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Abstract

Early default prediction with predictive models is of crucial importance for financial
institutions, Fintech or Peer to Peer (P2P) lending platforms, as it allows them to
effectively mitigate the potential risks associated with customer or debtor defaults,
anticipating before this becomes a major problem. This proactive approach serves
to avoid the consequent impact on provisions and, subsequently, on the institution’s
capital. On the other hand, advanced predictive models are often less interpretable
than traditional models such as probit (Abdou & Pointon, 2011) and logistic regres-
sion (Bolton, 2009; Liu et al. 2024). Due to this lower explainability, our goal was to
develop a methodology that allows building an advanced predictive model together
with a linguistically interpretable explanation useful for decision making from large
volumes of data. For this purpose, our case study was the loan dataset of Lend-
ing Club, the largest P2P lending platform in the world. As a result, we obtained
a model based on the eXtreme Gradient Boosting (XGBoost) together with its lin-
guistic interpretation using a surrogate model and the 2-tuple fuzzy linguistic model
Monje et al., (Mathematics 10:1428, 2022). This model allows us to identify five
risk categories (very low, low, medium, high and very high).
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1 Introduction

In the aftermath of the 2008 crisis, and due in part to the general public’s declining
confidence in the stability of banking institutions, a lending model emerged that,
although it might seem modern, is based on old lending practices. For this reason,
Lending Club was launched in May 2007, a lending platform between individuals
and investors without the intermediation of a traditional financial institution. Based
on the crowdlending technique, it offered P2P loans, with terms ranging from three
to five years and amounts up to $35,000 (Namvar, 2013). It is thus about person-to-
person lending: people with money (investors), based on credit information, lend
money through a platform to anonymous people who need it (borrower) (Wang
et al., 2015). In this context, P2P and bank lending have some differences e.g. inter-
mediation: in a bank, the loan is done through a financial institution, while in P2P
loans, it is done through an online platform directly between the borrower and the
lender. Another difference is that the application process in a bank is long and needs
a lot of documentation, while for P2P loans it is simpler and faster. In addition, P2P
loans have higher interest rates than bank loans due to the perceived risk of the
lenders. Finally, bank loans are less flexible because banks have to comply with set
admission policies. In contrast, P2P and bank loans share similarities in loan usage,
credit evaluation and periodic payments (De Roure et al., 2016; Wang et al., 2015).

Currently, the P2P lending model has evolved, as investors, such as Fintechs, can
apply their money to a portion of a loan or split it into several, without the need for
an investor to lend money to a specific client (Chishti, 2016). Thus, these new inves-
tors are using new ways of analyzing risk that include Big Data, Machine Learning
techniques and the incorporation in the analysis of unstructured information with
the aim of assessing risk more accurately. Consequently, these new technologies are
making a difference in the financial environment, especially for credit risk manage-
ment. The reason is that they make it possible to process a large amount of data
in a short time, while predicting defaults more accurately, which is crucial for the
sector. Thus, credit risk analysis is crucial, because it is the first barrier to defend
solvency, but also to provide liquidity adequately and without inefficiencies. In this
sense, identifying signs of early deterioration in customers is crucial, since preven-
tive measures can be taken at that time to avoid further deterioration of the cus-
tomer. This is done by monitoring early delinquency, which is considered when the
default is more than 30 days old, allowing entities to take preventive measures and
seek mutually viable solutions before significant delinquency occurs.

The use of machine learning techniques in the financial system is becoming
increasingly widespread for the early detection of defaults. This type of default can
be modeled by companies and does not legally require white-box models. There-
fore, sophisticated black-box models such as Neural Networks and XGBoost can be
used (Adadi & Berrada, 2018), but they are not interpretable. However, it is crucial
to subsequently apply eXplainable Artificial Intelligence (XAI) techniques to these
models in order to be understood and audited (Heng & Subramanian, 2022).

For all these reasons, our objective is to develop a predictive and linguistically
interpretable model, useful for decision making using large volumes of data, that
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predicts early default. To validate the goodness of this model, we have applied it
to a real case, the dataset of P2P loans granted in the period 2007-2020Q3 from
the Lending Club platform. To achieve our goal, we achieved explainability of the
developed algorithm using Machine Learning techniques (Gunning et al., 2019).

