetically-optimized
homogeneous ensemble is greater than or equal to that of
the best-performing individual MLP model; the alternative
hypothesis (H;) posits that the ensemble’s precision score
does not exceed that of the best individual model, suggesting
that homogeneity among base learners constitutes a binding
constraint on ensemble performance gains.

The presented results indicate that the effectiveness of en-
sembling with optimization may not always enhance the stan-
dalone performance of artificial neural networks in credit
risk assessment. While individual MLP models demonstrated
robust precision scores, ranging from 78.57% to 80.57%,
the genetically optimized ensemble did not achieve a higher
precision score than the best-performing individual model.
This suggests that in certain contexts, particularly when base
models already exhibit strong performance, the optimization
process may heavily weight the strongest existing component,
rather than discovering novel synergistic combinations that
yield further gains.

The study provides strong empirical evidence that a
genetically-optimized ensemble of high-performing, yet ho-
mogeneous, MLP models does not improve precision over the
best-performing individual model in a large-scale credit risk
classification task. The findings also demonstrate a practical
boundary condition for the effectiveness of ensemble opti-
mization, showing that benefits are marginal or non-existent
when individual models already exhibit exceptionally high
performance and, critically, lack diversity due to sharing the
same underlying learning algorithm. Furthermore, the results
offer insight into the optimizer’s behavior; in the absence of
synergistic gain, it logically concentrated the weights on the
single best-performing model.

The remainder of this paper is organized as follows. Sec-
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tion 2 reviews the relevant literature on credit risk modeling,
the application of neural networks, and ensemble techniques.
Section 3 details the methodology, describing the dataset, the
architecture of the individual MLP models, the optimization
metric, and the genetic algorithm framework used to create
the ensemble. In Section 4, we present the empirical results
for both the individual and ensemble models, including the
findings from a robustness check. Finally, Section 5 discusses
the implications of these results, addresses the study’s lim-
itations, and concludes the paper with directions for future
research.

2 Related Research

Credit risk, intrinsically linked to the possibility of financial
losses arising from a borrower’s failure to meet their contrac-
tual obligations, constitutes a central and constant concern
for financial institutions and investors globally [Saunders and
Cornett, 2018; Duffie and Singleton, 2003; Caouette et al.,
1998]. The inability to accurately assess and manage this risk
can lead to substantial financial losses, impacting not only in-
dividual institutions through the loss of principal and interest
but also potentially destabilizing broader financial markets.
Effective management of this risk is therefore not merely an
operational necessity but a strategic imperative, safeguarding
the stability of lending entities and fostering efficiency and
confidence in the financial system as a whole. Within the
scope of predictive modeling for such evaluations, ensem-
ble learning approaches have emerged as robust paradigms
that seek to enhance predictive performance through the com-
bination of multiple learning models [Rokach, 2010; Zhou,
2012]. However, the mere aggregation of classifiers does
not always guarantee optimal performance; thus, optimiza-
tion in ensembles emerges as a crucial step. This process
involves the systematic adjustment of parameters, the selec-
tion of committee members, or the definition of weighting
and combination schemes for individual predictions, with the
aim of maximizing a specific performance metric and, con-
sequently, the generalization capability of the consolidated
model in complex tasks [Kuncheva and Rodriguez, 2007;
Gandomi and Haider, 2015].

Credit scoring models are designed to enable the distinction
between good credit and bad credit groups, thereby informing
lending decisions [Chen and Huang, 2003]. Models that accu-
rately predict the good credit group offer significant business
advantages, such as reducing the operational costs associated
with credit analysis, facilitating faster decision-making pro-
cesses, ensuring effective credit collections, and minimizing
potential default risks [Tsai and Wu, 2007; West, 2000]. Con-
versely, the precise identification of the ’bad credit’ group is
equally critical, as it directly mitigates the risk of loan defaults,
thereby safeguarding capital and ensuring the sustainability
of lending operations.

Since the seminal research of Altman [1968], approaches
to modeling inherent default risk in credit have continuously
evolved. Early methodologies proposed various statistical
methods, including probit analysis [Abdou ez al., 2008] and lo-
gistic regression [Abdou et al., 2008; Crook et al., 2007], with
the primary objective of predicting credit default risk. More
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recent technological advancements have ushered in complex
techniques from the field of machine learning (ML), such as
decision trees, bagging and boosting ensembles like Random
Forest (RF), Support Vector Machines (SVM), Artificial Neu-
ral Networks (ANN), fuzzy models, genetic algorithms, and
deep learning neural networks [Louzada and Ara, 2016]. This
evolution reflects a shift from models relying on more restric-
tive statistical assumptions to data-driven approaches capable
of uncovering intricate, non-linear relationships within vast
and complex financial datasets.

The predictive power of deep learning models is well doc-
umented in the literature [Sadhwani et al., 2020], with the
Multilayer Perceptron (MLP) standing out for its ability to
model intricate structures in high-dimensional data. An MLP
is a type of feed-forward Artificial Neural Network (ANN)
consisting of an input layer, one or multiple hidden layers of
nodes, and an output layer [Liu et al., 2024]. This architecture
allows MLPs to approximate non-linear functions, provid-
ing improved prediction accuracy in complex problems such
as credit risk assessment [Liu et al., 2024]. Consequently,
MLPs have been widely adopted as classifiers in various fi-
nancial decision-making contexts, including bankruptcy pre-
diction and credit risk evaluation [Atiya, 2001; Huang ef al.,
2004; Lee et al., 2006; Angelini ef al., 2008; Battiston ef al.,
2012; Haykin, 1999; Zhao et al., 2015; Chi Guotai and Moula,
2017; Liu et al., 2024]. However, findings regarding their
consistent superiority can vary. For instance, a compara-
tive study by West [2000] evaluating various neural network
architectures and traditional classifiers for credit scoring con-
cluded that while the MLP is widely recognized, it was not the
topology that consistently demonstrated superior outcomes.
Conversely, Zhao et al. [2015], in a comparative review of
methodologies between 2011 and 2015, identified the MLP
as a top-performing model. More recently, Louzada and
Ara [2016] compared numerous algorithms across different
datasets and suggested that neural networks are not consis-
tently among the best predictors of credit risk, especially
in imbalanced datasets, despite their prevalence in research.
Such limitations, particularly concerning data imbalance, un-
derscore the need for advanced techniques, such as ensemble
methods, to bolster predictive robustness [Louzada and Ara,
2016].

