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1. INTRODUCTION

Peer-to-peer (P2P) lending, the world’s largest online credit market, offers independent loans and
may influence traditional banks, prompting researchers to investigate various evaluation models. Different
approaches have been suggested for credit risk assessment in P2P lending, such as stacking ensemble models,
logistic and linear regression, statistical models (logistic regression (LR)), Bayesian classifiers, latent Dirichlet
allocation (LDA)), and artificial intelligence models (decision tree (DT), random forest (RF), light gradient
boosting machine (LightGBM), artificial neural networks (ANN), and convolutional neural network (CNN))
[L]-[5]. Additional methods include multi-view neural networks [6], [[7], benchmarking models [8], ensemble
resampling [7]], [9], Naive Bayes and DT [10], and an enhanced DT [11] model for default prediction. Credit
risk assessment has also been executed using a regression model [12], a sequential ensemble learning model
[13]], an ANN-based model for credit scoring [[14)], and an RF model for borrower identification [15]. Outlier
detection relies on poor credit scores [16], while internal rate of return is utilized to forecast expected profits
[LL7].

P2P lending datasets often contain inappropriate and redundant features, impacting predictive model
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accuracy [18]]. The large dataset dimensions hinder efficient model performance, requiring prolonged process-
ing times. Feature selection improves accuracy by identifying relevant features and reducing data dimensions
[19]-[21]. Various methods, including max-relevance and min-redundancy (MRMR), coupled with k-means
clustering, LightGBM, RF, LR, RF, and extreme gradient boosting (XGBoost), binary particle swarm opti-
mization (PSO) with support vector machine (SVM) , adaptive feature selection, most informative graph, most
relative graph, and grey relational clustering, have been proposed for predicting P2P loan defaults. These mod-
els consistently demonstrate superior accuracy compared to those without feature selection [11], [2]], [22]-[28].

The traditional feature selection technique needs to be updated to address the issue, as it significantly
expands the feature space, making it computationally difficult [29]. Evaluating 2V subsets is known to be an
NP-hard problem [21], [22]], leading to the adoption of evolutionary algorithms (EA) as an alternative solution.
Grey wolf optimization (GWO), introduced by [30], is an effective EA for optimizing feature selection in large
feature spaces. This paper proposes a feature selection method based on GWO and machine learning (ML)
models to achieve highly accurate loan default predictions using data from P2P lending platforms.

2. METHOD

Figure 1 visualizes the workflow of research method, namely feature selection based on GWO and
10-ML for predicting default in P2P lending.
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Figure 1. The process of the research method

2.1. Pre-processing

The dataset used in this study was obtained from the Kaggle repository, specifically the online P2P
lending dataset [31]. It comprises Lending Club loan data from 2023, featuring 16,000 user loans and 28 at-
tributes, including loan_amnt, term, emp_length, annual_’inc, dti, delinq-2yrs, fico_range_low, inq_last_6mths,
open_acc, pub_rec, revol_bal, revol _util, total _acc, installmen, int_rate, out_prncp, last_pymnt_amnt, total_rec_int,
total_rec_late_fee, recoveries, collection_recover_fee, and default.

No missing values were identified in the P2P lending dataset. We excluded features associated with
outliers, such as ’grade’ and ’sub grade,” and performed one-hot encoding on categorical variables like ’term,’
"home ownership,” “purpose,” ’verification status,” and *pymnt plan.” The final dataset for analysis includes 41
independent features, with *default’ as the target variable.