The rest of the paper is structured as follows: Sect. 2 presents the state of the
art and compares relevant works found that are related to our proposal; Sect. 3 pre-
sents the basics of Decision Trees, Fuzzy models and XAI, on which our proposal is
based; Sect. 4 presents the model for predicting early loan default in lending, and the
method to obtain its interpretation; in Sect. 5 we discuss the results obtained; finally,
in Sect. 6, we show the conclusions and future work.

2 Related Work

Since delinquency is the biggest problem a financial institution can have, our
paper focuses on the prediction of early default. Being able to foresee early
default allows preventive measures such as debt restructuring before default, thus
avoiding accounting defaults. This makes provisioning unnecessary and would
not reduce available capital. P2P lending markets have grown a lot in recent years,
due to the fact that they involve private-to-private lending on an online platform
(Lenz, 2016). If a borrower is unable to repay, lenders must bear the credit risk
when default occurs Therefore, early default prediction is crucial. Traditional
approaches, mainly probabilistic financial models such as credit scorecards, use
a linear model such as a logistic regression (Dreiseitl and Ohno-Machado, 2002).
To improve default prediction, more sophisticated Machine Learning models are
used. Furthermore, it is important that these models are easily interpretable in
order to validate them and check for possible biases, so Explainable Artificial
Intelligence (XAI) plays an important role. Model interpretability (Arrieta et al.,
2020) is crucial for transparency and traceability, especially in default prediction
(Leo et al., 2019).

The bibliometric analysis is divided into two parts: studies that seek to predict
default, and studies that interpret in depth the “black box” models that predict
default. The literature search was conducted using combinations of the follow-
ing keywords:"forecast","prediction*","credit","loan","mortgage","lending","'mac
hine learning","deep learning","P2P","peer to peer","XAl","explainable artificial
intelligence".

In the study (S. H. Chen et al., 2019a, 2019b), a Machine Learning model
with feature selection is proposed and it is shown that credit risk prediction for
P2P lending can be improved using logistic regression in addition to appropriate
feature selection. Subsampling was used to balance the dataset. Another similar
study (Zhou et al., 2019) proposes the use of gradient boosting decision trees
(GBDT), XGBoost, and the light gradient boosting machine (LightGBM). In the
same line, (Ma et al., 2018) and (Ko et al., 2022) also propose LightGBM.

In (Li et al., 2018), a multi-round ensemble learning model based on heterogene-
ous ensembles was designed for default risk prediction. In this model, XGBoost is
initially used for ensemble learning, and the XGBoost, deep neural network (DNN)
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and logistic regression are considered as heterogeneous individual learners which
are subject to linear weighting. In (Yang et al., 2022) a new Sparrow Search Algo-
rithm (SSA)-CatBoost model is proposed, which combines SSA and CatBoost to
improve prediction and classification. Comparing other known Machine Learning
models and the CatBoost model, the SSA-CatBoost model has the best classification
and prediction accuracy. In (Song et al., 2020) it is proposed a multi-view ensemble
learning method based on distance-to-model and adaptive clustering (DM-ACME)
which uses gradient boosting. This method produces a set of diverse ensembles of
decision trees. In (Zhu et al., 2019) it is proposed a loan default prediction model
based on Random Forest (RF) trained using the Synthetic Minority Oversampling
Technique (SMOTE) resampling method to cope with the class imbalance problem.

On the other hand, in (T. Chen, 2021) the authors deal with the class imbal-
ance problem using the XGBoost model with three resampling methods (SMOTE,
NearMiss and random selection). In (Niu et al., 2020), an ensemble resampling
based on data distribution (REMDD) is performed, in which using the subsampling
method based on majority class data distribution (UMCDD) deals with 1 the class
imbalance problem improving the classification of REMMD. In (Li et al., 2020a,
2020b) it is proposed a model that adds missing values to the model for self-training
improving its performance. This paper addresses the class imbalance problem by
proposing a new model based on heterogeneous ensemble learning. In (Li, 2022),
a predictive model based on deep learning is proposed for online loan default pre-
diction. The Back-Propagation Neural Network (BPNN) model is compared with a
Support Vector Machine (SVM) and a Regression Model, with BPNN model having
the highest accuracy. In this line, (Kim & Cho, 2019) presents another deep learn-
ing model, a convolutional neural network (CNN), for repayment prediction in P2P
social lending.