To improve the performance of individual classifiers, the
integration of multiple classifiers into a combined system has
been extensively investigated, with positive effects [Bhuria
etal., 2025; Liet al., 2018; Al-Maari et al., 2025; Nanni and
Lumini, 2009; Ghatge and Halkarnikar, 2013; Abellan and
Castellano, 2017; Chen et al., 2020; Li et al., 2018; Lessmann
et al., 2015; Louzada and Ara, 2016; Tsai and Wu, 2007].
These ensemble systems merge the outputs of several classi-
fiers, aiming to achieve better overall performance compared
to any single classifier, by voting or weighting the results
[Nanni and Lumini, 2009]. A fundamental principle for im-
proving the accuracy of these ensembles is the promotion
of diversity among their base classifiers [Breiman, 1996].
Indeed, a broader spectrum of characteristics among these
classifiers generally correlates with increased robustness and
precision in the final ensemble capacity [Abellan and Mantas,
2014]. The need for diversity and an optimal combination
often necessitates sophisticated optimization techniques to
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fine-tune the ensemble’s structure and weighting mechanisms.

The use of heterogeneous ensembles can enhance the per-
formance of individual classifiers, leveraging their diversity to
yield significantly positive results [Bhuria et al., 2025]. How-
ever, some studies show that such ensembles may provide
only marginal performance gains over the best-performing
individual models [Nanni and Lumini, 2009; Al-Maari et al.,
2025].

Some authors have explored the use of homogeneous en-
sembles. For example, [Nanni and Lumini, 2009] evaluated
the application of stand-alone models and homogeneous en-
sembles of Levenberg-Marquardt neural networks, MLPs,
5-nearest neighbor, and Radial Basis Function Support Vec-
tor Machines. Nanni and Lumini [2009] found that while
ensembles generally improved the performance of individual
models, MLP-based ensembles exhibited the least improve-
ment over their stand-alone counterparts when measured by
AUC (Area Under the Curve). A similar finding was reported
by Tsai and Wu [2007], who identified that well-structured
individual MLP models can have better performance than
ensembles in terms of accuracy; however, Type I and Type
II errors do not always follow the same trend. Their work
concluded that for optimizing specific outcomes, such as min-
imizing Type I or Type II errors, the results may vary.

3 Methodology

This section details the methodology and is organized into
four parts: Dataset and Preprocessing, which describes the
data and the transformations applied; Base Learners Speci-
fication, which specifies the individual model architectures;
Performance Metrics, which defines the criteria for assessing
performance; and Ensemble Optimization, which details the
genetic algorithm used to combine the models.

3.1 Dataset and Preprocessing

The dataset utilized in this research was the All Lending Club
Loan Data', with loans accepted from Q1 2007 to Q4 2018.
The dataset was preprocessed, highly correlated features were
reduced (a threshold of 80% was considered), and categorical
features were transformed into binary (dummy) variables.
All variables that could not be confirmed as pre-origination,
that is, those not explicitly documented as available at the
time of the credit decision, were removed from the dataset.
The resulting dataset comprises 68 features and 1,341,026
observations?.

Table 1 summarizes the descriptive statistics for the nu-
meric variables utilized in this study, after preprocessing. For
detailed variable definitions, readers are referred to the data

Ihttps://wuw.kaggle.com/datasets/wordsforthewise/
lending-club

2The retained variables are: loan_amnt, term, int_rate, annual_inc,
dti, fico range high, pub_rec, collections 12 mths _ex_med, charge-
off within_12_mths, pub_rec_bankruptcies, and tax_liens (numeric); and
the following categorical variables encoded as binary dummies: A2-G5 (sub-
grade), Source Verified, Verified, Joint App (verification status), w (initial
list status), credit_card, debt_consolidation, educational, home_improve-
ment, house, major_purchase, medical, moving, other, renewable_energy,
small_business, vacation, wedding (loan purpose)) MORTGAGE, OTHER,
OWN, RENT (home ownership), and DirectPay (payment plan)
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Figure 1. Distribution of loan status across datasets.
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Figure 2. Correlation matrix of numeric variables retained after preprocess-
ing.

dictionary provided with the Lending Club dataset®. The fo-
cus of this research, however, is on the aggregate predictive
power of the ensembles and individual learners rather than
on an individual critical evaluation of each feature.

The loan status variable was transformed into a binary out-
come: 1 for ”fully paid” (indicating a performing loan) and
0 for ”not paid” (indicating a defaulted loan, see Figure 1).
The dataset was split chronologically by origination date into
training (70%, 938,718), validation (10%, 134,105, used as
the basis for ensemble optimization), and test (20%, 268,206)
sets, reflecting real-world deployment conditions where mod-
els are trained on historical data and evaluated on subsequent
observations. The proportion of defaulted loans across the
three sets was 18.6%, 25.2%, and 21.4% for training, vali-
dation, and test, respectively, reflecting the natural temporal
drift in default rates over the sample period. All models were
trained with the same data.

3.2 Base Learners Specification

To evaluate the ensemble’s performance, a pool of base clas-

*https://resources.lendingclub.com/
LCDataDictionary.xlsx
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sifiers with distinct architectural configurations was required.
Accordingly, MLP models were constructed, each with a
unique architecture as specified in Table 2. The primary
focus was on generating architectural diversity in conceptu-
ally homogenous models to assess the ensemble’s ability to
improve upon individual model performance, rather than on
the intrinsic performance of each individual learner based on
prior studies. Consistent with standard practices for binary
classification, all models utilized the ReLU activation func-
tion (Eq. 1) for the hidden layers and the sigmoid function
(Eq. 2) for the output layer.

f(z) = max(0, 2) M

where 2 is the input for the activation function.