2.2. Data splitting: stratified k-fold validation

A stratified k-fold validation with k=10 was applied to the P2P lending dataset, specifically focusing
on “fully paid” and “charged off” loan status categories. The dataset was divided into 10 folds, ensuring equal
representation of both categories in each fold. This approach facilitated a comprehensive evaluation of the ML
model’s performance across diverse data subsets, reducing potential bias and ensuring reliable assessment of
its predictive capabilities.
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2.3. Proposed model

This paper presents an efficient feature selection method that combines GWO with 10 machine learn-
ing models (RF, DT, support vector classifier (SVC), k-nearest neighbor (KNN), gradient boosting decision
tree (GBDT), LightGBM, XGBoost, adaptive boosting (AdaBoost), categorical boosting (CatBoost), and LR).
The method operates in two main phases: first, GWO removes redundant and irrelevant features, then binary
classification is performed using the optimized feature set. GWO efficiently processes the P2P lending dataset,
resulting in high classification accuracy with a reduced number of features. Inspired by the social hierarchy
and group hunting behavior of grey wolves, our approach mathematically models the primary phases of the
hunt—tracking, chasing, and attacking prey—for the GWO design and optimizations, represented by «, /3, J,
and w. In (1) and (2) simulate the circular behavior of surrounding prey.

—

Z(t+1)=Z,(t)+ P-R (1)

R=|Q-Zy(t) - Z(t)| )

where D is defined in (2), t is the number of iterations. P and R are the coefficient vectors, 7 & 1s the position
of the prey, Z is the position of the grey wolf. P and R are determined using (3) and (4):

P=2p-5 —p 3)

—

R =25, “4)

where ‘s’ is linearly decreasing from 2 to 0 during the iteration. 7, 7 are random vector [0, 1] so that the grey
wolf’s position is updated as in (5):

R Zi+ 70+ 7
Z(t+1)=% (5)
7, = Z.-7Z-R,
Zo = Zs—Zy Rg (6)
Zs = Zs—Zs-Rys

where Za, Zg, 25 are three initial best solutions in the swarm at a given iteration. ﬁl, 152, 133 are defined in (3):
R, Rg, Rs are defined in (7):

R 1G]
Rg = |Q2 R —%| @)
Rs = |Qs-Zs— 7|

where Q 1, Qg, Qd are defined in (4). Thus, GWO is an update of the ‘p’ parameter, which controls the trade-off
between exploration and exploitation. Parameter ‘p’ is updated linearly in each iteration with a range of 2 to 0
according to (8):

2
p=2—t—"7) (®)

max iter
max iter is the total number of iterations allowed for optimization:

N-L

fitness(t) = ap + B( T

) €))

p denotes the classification accuracy of the 10-ML models. L refers to the number of selected features,
while N represents the total number of features in the P2P lending dataset. The parameters « and /3 correspond
to the weights assigned to classification accuracy and feature selection quality, respectively, with « € [0, 1] and
B =1 — «. The variable ¢ signifies the iteration number.
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3.  RESULT AND DISCUSSION

The list of the most influential features is generated through the feature selection process using GWO
with 10-ML models on the P2P lending dataset as input. The rationale behind choosing 95 wolves as the
population size in GWO is to enhance the diversity of the solution search, enabling broader coverage in the
search space. The substantial number of wolves is expected to increase the probability of finding an optimal
subset of features. Other parameter settings include 10 iterations, 41 features or dimensions, and a search
domain of [0 1]. Additionally, the alpha and beta values for the fitness function are set at 0.4999 and 0.5,
respectively. This approach ensures that the feature selection process is performed optimally, yielding the best
subset of features in P2P lending. The proposed of GWO+10-ML model follows the workflow outlined in
Algorithm[T] and its output is represented by the fitness function displayed in Figure 2.

Algorithm 1 . Pseudo-code of GWO

Input: the prey wolf population Z; (1,2, ..., n)
Output: Z is the best search agent, Z g 1s the second best search agent, Z5 is third best agent

Initialization: a, P and Q
Calculate the fitness of each search agent by Eq. (9)
while true do
t < maxiter
for all search agent do
update the position by Eq. (5)
update a, P and Q
update ZO,, Zg, Zs
t=t+1
: end
: return Za
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Figure 2. The fitness value of the proposed model

The fitness value consistently increases with each iteration, indicating that GWO effectively identifies
optimal features for the 10-ML classification process. Figure 3 visually represents the selected feature-length
(L), denoting the optimal features chosen by the 10-ML models. Additionally, the computational time for
achieving the optimal solution in GWO+10-ML models varies. Figure 3 provides insights into the time con-
sumption during iterations for calculating fitness values, revealing that GWO+CatBoost requires less time than
other models. It is important to note that faster iteration speed does not necessarily guarantee superior predic-
tion accuracy compared to other models.