P2P loan data is generated in real time, but many of the loans are pending repay-
ment decisions because the term has not yet expired. In (J. Y. Kim & Cho, 2022)
it is considered that labeled unexpired data improves the prediction performance
of the model. For this purpose, they propose a joint classifier composed of several
Convolutional Neural Network (CNN) models including GoogLeNet, ResNet, and
DenseNet, and the additional data labeled by Dempster-Shafer fusion. In (Kriebel
and Stitz, 2022) the authors propose a method to improve default risk prediction
using the extraction of keywords and short text fragments from user comments. This
work shows that simpler methods, such as average embedding neural networks help
to obtain better predictability compared to more complex methods, such as Bidirec-
tional Encoder Representations from Transformers (BERT) and Robustly Optimized
BERT (RoBERTa).

In (Fu et al., 2020), it is proposed to extract keywords from investors’ comments
and then use a model based on bidirectional long short-term memory (BiLSTM). In
(Lee et al., 2021), a graph model based on nonlinear graph convolutional networks
(GCNs) is proposed. Three types of information about borrowers (loan information,
credit history information and soft information), are used.

On the other hand, in (Xu et al., 2021) the factors affecting repayment are ana-
lyzed. Four machine learning methods (RF, XGBoost, Gradient Boosting and Neu-
ral Network) were applied to predict the important factors affecting repayment. The
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results showed that borrowers who have passed only video, cell phone, job, resi-
dence, or education level verification are more likely to default, while those who
have passed asset identity verification are less likely to default.

In the paper (Arora & Kaur, 2020) it is introduced Bolasso (Bootstrap-Lasso), a
technique designed to select consistent and relevant features. The pre-selected fea-
tures generated by Bolasso are applied to various classification algorithms, such as
RF, SVM, Naive Bayes (NB), and K-Nearest Neighbors (K-NN) to test their pre-
dictive accuracy. It is observed that Bolasso-enabled RF (BS-RF) provides the best
results for credit risk assessment in that paper.

On the other hand, in (Cho et al., 2019) an investment decision model in the P2P
lending market is proposed that consists of classifying fully paid loans using the
Instance-based Entropy Fuzzy Support Vector Machine method (IEFSVM), which
is a modified version of the Entropy-based Fuzzy Support Vector Machine method
(EFSVM). By applying the model to the loan dataset, the loans that are expected
to be fully paid are determined. To predict loan default (Stevens et al., 2020) used
the XGBoost model and the explainability of the model was extracted by post hoc
explanations using the SHapley Additive exPlanations (SHAP) method. In (Moscato
et al., 2021) a comparative study of some of the most widely used scoring models
for credit risk prediction was performed. They used different techniques to deal with
the class imbalance problem and finally, the three best approaches were evaluated in
terms of their explainability using different XAl tools.

Therefore, in this work we consider the XGBoost model, a model widely used in
the cited literature. Table 1 shows the works specifically related to default prediction
and the explainability of the models used. The table also includes our proposal.

3 Methodology

The dataset includes 2,925,493 loans and 141 variables with information about each
client. First, an exploratory analysis of the data was performed. By analyzing all the
variables and their different values, leaky variables that included information after
the loan was formalized and those that did not provide relevant information were
removed. In addition, variables with more than 40% missing values were removed.
Once the dataset was cleaned the variables were reduced to 57 variables (Polena and
Regner, 2018) we split the dataset into 70% train and 30% test and used different
Machine Learning algorithms to construct models to predict defaults.