The sigmoid function constrains the model’s output to a
value between 0 and 1, which can be interpreted as a proba-
bility, and is defined as:

1
oG = T

where z is the input to the activation function.

The models were compiled with the binary cross-entropy
loss function and optimized using the Adam optimizer. The
Adam algorithm is a method for stochastic optimization that
relies on adaptive estimates of the first and second moments
of the gradients [Kingma and Ba, 2015]. The weight update
for a weight w at time step ¢ is given, in general, by:

2

’Il}t+1 = W¢ — mt (3)

_n
Vi +e
where 7 is the learning rate, 7, is the bias-corrected first
moment estimate of the gradient, 9, is the bias-corrected
second moment estimate of the gradient, and ¢ is a small
value to prevent division by zero.

The binary cross-entropy loss function is suitable for binary
classification problems and is formulated as:

L(9,y) = —[ylog(9) + (1 —y)log(1 —9)] (4

where y is the true label (0 or 1) and g is the predicted output
of the model. Each model was trained individually, and cross-
validated with the validation dataset.

3.3 Performance Metrics

The precision score was chosen as the primary optimization
metric to prioritize the accurate identification of customers
likely to pay their loans (Class 1). This approach aims to
minimize the misclassification of defaulters as payers (i.e.,
reducing False Positives for Class 1), thereby mitigating fi-
nancial losses by ensuring credit is predominantly granted to
low-risk individuals [Caouette et al., 1998].
Precision score is defined as:
TruePositives

Precision = 5
TruePositives + FalsePositives ©)

Here, True Positives are customers correctly identified as pay-
ers, and False Positives are customers incorrectly identified
as payers (who are actually defaulters).
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Table 1. Descriptive Statistics of Numeric Variables

Variable mean std  min 25% 50% 75% max Kkurtosis skewness
loan_amnt 14,422 8,712 500 8,000 12,000 20,000 40,000 -0.08 0.78
term 42 10 36 36 36 36 60 -0.54 1.21
int_rate 13 5 5 10 13 16 31 0.50 0.71
annual inc 76,262 69,867 16 45,996 65,000 90,000 10,999,200 4840.92 46.50
dti 18 11 -1 12 18 24 999  2120.50 27.18
fico_range high 700 32 664 674 694 714 850 1.67 1.29
pub_rec 0 1 0 0 0 0 86 743.81 11.56
collections 12 mths ex med 0 0 0 0 0 0 20 695.23 14.92
pub_rec_bankruptcies 0 0 0 0 0 0 12 20.02 3.44
chargeoff within 12 _mths 0 0 0 0 0 0 10 595.48 18.10
tax_liens 0 0 0 0 0 0 85 367143 32.75
loan_paid 1 0 0 1 1 1 1 0.29 -1.51

Note: Table presents the descriptive statistics of the numeric variables retained after preprocessing.

Table 2. Characteristics of the five MLP models.

Model Hidden Layers  Epochs Batch Size
Model 1 [78, 39, 19, 8, 4] 40 512
Model 2 [64, 32, 8, 4] 40 512
Model 3 [8] 40 512
Model 4 [128, 64, 32, 8, 4] 40 128
Model 5 [128, 64, 32, 8, 4] 40 32

To provide a comprehensive evaluation of model perfor-
mance, five complementary metrics are reported, based on
Lessmann et al. [2015]. Categorical prediction accuracy is
assessed through Recall, Accuracy, and F1-score, which cap-
ture the model’s ability to correctly classify both performing
and defaulting loans under a fixed decision threshold. Dis-
criminatory capacity is measured by the Area Under the ROC
Curve (AUC), which evaluates the model’s ability to rank
borrowers by default risk across all possible thresholds, in-
dependently of any specific cutoff. Probabilistic prediction
accuracy is assessed through the Brier Score, which measures
the mean squared error between predicted probabilities and
actual outcomes, penalizing both overconfident and poorly
calibrated predictions. Finally, a cost-sensitive metric, the
Expected Profit per Loan (EP), is included to align model
evaluation with the financial objectives of the lending in-
stitution, capturing the asymmetric economic consequences
of misclassification that are obscured by standard statistical
metrics.

The Expected Profit per Loan was computed following
the profit-based framework proposed by Verbraken et al.
[2014], which explicitly incorporates the asymmetric costs
and revenues associated with credit granting decisions. For
each approved loan correctly identified as performing (True
Positive), the model generates an interest revenue equal to
r =W x i x t, where W is the loan amount, 7 is the annual
interest rate, and ¢ is the loan term in years. For each default-
ing loan incorrectly approved (False Positive), the institution
incurs a principal loss equal to W. For each performing loan
incorrectly rejected (False Negative), the institution foregoes
the interest revenue. The net profit is then normalized by the
total number of approved loans to yield the Expected Profit
per Loan, enabling comparison across models with different

approval volumes — a normalization that is particularly rele-
vant in the presence of degenerate classifiers that approve all
applicants®.

Initially, a probability threshold of 0.5 (50%) was used to
classify customers as payers (1). To evaluate the model’s
performance under a stricter criterion for identifying good
payers, an additional analysis was conducted using a higher
probability threshold of 0.8 (80%).

3.4 Ensemble Optimization

To further enhance precision score, an ensemble approach
was adopted [Abellan and Mantas, 2014]. The predictions
from the five MLP models were combined using a weighted
sum to form the ensemble prediction (§ensembie):

Yensemble = W1 Y1 + W2 Yo +w3 -Gz +ws-Ja +ws-§s5 (6)

where g; is the prediction of individual model ¢, and w; is
the weight assigned to model ¢ by the genetic algorithm.

The weights assigned to each model were freely optimized
using a genetic algorithm, which is well-suited for finding
optimal solutions in complex search spaces, such as large,
nonlinear and noisy ones [Goldberg, 1989].