Reducing the number of features in the dataset is crucial for addressing the “curse of dimensionality”,
improving model learning, and avoiding overfitting. This process streamlines model training by eliminating
irrelevant or redundant features, enhancing performance, and simplifying interpretation. Performance evalu-
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ation, detailed in Table 1, indicates significant differences between GWO+10-ML and original 10-ML mod-
els. GWO+10-ML consistently outperforms across accuracy, recall, precision, and F1-score, with averages of
96.77%, 80.73%, 97.52%, and 80.06%, respectively, compared to lower averages from original 10-ML models.
These results affirm the superiority of GWO+10-ML models and emphasize the effectiveness of feature opti-
mization, particularly in GWO+KNN and GWO+LightGBM models, in improving predictive performance.
This underscores the importance of efficient feature selection in identifying potential defaulters in the P2P
lending environment.
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Figure 3. The length of the selected features (L)

Table 1. The evaluation performance comparison of GWO+10-ML and original ML

Models Accuracy (%) Recall (%) Precision (%) F1-score (%)
Original GWO  Original GWO  Original GWO  Original GWO

DT 95.78 96.63 84.97 87.89 86.60 89.38 85.77 88.63

LR 94.84 96.41 70.77 75.99 93.13 100.00 80.43 86.36

LightGBM 97.44 97.97 85.80 88.94 96.71 97.26 90.93 9291
XGBoost 97.50 97.81 86.22 88.31 96,72 96.80 91.17 92.36

RF 96.53 97.31 76.83 85.39 100 96.24 86.89 90.49
SVM 92.31 94.94 52.19 66.18 93.63 100 67.02 79.65
KNN 86.72 96.41 17.95 75.99 72.88 100 28.81 86.36
GBDT 96.75 96.94 79.96 81.63 97.95 97.51 88.05 88.86
AdaBoost 96.88 96.97 81.84 81.42 96.79 97.99 88.69 88.94
CatBoost 96,34 96.34 75.57 75.57 100.00 100.00 86.09 86.09
Average 95.11 96.77 71.21 80.73 93.44 97.52 79.39 88.06

Moreover, Table 2 (see in Appendix) provides a comparative assessment of the accuracy performance
of the proposed model in relation to prior related research. The table demonstrates the superior performance
of the proposed model compared to the studies conducted by Truong et al. [32]], Setiawan et al. [25], as well
as Victor and Raheem [33]]. Consequently, it reaffirms the effectiveness of GWO as an optimization algorithm
for feature selection. Nevertheless, further development of GWO is warranted, particularly by expanding its
search capabilities to accommodate high-dimensional dataset.

4. CONCLUSION

The GWO+10-ML models (including RF, DT, SVM, KNN, GBDT, LightGBM, XGBoost, AdaBoost,
CatBoost, and LR) presented in this paper act as a wrapper feature selection method. These models efficiently
select relevant features and discard irrelevant ones in the P2P lending dataset. Performance evaluations (ac-
curacy, recall, precision, and F1-score) show that the GWO+10-ML models outperform the original 10-ML
models in predicting defaults in P2P lending. Additionally, this method surpasses the accuracy of three pre-
vious studies. Enhancing GWO by expanding the search space is essential for handling high-dimensional
datasets.
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APPENDIX
Table 2. The comparison of the proposed model with the previous related work
Study Feature selection Models Accuracy (%)
LDA 81.20
Restricted
Boltzmann LR 81.05
132] Machine ANN 66.05
KNN 72.55
SVM 76.56
RF 67.72
[25] Binary PSO Electrical resistivity tomography (ERT) 64
LR 86
1331 Genetic algorithm  RF 92
SVM 85
DT 96.63
LR 96.41
LightGBM 97.97
XGBoost 97.81
RF 97.31
Proposed model GWO SVM 94.94
KNN 96.41
GBDT 96.94
AdaBoost 96.97
CatBoost 96.34
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