The Machine Learning algorithms investigated included Logistic Regression,
Decision Tree, Random Forest (RF), Balanced Bag classifier, XGBoost, K-NN,
Gaussian Nalve Bayes (Gaussian NB), Neural Networks, and AdaBoost.

Due to class imbalance (He and Garcia, 2009; Alam et al., 2020), where 20.20%
of loans experience early defaults, we applied methodologies such as SMOTE, Ran-
dom Undersampling and Random Oversampling (Costello and Lee, 2019). The fun-
damental consideration in our model selection process was the minimization of false
negatives and accurately identifying positive cases. This emphasis is due to the fact
that early detection of defaults serves to avoid their deterioration and the consequent
impact on the financial institution’s capital.
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L. Monje et al.

Therefore, the selected model prioritizes high recall, high F1 score, and robust
AUC (Area under the Receiver Operating Characteristic curve) (Krzanowski and
Hand, 2009).. With these fundamentals in mind, the following section delves exclu-
sively into the intricacies of the XGBoost classifier model (Li et al., 2020a, 2020b;
Chen & Guestrin, 2016) complemented with optimized parameters, recognized as
the most promising default prediction model.

XGBoost is a so-called black-box model, and the problem with such models is that
it is very difficult to intuitively explain how it has reached its conclusion (in our case,
predicting whether a customer defaults or not). However, model interpretability (Arri-
eta et al., 2020) is crucial for transparency and traceability, especially in default pre-
diction (Leo et al., 2019). Therefore, interpretation using XAl techniques is crucial.
In this sense, from a business perspective, the XAl technique of surrogate models can
provide us an intuitive interpretation of the model. (Molnar, 2020).

The inputs to the surrogate model have been a subset of variables that provide
key information about the financial situation, credit history and loan details:

-Term_60_months: This variable indicates the term of the loan in months. Specifi-
cally, in this case, it refers to loans with a term of 60 months (5 years). It can be used
to evaluate the duration of the financial commitment associated with the loan.

- Application_type: It describes the type of application submitted for the loan. It can
have two main values:"Individual"if the application is submitted by a single person,
and"Joint"if the application is joint, i.e., submitted by more than one person.

- Delinq_2 yrs: It represents the number of late payments in the last two years.
This variable is an indicator of payment history and may influence the assessment
of the applicant’s credit risk.

-Ing_last_6 mths: It indicates the number of credit history inquiries made in the
last 6 months. A higher number of inquiries may suggest greater financial activ-
ity. For a better understanding of the rules obtained by the surrogate model, we
represent each of the continuous variables with a linguistic variable based on a
set of linguistic values (Very Low, Low, Medium, High, Very High). Therefore,
we propose the use of fuzzy linguistic variables to improve the interpretability of
these variables, which were originally proposed by Zadeh (Zadeh, 1975). This
type of variable represents linguistic concepts, based on fuzzy sets, which are
commonly used by humans. Specifically, we propose the use of the 2-tuple fuzzy
linguistic model, which allows for higher accuracy in the representation and com-
putation of these fuzzy concepts.

The process is shown in Fig. 1.

We will now explain the proposed process based on three models: XGBoost,
the 2-tuple fuzzy linguistic model, and the surrogate tree and rules.

3.1 Extreme Gradient Boosting Classifier

XGBoost is an optimized and distributed gradient boosting library for construct-
ing Machine Learning models under the Gradient Boosting framework (Chen &
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Fig.2 Prediction with XGBoost model: each of the n trees produces a prediction f, which is combined
with the others to produce the final prediction. L1, L2, etc. represent the nodes of a particular tree

Guestrin, 2016). Due to the quality of the models that can be built with XGBoost,
it has become a widely used tool. In addition, it is flexible and fast to train, works
with both classification and regression problems and with large volumes of data.
The algorithm is a supervised learning technique based on decision trees. It consists
of an assembly of sequential trees as shown in Fig. 2, where the subsequent tree
learns the result of the previous trees by correcting the error produced by them, until
the error can no longer be corrected.

If the new model performs better, it is used as a basis for further modifications. If,
on the other hand, it performs worse, the training algorithm returns to the previous
best model and modifies it differently.