The genetic algorithm was configured to maximize the pre-
cision score, specifically targeting the accurate identification
of customers likely to pay their loans (Class 1). This opti-
mization was achieved by evolving a population of potential
weight combinations across multiple generations. Each in-
dividual within the population represented a unique set of
weights applied to the predictions of the individual MLP mod-
els. The fitness of each individual was evaluated based on the
precision score it yielded, thereby guiding the optimization
process towards the combination of weights that maximized
the desired outcome.

“In this study, the financial parameters were derived from the descriptive
statistics of the dataset: an average loan amount of $14,422, an average annual
interest rate of 13%, and an average loan term of 3.5 years (42 months),
yielding an interest revenue of $6,562 per performing loan and a principal
loss of $14,422 per defaulting loan approved, assuming a Loss Given Default
(LGD) of 100%. A sensitivity analysis with Exposure at Default (EAD) of
$7,211 and LGD of 50% presented similar results.
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To investigate the impact of population size and genera-
tional progression on performance, two distinct optimization
scenarios were developed:

+ Scenario 1: Employed a population of 200 individuals
and ran for 200 generations, with a crossover probability
(‘cxpb®) of 0.6 and a mutation probability (‘mutpb‘) of
0.05. Classification Threshold: 0.5.

* Scenario 2: Utilized a larger population of 1000 indi-
viduals and ran for 1000 generations, maintaining the
same ‘cxpb‘ of 0.6 and ‘mutpb* of 0.05. Classification
Threshold: 0.5.

To provide a comprehensive analysis, two additional opti-
mization scenarios were developed, varying the classification
threshold:

* Scenario 3: Employed a population of 200 individuals
and ran for 200 generations, with a crossover probability
(‘cxpb®) of 0.6 and a mutation probability (‘mutpb‘) of
0.05. Classification Threshold: 0.8.

+ Scenario 4: Utilized a larger population of 1000 indi-
viduals and ran for 1000 generations, maintaining the
same ‘cxpb‘ of 0.6 and ‘mutpb‘ of 0.05. Classification
Threshold: 0.8.

These scenarios aimed to determine whether smaller popu-
lation sizes and fewer generations are sufficient to improve
credit risk classification, or if larger populations and more ex-
tensive generational evolution are necessary to significantly
enhance the ensemble’s performance beyond that of the indi-
vidual models.

Credit risk prediction by individual models may leave room
for improvement in precision score, which can be mitigated
with ensemble models optimized by genetic algorithms.

3.5 Ensemble Ablation Analysis

To formally investigate the conditions under which ensemble
weighting yields synergistic gains versus collapsing onto the
best individual model, two complementary analyses were
conducted.

The first analysis computed the pairwise error correlation
between base learners as an empirical measure of predictive
diversity within the ensemble, following the framework es-
tablished by Kuncheva and Whitaker [2003]. For each pair
of models, the Pearson correlation coefficient between their
binary error vectors was computed, where an error vector
assigns 1 to instances misclassified by a given model and
0 to correctly classified instances. Complementarily, the
co-occurring error rate was calculated as the proportion of
instances on which a given model erred that were also mis-
classified by each other model — formally, for models ¢ and

J:

S Kk =1nek=1]
CoE i, 7) = = : J
oError(i, j) 221“4[629 —]

(7

where e¥ denotes whether model i erred on instance k. Under
this formulation, a value of 100% on the diagonal is expected
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by definition, and off-diagonal values approaching 100%
indicate that the models commit errors on virtually the same
instances, leaving no complementary predictive signal for the
ensemble to exploit.

The second analysis examined the weight distribution pro-
duced by the genetic algorithm across all four optimization
scenarios. The optimized weights were inspected to deter-
mine whether the optimizer converged on a uniform distribu-
tion, indicative of synergistic combination, or concentrated
the weights on a single component, indicative of collapse
onto the best individual model. This analysis was conducted
across all combinations of classification threshold (0.5 and
0.8) and population size (200 and 1,000 individuals) to assess
the robustness of the convergence behavior to variations in
the optimization configuration.

To formally test the stated hypotheses, the McNemar test
[McNemar, 1947; Dietterich, 1998] was applied to assess
whether the difference in predictive performance between the
best-performing individual model and each optimized ensem-
ble scenario was statistically significant. The McNemar test is
a non-parametric paired test particularly suited for comparing
two classifiers evaluated on the same test set, focusing on dis-
cordant cases, instances where one model correctly classifies
an observation while the other does not [Dietterich, 1998].
It is especially recommended when models are expensive or
impractical to retrain multiple times, as is the case with large
neural networks trained on large-scale datasets [Dietterich,
1998]. The test statistic is defined as:

2 = not = nio| —1)? ®)
no1 + Nio
where ng; denotes the number of instances correctly clas-
sified by the best individual model but misclassified by the
ensemble, and 11 denotes the reverse. Under the null hypoth-
esis, the statistic follows a x? distribution with one degree
of freedom. The exact binomial variant, recommended when
the number of discordant cases is small (ng; + n1g < 25)
[Fagerland et al., 2013], is defined as:

no1+nio no1+mnio
no1 +nio) (1
=2 3 (M) () ©

i=n1o

The exact binomial variant was adopted for the economically
viable scenarios given the small number of discordant cases
observed, while the asymptotic variant was used for Scenarios
3 and 4, where discordant cases were abundant.

4 Results

The results of each model with the training and validation
datasets are presented in Table 3. The table demonstrates a
good performance for most individual models, as they cor-
rectly classify 81% to 83% the good payers (precision) in the
validation dataset. These are the individuals who would have
their loans granted based on the models’ analysis. While these
results are already commendable, the remaining difference
between 100% precision and the achieved precision for each
model represents potential financial losses due to misclassi-
fied defaulters (False Positives), which could result in bad
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debts. It is precisely these losses that the ensemble aims to
mitigate through its optimized performance.

Table 3. Performance metrics for MLP models in the training and
validation datasets.

Training Validation
Modelo Precision Accuracy Precision Accuracy
Model 1 82.77% 81.86% 76.73% 75.27%
Model 2 82.42% 81.82% 76.41% 75.42%
Model 3 82.44% 81.72% 76.57% 75.37%
Model 4 82.64% 81.96% 76.44% 75.34%
Model 5 81.39% 81.39% 74.84% 74.84%

The outputs of each optimization scenario, evaluated on the
validation dataset, are presented in Table 4. It is crucial to em-
phasize that the development of the individual models and the
subsequent ensemble optimization process were conducted
without any prior exposure to the final test dataset, ensuring
an unbiased evaluation of the ensemble’s performance.

Table 4. Performance metrics for MLP models ensembles in the
validation dataset.

Validation Test
Prec. Accur. Prec. Accur.
Scenario 1  76.74% 75.33% 80.57% 77.64%
Scenario 2 76.74% 75.33% 80.57% 77.64%
Scenario 3 85.07% 60.69% 88.81% 56.01%
Scenario4 85.07% 60.69% 88.81% 56.01%

Table 5 presents the final results of both the individual mod-
els and the optimized ensembles on the unseen test dataset.
Model 5 exhibited degenerate behavior, predicting all in-
stances as performing loans and thereby achieving no dis-
criminative power (AUC = 0.500), as discussed in Section 5.
A key observation concerns the impact of the classification
threshold on the economic performance of the ensemble. Sce-
narios 3 and 4, operating under a threshold of 0.8, achieved
higher precision but at the cost of substantially lower accuracy,
as a large volume of creditworthy borrowers was incorrectly
rejected. This overly conservative approval policy resulted
in a loss-generating portfolio, as the foregone interest rev-
enue from rejected good payers outweighed the savings from
avoided defaults, yielding a negative Expected Profit per loan.

Among the profitable scenarios, those operating under a
threshold of 0.5, the precision achieved by the optimized
ensembles is equivalent to that of the best-performing indi-
vidual model. This indicates that the ensemble optimization
process did not yield a direct improvement in precision over
the strongest standalone model. However, the optimization
led to marginal gains in accuracy and equal Expected Profit
per loan, suggesting that while the ensemble did not surpass
the best individual model in its primary optimization metric,
it produced a slightly more balanced outcome across the full
set of evaluation criteria.

Further analysis of the optimized weights reveals that Sce-
narios 1 and 2 exhibited a strong concentration of weight on
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Model 1, which aligns with Model 1’s superior individual per-
formance, suggesting that the genetic algorithm converged on
a solution that primarily leveraged the strengths of the already
high-performing base learner rather than discovering syner-
gistic combinations across the ensemble. Scenarios 3 and 4,
in contrast, concentrated weights more strongly on Model
3, the second-best individual model in terms of precision, a
combination that produced a significant gain in precision but
imposed an excessively restrictive approval policy, reduc-
ing the volume of approved loans, impairing accuracy, and
ultimately destroying economic value.

The adjustment of the classification threshold led to en-
hanced precision but did not translate into economic improve-
ment. On the contrary, Scenarios 3 and 4 demonstrate that
threshold-driven precision maximization can destroy portfolio
value when the resulting approval rate becomes too restric-
tive, underscoring the importance of aligning the optimization
metric with the financial objectives of the lending institution.

The genetic algorithm optimized weights, including the
concentration observed in scenarios 1 and 2, and the limited
variation between scenarios 3 and 4, are presented in Table
9.

Figure 6 presents the Precision-Recall curves for both the
individual MLP models and the optimized ensemble scenar-
10s, evaluated on the test dataset. Unlike the ROC curve, the
Precision-Recall curve is particularly informative in the con-
text of imbalanced datasets, as it focuses on the performance
of the model with respect to the minority class, in this case,
defaulting borrowers, without being influenced by the large
number of true negatives.

Among the individual models, Models 1, 2, and 3 exhibit
nearly identical curves, with Average Precision (AP) scores
ranging from 0.8872 to 0.8879, providing further visual evi-
dence of the low predictive diversity among the base learners.
Model 4, in contrast, shows a notably inferior curve (AP =
0.7857), consistent with its weaker individual performance
reported in Table 5 and with the negligible weight assigned
to it by the genetic algorithm across all scenarios (Table 9).

The ensemble panel reveals that all four optimization sce-
narios collapsed onto a single, indistinguishable Precision-
Recall curve (AP = 0.8872), regardless of the classification
threshold or genetic algorithm configuration employed. Cru-
cially, this curve is not superior to the best individual model,
it is virtually identical to the curve of Model 3, the strongest
base learner. This finding provides direct visual confirmation
that the genetic algorithm converged on a solution that repli-
cates the best individual component rather than discovering
synergistic combinations across the ensemble. Taken together
with the high pairwise error correlations (0.762—0.918) and
co-occurring error rates (79.43%-93.93%) reported in Figure
5, these results establish a consistent and mutually reinforc-
ing body of evidence: in the absence of conceptual diversity
among base learners, ensemble optimization collapses onto
the strongest individual model, yielding no discriminative
gain regardless of the optimization effort invested.

Figure 3 presents the calibration curves for both individual
models and ensemble scenarios, evaluated on the test dataset.
Calibration and discrimination are distinct and complemen-
tary properties of predictive models, while discrimination,
measured by AUC, quantifies the model’s ability to rank
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Table 5. Confusion Matrices and Performance metrics for MLP models and ensembles in the test dataset.