3.2 The 2-Tuple Fuzzy Linguistic Model
The 2-tuple model proposed in (Herrera & Martinez, 2000) is a versatile model used

in different areas (Marin Diaz et al., 2021; Bueno et al., 2022a, 2022b; Carrasco
et al., 2015; Monje et al., 2022) since it allows a more precise representation of the
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fuzzy linguistic terms of a linguistic variable without losing linguistic interpretabil-
ity. For this reason, it is a widely used model in different areas.

This model represents the information as a pair of values (s;,;), where 5,€S and
a; € [-0.5,0.5)

Definition 1. The symbolic translation of a linguistic term is defined as the differ-
ence between the value € [0,g] obtained from a symbolic operation and the index
of the closest linguistic term si in S. The result of this difference is a number in the
[— 0.5, 0.5) interval.

To perform transformations between two-tuple linguistic values and numeric
values defined in the granularity interval, as well as to perform computational pro-
cesses on 2-tuple linguistic values, the two-tuple linguistic model defines the follow-
ing pair of functions:

Definition 2. Let S = s, ... .S & set of linguistic terms, (S) =S x [-0.5,0.5) and
pe [O, g] a value representing the result of a symbolic operation. Then, the linguis-
tic 2-tuple expressing information equivalent to f is obtained using the following
function:

Ag : [0.g] = (S) X
Ag(B) = (s, ;) with{i = round(B)a = f — i, ae[=0.5,0.5), @

where round(e) is the visual rounding operator, s; is the label with index closest to
and a is the value of the symbolic translation.
Thus, a value in the interval [0, g] always identified with a 2-tuple linguistic value

in (S).

Definition 3. Let S:so,...,sg a set of linguistic terms and

(s;»@;)€(S) = S x [-0.5,0.5). The numerical value in the granularity interval [0, g|
representing the linguistic value 2-tuple (si, ai) is obtained using the function:

A" 1 (S) - [0.g]

Agl(si,a[) =i+a=p &)

Along with the representation model seen above, we will define 2-tuple linguistic
value comparison operators. Given two 2-tuple linguistic values (sk,1) and (s/,02)
representing quantities of information:

o Ifk <, then (sk, a; ) is less than (sl, az).
If k = [, then

1) Ifa; = ay, then (sk, a ) and (s,, a2) represent the same information.
2) Ifa; < ay, then (s, ;) is less than (s, a, ).
3) Ifa; > a,, then (s, a, ) is greater than (s, o, ).

Default is the variable to be predicted, so in our study it is the dependent variable.
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Fig. 3 Definition of set S for the Vepytow Low Medium High very High
variable “probability of early
default”

[
0.000 0.125 0.250 0.375 0.500 0.625 0.750 0.875 1.000

As will be seen in Sect. 4, we will represent the probability of default with the
2-tuple model to improve the linguistic interpretability of this probability obtained with
the surrogate model.

For this purpose, we define,

S= {so,...,sT}
with:
T=4:s,=VeryLow = VL,

sy =Low =1L,
s, = Medium = M,
sy = High=H,

s, = VeryHigh = VH

with the definition shown in Fig. 3. Thus, for example, if in a given context the
probability of early default is (Medium, —0.2), we can interpret that it is well above
“Very Low” and well below “Very High”, and is also below “Medium”.

3.3 Surrogate Tree and Rules

The so-called black box algorithms are those that are not intuitively interpretable by
humans, since they make decisions that we cannot understand (Minh et al., 2022). In
this sense, artificial intelligence (AI) has made great advances in this type of algo-
rithms in recent years.

As a result, the area of eXplainable Artificial Intelligence (XAI) has emerged,
where there are two main approaches:

e Global approach: methods that try to explain in a generic way the decisions of
black box models.

@ Springer
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e Local approach: methods that try to explain particular decisions of black box models.

The main XAl techniques are shown in Table 2.

We use a global model to understand the prediction of early default on loan appli-
cations. Because we are estimating the probability of default, which is a continuous
variable, we use an interpretable model based on regression decision trees. To do so,
we will use the following algorithm (Molnar, 2020):

1. Select the data set X used to train the black-box model.
Obtain the probabilities of default pyj, o« fOr the dataset X estimated by the
black-box (non-interpretable) model.

3. Train a regression decision tree on the dataset X with the aim of predicting
Pblackbox-

4. Obtain the rules equivalent to the decision tree.

5. Measure how well the surrogate model replicates the predictions of the black-box
model.

6. Fuzzify continuous numerical variables using the 2-tuple fuzzy linguistic model
(Eq. D).

7. Interpret the surrogate fuzzy linguistic model.

For step 6, we will use the coefficient of determination R2, which is a standard
measure of how well the regression tree explains the predictions of the black-box
model we are trying to explain.

To interpret black-box models, we usually use surrogate models that are decision
trees, with the final tree expressed as a simple set of rules. In this sense, there are sev-
eral works focused on the extraction of rules (Bologna, 2019; Keneni et al., 2019; Singh
et al., 2019). The fuzzy version of these rules uses fuzzy sets that allow to model fuzzy
concepts in a way closer to human conception. Therefore, it is an interpretable model
(Fernandez et al., 2019). An example of a fuzzy rule is: IF (term_ 60 months =0) and
AS (application_type <1) and (deling_2 yrs <1) and (inq_last_6 mths <0) and (bc_util
<Medium) and (acc_open_past_24 mths > 6) then probability =Low.

In step 7, the most appropriate fuzzy linguistic value of the target variable is
obtained. The fuzzification process converts the variable value into a linguistic variable
label and may result in information loss. By using the 2-tuple model, there is no infor-
mation loss and hence an accurate value can be represented as a fuzzy value using the
linguistic label values and symbolic translation. Although fuzzy rules have been applied
to prediction problems and other areas (Viji et al., 2020), as mentioned above, we have
not found application of the 2-tuple model to our interpretability problem.

4 Proposed Model
To achieve our objectives, we will rely on the phases of Knowledge Discovery in Data-

bases (KDD) proposed in (Fayyad, et al., 1996). This framework divides the overall
process into a series of ordered phases, which involve understanding the domain and
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defining the scope of application, data extraction, preprocessing the data (including
selection, cleaning and transformation), and interpretation/evaluation of the results
obtained. This method is shown in Fig. 4 and its steps are explained below.

Domain understanding and goals >

Creating a Target Dataset

Data Understanding

Data cleaning and Pre-processing

Data Transformation

Choice of the most appropriate ML algorithm

Interpreting Mined Patterns

AV AR VA" . VA VA ¥

Use of Discovered Knowledge

Fig.4 Proposed strategy
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4.1 Domain understanding and goals
There are currently two types of approaches for default prediction:

— White-box models: These models have transparent and easily interpretable inter-
nal processes, but they cannot capture complex relationships in the data. There-
fore, they have lower accuracy compared to black-box models (Fendi et al., 2017).

— Black-box models: These are very complex models that can handle large amounts
of data and nonlinear relationships between variables. Their complexity allows
them to achieve high levels of accuracy in difficult predictive tasks, prioritizing
high precision and predictive performance over interpretability. However, their
lack of transparency presents significant challenges for banking regulators in
terms of effective supervision, risk assessment, and bias detection (Rudin, 2019).

Therefore, the objective was to develop a model capable of accurately predict-
ing early default, as it is vitally important for financial institutions to avoid incur-
ring losses and to understand the underlying determinants of such predictions. This
enables institutions to make informed lending decisions based on predicted outcomes
In turn, regulators are better equipped to monitor, assess and manage financial risks
effectively, as accuracy and interpretability help promote sounder financial practices.

Our approach aims to combine the high accuracy of a black-box model with the
explainability of a white-box model, allowing the firm to effectively manage the risk
of early default. Understanding the underlying drivers of these defaults is equally
crucial, as it enables firms to make informed decisions on loan approvals based
on customer patterns. This, in turn, provides regulators with enhanced capabilities
to monitor, assess and manage financial risks more effectively, thereby promoting
sounder financial practices. Table 3 summarizes the applicability of each approach.