Model Confusion Matrix Precision  Recall  Accuracy F1 AUC Brier EP

Optim. 0 1

Model 1 0 9,582 47,891 80.57% 94.24% 77.62%  86.87% 0.6897 0.1594 2,162
1 12,142 198,591

Model 2 0 7,821 49,652 80.21% 95.53% 77.97%  87.20% 0.6909 0.1572 2,164
1 9,430 201,303

Model 3 0 9,527 47,946 80.53% 94.11% 77.49%  86.79% 0.6898 0.1593 2,146
1 12,414 198,319

Model 4 0 8162 49,311 80.28% 95.24% 77.88%  87.12% 0.6861 0.1596 2,160
1 10,029 200,704

Model 5 0 0 57,473 78.57%  100.00%  78.57%  88.00% 0.5000 0.1692 2,065
1 0 210,733

Scenariol 0 9,579 47,894 80.57% 94.27% 77.64%  86.89% 0.6902 0.1592 2,164
1 12,074 198,659

Scenario2 0 9,578 47,895 80.57% 94.27% 77.64%  86.89% 0.6902 0.1592 2,164
1 12,074 198,659

Scenario3 0 44,101 13,372 88.81% 50.35% 56.01%  64.27% 0.6899 0.1593 -1,533
1 104,625 106,108

Scenario4 0 44,101 13,372 88.81% 50.35% 56.01%  64.27% 0.6899 0.1592 -1,532
1 104,623 106,110

Note: F1: Fl-score; AUC: Area Under the ROC Curve; Brier: Brier Score; EP: Expected Profit per loan.

borrowers by default risk, calibration assesses whether the
predicted probabilities accurately reflect the empirical fre-
quencies of the positive class [Guo et al., 2017; Van Calster
etal.,2019]. A model can exhibit strong discriminatory capac-
ity while remaining poorly calibrated, and vice versa, as these
properties are orthogonal by nature. In the low-probability
region (0.0-0.3), all individual models systematically underes-
timate the true probability of performing loans, the calibration
curves lie above the diagonal, indicating that the observed
fraction of positive outcomes substantially exceeds the pre-
dicted probabilities.

This underestimation is consistent with the temporal drift
in default rates across the dataset splits: the model was trained
on a period with lower default rates (18.6%), leading it to
assign conservative repayment probabilities to borderline
cases. When applied to the test set — covering the most re-
cent period (2017-2018), which exhibits a higher default rate
(21.4%) — the observed fraction of performing loans in the
low-probability region substantially exceeds the model’s pre-
dictions, manifesting as underconfidence [Guo et al., 2017].

In the high-probability region (0.6-1.0), all models con-
verge toward the diagonal, indicating well-calibrated predic-
tions for borrowers with strong repayment signals. Notably,
Model 3, despite exhibiting the greatest deviation from per-
fect calibration in the low-probability region, is the strongest
discriminator — a result consistent with the orthogonality
between calibration and discrimination. The ensemble sce-
narios under threshold 0.5 collapse onto a single calibration
curve, further corroborating the finding that the optimizer
converged on a single component, while Scenarios 3 and 4,
operating under threshold 0.8, exhibit greater deviation in the

low-probability region, consistent with the drift.

The Brier Scores, reported in Table 5, are consistent with
the calibration curves: since the underconfidence is concen-
trated in the low-probability region — which represents a
small fraction of observations given the dominance of per-
forming loans (80.2%) — its impact on the overall Brier Score
is limited, explaining the similar scores observed across mod-
els ( 0.159). Model 5, with a Brier Score of 0.169, is the
sole exception, as its degenerate behavior of predicting all
instances as performing loans introduces systematic errors
across the entire probability space.

To formally investigate the conditions under which ensem-
ble weighting yields synergistic gains versus collapsing onto
the best individual model, two complementary analyses were
conducted. First, the pairwise error correlation between base
learners was computed as an empirical measure of predic-
tive diversity within the ensemble, following the framework
established by Kuncheva and Whitaker [2003]. The results,
presented in Figure 5, reveal consistently high correlations
across all model pairs, ranging from 0.762 to 0.918. The
co-occurring error analysis further corroborates this finding,
showing that between 79.43% and 93.93% of errors are shared
across model pairs — that is, when one model misclassifies
an instance, the remaining models are highly likely to commit
the same error. This indicates that the base learners, despite
their architectural differences in depth, width, and batch size,
fail on nearly identical instances and therefore offer no com-
plementary predictive signal that the ensemble could exploit.
Second, the weight concentration behavior of the genetic al-
gorithm was examined across all four optimization scenarios,
as reported in Table 9. In every scenario — regardless of
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Figure 3. Panel A: Calibration curves - individual models.
Panel B: Calibration curves - ensembles.

classification threshold (0.5 or 0.8) or population size (200 or
1,000 individuals) — the optimizer converged on allocating
approximately 100% of the ensemble weight to Models 1 and
3, the best-performing individual learners. This convergence
behavior is not a failure of the optimization process; on the
contrary, it reflects the algorithm operating correctly in the
absence of combinatorial gain. When base learners share
the same underlying learning algorithm and exhibit highly
correlated errors, no weighting scheme — regardless of its
sophistication or the computational effort invested — can
produce synergistic improvement. The optimizer therefore
logically concentrates the weights on the strongest available
component. Taken together, these two analyses establish a
consistent and mutually reinforcing body of empirical evi-
dence: high error correlation among base learners is both a
diagnostic indicator of insufficient diversity and a sufficient
condition for weight concentration in optimized ensembles.
This finding provides a formal empirical basis for the bound-
ary condition identified in this study, contributing to a deeper
understanding of when ensemble optimization adds value in
credit risk classification tasks.

The findings show that, despite individual MLP models
exhibiting competitive precision scores, ranging from 78.57%
to 80.57%, the ensemble approach, even when augmented
with genetic optimization, did not yield a precision score su-
perior to that of the best-performing individual model among
the economically viable scenarios, i.e., those operating under
a classification threshold of 0.5. Scenarios operating under a
threshold of 0.8, while achieving higher precision, resulted in
negative expected profit per loan and are therefore not con-
sidered practically deployable in a real-world credit granting
context.

To validate these findings, the models were re-trained and
another test was performed ensembling only the three indi-
vidual architectures with the worst performance. The results
are presented in the next subsection.

4.1 Robustness Check

The models used to check the robustness of the findings were
the models 2, 4 and 5, presented in Table 2. The results of

re-trained models with the training and validation datasets are
presented in Table 6. The results demonstrate the same good
performance for individual models, correctly classifying 76%
the good payers (precision) in the validation dataset.