Within the scope of this study, our focus is on the analysis of P2P lending span-
ning the period from 2007 to the third quarter of 2020.

4.2 Cleaning the Dataset

Data on peer-to-peer lending was provided in the form of a flat file in CSV format.
This file contained detailed information about the loan applicants. The variables in
the file contained data relevant to the loan application and subsequent instances.
Data processing was performed using the Python programming language. Finally,
the variables selected were those that did not contain any post-loan approval infor-
mation, and at the same time provided relevant information for predicting early
default.
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4.3 Data Understanding

Data collection and review is the focus of the second phase of the KDD process.
We focus on the analysis of early defaults and for this we will only consider loans
for which we know how they have ended (fully paid and charged off, and those that
have been 31-120 days late). The variable"Delinq_2 yrs"corresponds to the count
of delinquency incidences extending beyond 30 days in the borrower’s credit his-
tory over the previous 2 years. The numerical value assigned to this variable varies
depending on the count of early defaults experienced by the client, so it is a variable
with information from the past.

The dependent variable is a constructed binary variable. The value 1 represents
loans that at some point had a default of more than 30 days, such as charged-off
loans, loans overdue 31-120, and those whose loan status is fully paid but their pay-
ment term was longer than initially agreed. The value O represents fully paid loans
with a payment term equal to or less than initially agreed.

Therefore, out of a total of 806,161 loans, we have a total of 20.20% of operations
with early default (171,066), as shown in Fig. 5.

4.4 Data Cleaning and Preprocessing

This is the third stage of the KDD process, which focuses on data cleaning and
preprocessing. To do this, the first step was to eliminate variables that provide
information on events that occur after loan formalization, and variables that are
not relevant to our study. Next, we removed the variables with more than 40%
missing values.

Fig.5 Percentage of early

default Percentage of early default

Loan status
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4.5 Data Transformation

This is the fourth stage of the KDD process, which focuses on transforming the
data so that the algorithms can work properly with it. To do this, categorical
variables were converted to numerical variables (see Fig. 6) using the following
methods:

— One Hot Encoding: for each categorical variable W (e.g. verification_status,
purpose, etc.), a column is created for each different value that the variable
can take. The column W, for categorical variable W is 1 or 0 depending on
whether the value of W is , or not, respectively.

— Label encoding: in this step the labels are converted to a numeric format
such as grade: A:1, B:2, C:3, D:4, E:5, F:6, G:7 subgrade Al:1, A2:2, A3:3
A4:4, B1:5, B2:6, B3:7, B4:8, C1:9, C2:10, C3:11 C4:12 ..., emp_length: 10
+years: 10, 9 years: 9, 8 years: 8, 7 years: 7, 6 years: 6, 5 years: 5,4 years: 4,
3 years: 3, 2 years: 2, 1 year: 1,’< 1 year: 0.

4.6 Choice of the Most Appropriate ML Algorithm

At this stage of the KDD process, we will proceed to build the predictive system.
To do this, we have developed different models in order to select the most predictive

Fig.6 Frequency of early

default Frequency of early default

Count (millions)
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one. To choose the final model, we have evaluated the performance of each model
and optimized the hyperparameters using Grid Search, managing to find the opti-
mal combination of hyperparameters that maximize the performance of the model.
Finally, the selected model was XGBoost. We have tried to improve the performance
of the model using class balancing techniques without success.

The rationale for choosing the XGBoost model for early loan default prediction
was as follows:

Performance. Higher AUC and accuracy: XGBoost has the highest AUC value
(0.731) among all the models evaluated, indicating a better ability to discriminate
between classes. In addition, XGBoost also has the highest accuracy (0.795) among
all the models evaluated. Having a model with the highest possible AUC and accu-
racy is crucial for the financial institution. On the one hand, a higher AUC directly
translates into better lending and credit risk management decisions. On the other
hand, predicting defaults more accurately allows the financial institution to reduce
losses and optimize its risk mitigation strategies.