Table 6. Robustness check - performance metrics for MLP models
in the training and validation datasets.

Training Validation
Modelo Precision Accuracy Precision Accuracy
Model 2 82.40% 81.81% 76.31% 75.43%
Model 4  82.51% 81.93% 76.32% 75.38%
Model 5 82.22% 81.79% 75.90% 75.33%

The same four distinct optimization scenarios were de-
veloped. The outputs of each optimization scenario in this
robustness check are presented in Table 7.

Table 7. Robustness check - performance metrics for MLP models
ensembles in the validation dataset.

Validation Test
Prec. Accur. Prec. Accur.
Scenario 1  76.33% 75.42% 80.15% 77.99%
Scenario 2 76.33% 75.43% 80.15% 77.99%
Scenario 3 84.90% 60.79% 88.32% 57.77%
Scenario4 84.90% 60.79% 88.32% 57.78%

Table 8 presents the final results for individual models and
the optimized ensembles on the unseen test dataset, for both
the original analysis and the robustness check round. The
maximum precision achieved by the optimized ensembles in
both the original test and the robustness check was equivalent
to that of the best-performing individual model in the economi-
cally viable scenarios — those operating under a classification
threshold of 0.5 — where a strong concentration of weight
on the most precise base learner was observed. This indicates
that the ensemble optimization process, using only MLPs as
base learners, did not yield any precision improvement over
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the strongest standalone model under practical deployment
conditions. Ensembles operating under a threshold of 0.8
achieved higher precision; however, this came at the cost of
substantially lower accuracy and negative Expected Profit
per loan, rendering these scenarios economically unviable. In
the robustness check, this precision gain was attained by dis-
tributing weights across the two best-performing individual
models rather than concentrating entirely on a single compo-
nent. This result underscores that precision maximization in
isolation does not constitute a sufficient optimization criterion
for credit risk applications, as overly restrictive approval poli-
cies can destroy portfolio value by rejecting a large volume
of creditworthy borrowers

The same results were verified about the weights concen-
tration and the benefit of a different threshold in the original
test and in the robustness check round (see Table 9).

The robustness check confirms that individual MLP mod-
els exhibit competitive precision scores, however, the ensem-
ble approach, when applied in individual MLP learners with
genetic optimization, did not improve the precision score.
Interestingly, while the optimization process was designed
to maximize precision, it led to a slight improvement in the
ensemble’s overall accuracy. This effect was observed in
both the main test scenarios and the subsequent robustness
check (Fig. 4).

The McNemar test results are presented in Table 10. For
Scenarios 1 and 2, operating under a classification thresh-
old of 0.5, the test identified statistically significant differ-
ences between Model 1 and the ensemble (p = 0.020 and
p = 0.021, respectively). However, the direction of the dis-
cordance reveals that the ensemble marginally outperformed
the best individual model, with n19 > ng; (approximately
411 vs. 346 and 407 vs. 343 discordant cases, respectively).
Despite statistical significance, attributable to the large sam-
ple size of 268,206 test instances, the practical magnitude of
this difference is negligible, corresponding to fewer than 65
additional correct classifications out of 268,206 observations
(0.024%), with no measurable impact on precision, AUC, or
Expected Profit per loan. For Scenarios 3 and 4, operating
under a threshold of 0.8, the test confirmed that the ensem-
bles were significantly inferior to the best individual model
(np1 > nyo: approximately 92,538 vs. 34,535 and 92,494
vs. 34,524), consistent with the substantially lower accuracy
and negative Expected Profit per loan reported in Table 5.

5 Discussion

This research aimed to assess whether genetic algorithm op-
timization could enhance the standalone performance of ar-
tificial neural networks in credit risk assessment. The em-
pirical results revealed a nuanced outcome: despite individ-
ual MLP models demonstrating competitive precision scores
(ranging from 78.57% to 80.57%), the genetically optimized
ensemble did not achieve a higher precision score than the
best-performing individual model under economically viable
conditions. This suggests that in contexts where base models
already exhibit good performance and are exclusively MLPs,
the optimization process tends to converge by heavily weight-
ing the strongest existing component, rather than discovering
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novel synergistic combinations. The results were confirmed
by a robustness check with three MLP models.

Although the MLP architectures varied in terms of lay-
ers, neurons, and batch size, the underlying learning algo-
rithm, backpropagation with the Adam optimizer, remained
the same. This configuration likely resulted in conceptually
similar models, leading to low diversity within the ensemble.
The pairwise error correlation analysis corroborated this in-
terpretation, revealing consistently high correlations across
all model pairs (0.762—0.918), with co-occurring error rates
between 79.43% and 93.93%, providing direct empirical evi-
dence that the base learners fail on nearly identical instances
and therefore offer no complementary predictive signal for the
ensemble to exploit. Consequently, an absence of synergistic
diversity was observed. This should not be viewed as a failure
of the optimizer; on the contrary, its behavior was logical, in
the absence of any combinatorial gain, the algorithm correctly
concentrated the weights on the best-performing individual
model.

The McNemar test results provide formal statistical ground-
ing for these empirical observations. For the economically
viable scenarios (threshold = 0.5), the statistically signifi-
cant result must be interpreted in the context of practical
significance: with a test set of 268,206 instances, even trivial
differences in classification behavior can yield significant
p-values [Dietterich, 1998]. The marginal advantage of the
ensemble over the best individual model, fewer than 65 dis-
cordant instances, does not translate into any measurable gain
in precision, AUC, Brier Score, or Expected Profit per loan,
reinforcing the conclusion that the optimization process con-
verged on the strongest individual component rather than
discovering synergistic combinations. For the scenarios oper-
ating under a threshold of 0.8, the test formally confirms what
the economic analysis already suggested: the ensemble’s
aggressive approval restriction, driven by weight concentra-
tion on Model 3, resulted in a substantially higher number
of misclassifications relative to the best individual model,
ultimately destroying portfolio value. Taken together, these
results formally support the alternative hypothesis H;: under
economically viable conditions, the genetically-optimized
homogeneous ensemble does not yield a practically mean-
ingful improvement in predictive performance over the best-
performing individual MLP model.

It is worth noting that precision, while effective at min-
imizing false positives, does not incorporate the economic
consequences of false negatives, creditworthy borrowers in-
correctly rejected. As demonstrated by the cost-sensitive anal-
ysis, scenarios that maximized precision through a stricter
classification threshold yielded negative Expected Profit per
loan, highlighting a fundamental tension between statistical
optimization metrics and financial objectives. This suggests
that profit-based metrics, such as the Expected Profit per
loan [Verbraken et al., 2014], may constitute more appro-
priate optimization targets in credit risk applications where
the asymmetric costs of misclassification are economically
significant.

Our results align with existing literature. They are consis-
tent with Nanni and Lumini [2009], who found that MLP-
based ensembles exhibited the least improvement over their
stand-alone counterparts. Similarly, Tsai and Wu [2007]
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Panel B: Accuracy score of individual classifiers and ensembles, both in test and robustness check.
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Table 8. Robustness check - Confusion Matrices and Performance metrics for MLP models and ensembles in the test dataset.

Model Confusion Matrix Precision Accuracy Original Original EP

Optim. 0 1 Precision Accuracy

Model 2 0 7432 50,041 80.12% 77.96% 80.21% 77.97% 2,154
1 9,072 201,661

Model 4 0 7,569 49,904 80.15% 77.97% 80.28% 77.88% 2,158
1 9,189 201,544

Model 5 0 5,880 51,593 79.81% 78.23% 78.57% 78.57% 2,151
1 6,785 203,948

Scenariol 0 7,527 49,946 80.15% 77.99% 80.57% 77.64% 2,159
1 9,088 201,645

Scenario2 0 7,521 49,952 80.15% 77.99% 80.57% 77.64% 2,160
1 9,070 201,663

Scenario3 0 42,616 14,857 88.32% 57.77% 88.81% 56.01% -965
1 98,395 112,338

Scenario4 0 42,611 14,862 88.32% 57.78% 88.81% 56.01% -965
1 98,384 112,349

Note: Original Precision and Accuracy refer to the results obtained in the full model set (Table 5), reported for comparison purposes. EP: Expected Profit per

loan.

Table 9. Optimized Weights for Scenarios 1 to 4 - original test and robustness check

Optimization Model1 Model2 Model3 Model4 ModelS
Original test

Scenario 1 91.20% 0.02% 8.53% 0.25% 0.00%
Scenario 2 91.25% 0.16% 8.38% 0.22% 0.00%
Scenario 3 1.13% 0.02% 98.62% 0.21% 0.01%
Scenario 4 1.13% 0.07% 98.61% 0.18% 0.00%
Robustness check

Scenario 1 - 9.77% - 90.22% 0.00%
Scenario 2 - 8.25% - 90.74% 1.01%
Scenario 3 - 45.00% - 54.88% 0.12%
Scenario 4 - 45.48% - 54.29% 0.13%

Table 10. McNemar test results: Model 1 vs. optimized ensemble
scenarios.

highly accurate risk prediction is paramount, while simulta-
neously revealing the boundary conditions under which such
gains are unattainable.

Comparison no1 n1o Statistic  p-value o . . L

- A critical consideration for the adopted optimized ensem-
Scenarp 1 346 411 346.0 0.0200 ble model pertains to its interpretability and explainability.
Scenar%o 2 343 407 343.0 0.0214 Given that the rationale for the chosen weights is primar-
Scenario 3 92,538 34,535 34,535.0  0.0000 ily derived from overall model performance, without deeper
Scenario 4 92,494 34,524 34,524.0 0.0000

Note: no1: instances correctly classified by Model 1 but misclassified by
the ensemble; n10: instances correctly classified by the ensemble but
misclassified by Model 1. Exact binomial test used for Scenarios 1/2;

asymptotic test used for Scenarios 3/4. Significance with p-value < 0.05.

reported that well-structured individual MLP models can
achieve better accuracy than ensembles. A key point of di-
vergence from Tsai and Wu [2007], however, lies with Type
I errors: our ensemble also showed no improvement in this
metric compared to the best individual model. Furthermore,
the findings underscore the inherent potential of ensemble
methods when augmented by evolutionary optimization tech-
niques, particularly in critical financial applications where

insight into their individual contributions, the model’s deci-
sions may be susceptible to bias and prove challenging to
articulate to customers whose credit applications are denied.
Furthermore, the inherent class imbalance (defaulters ver-
sus non-defaulters) represents a pervasive characteristic of
credit risk datasets, posing a continuous challenge for robust
modeling. Additionally, the dynamic nature of economic
conditions can significantly alter default patterns, necessitat-
ing continuous model adaptation. A limitation of this study
concerns the absence of confidence intervals or measures of
variability around the reported performance metrics. Given
the stochastic nature of the genetic algorithm, whose results
may vary across runs due to random initialization and evolu-
tionary operators such as crossover and mutation, multiple
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independent executions would be recommended to assess the
stability of the optimized weights and the robustness of the
reported precision scores. Future work should consider report-
ing results as means and standard deviations across multiple
runs to strengthen the statistical validity of the findings.
Despite these observations, this investigation provides in-
sights into the dynamics of evolutionary optimization when
applied to complex machine learning models within domains
characterized by specific challenges, such as credit risk assess-
ment. In future studies, the same dataset may be evaluated
with heterogeneous ensembles, empirically demonstrating
that structural diversity alone, as explored in this work, is
insufficient to yield performance gains, and that conceptual
heterogeneity among base classifiers is a necessary condi-
tion for synergistic ensemble improvement. Additionally,
experimentation with other datasets can establish new bench-
marks for performance and robustness in this field, ultimately
contributing to improved capital allocation and a substantial
reduction in default losses for financial institutions.
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