XGBoost’s optimized hyperparameters and explanatory techniques such as surro-
gate modeling provide clearer insights into the variables contributing to the predic-
tions than other black box models such as DL, which is important for decision mak-
ing in the context of default probability. These features are critical for an application
as critical as early prediction of loan defaults, where each incremental improvement
in accuracy can have a significant impact on the financial institution’s profitability
and risk management.The model comparison is shown in Table 4.

— The optimized hyperparameters of our final XGBoost model are:Minimum sum
of instance weight (Hessian): 5

— Maximum depth of a tree: 6

— Output probability:’binary:logistic’

— Gamma: 10. This parameter controls the minimum loss reduction required to
perform an additional partition at a leaf node of the tree. The algorithm will be
more conservative the higher the value of gamma.

Figure 7 shows the ROC curve in test of the constructed model. ROC curves for
continuous data. CRC Press).

4.7 Interpreting Mined Patterns

This phase is essential to close the cycle of the KDD process and to convert the
results into valuable and actionable information. For this purpose, we have chosen
a surrogate model considered a white box as an interpretive model that explains the
predictions of the Machine Learning model we built with XGBoost, which is a black
—box model. The surrogate model aims to provide a clearer understanding through
rules of the relationships between input variables and model predictions, clearly rep-
resenting the logical decisions from a business perspective.
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The inputs to the surrogate model have been a subset of variables that provide key
information about the financial situation, credit history and loan details (Term_60_
months, Application_type, Deling_2 yrs, Inq_last_6 mths).

Next, rules from the surrogated model were extracted. In this context, each node
and branch of the tree is transformed into conditional rules that are based on the inher-
ent characteristics of the dataset. The combination of nodes and branches allowed for
the construction of more complex business-sense rules that span multiple conditions,
providing clarity on the fundamental patterns and relationships captured by the model.

The rules we have obtained from the surrogate model are shown in Table 5.

As discussed above in Sect. 3.2, we can represent the continuous numerical vari-
ables with their corresponding 2-tuple value if we want to improve interpretability.
First, we perform a transformation as a previous and necessary step for the transfor-
mation to a 2-tuple value (see Fig. 3). In this sense, we use the rank percent func-
tion, which returns the relative percentile rank of each of the predictions within the
group, thus transforming the variables to represent them in the interval [0, 1]. The
results of these transformations are shown in Table 5.

Once the linguistic representation of the continuous numerical variables had been
obtained through a fuzzification process, the values of these variables were replaced
in the corresponding rules. It should be noted that the representation of the original
variables in linguistic form, completely exact and without loss of information, was
possible through the 2-tuple model. Following this process, we obtained the rules
shown in Table 6.

S is defined as Fig. 3

Ay is defined as Eq. 1.

4.8 Use of Discovered Knowledge

In Sect. 4.6 we obtained an XGBoost model with AUC =0.73 in the prediction
of early default in P2P lending, as can be seen in Fig. 7. In addition, as seen in
Sect. 4.7, the model can be interpreted from the business point of view by a set of

Fig.7 Receiver Operating

Characteristic (ROC) curve and
Area Under the Curve (AUC) in
the test set 0.6

1.0-

0.6 -

0.4 -

True Positive Rate

0.2 -

~—— AUC=0.7306
0.0 -

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
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9 rules (R2 in training =0.806, R? in test =0.808). Therefore, we obtain an easy-to-
understand explanation for the predictions of the black-box model.

The models classified loan applications into early default risk categories. In this way,
the admission process could be automated, with Very Low and Low risk applications
being automatically approved, and High or Very High risk applications being automati-
cally denied. The results obtained could be used to make strategic decisions, such as
adjusting lending policies to avoid subsequent impacts on provisions and capital, com-
plying with regulatory requirements and launching marketing campaigns aimed at cli-
ents with a low probability of early default by offering them preferential conditions.

Therefore, by implementing our strategy, the financial institution would achieve greater
transparency in its decision-making processes, improve its relationship with the supervi-
sor, significantly reduce the default rate by improving its financial stability, improve effi-
ciency in the evaluation of loan applications, and increase customer satisfaction by offer-
ing them financial products more suited to their needs and/or under better conditions.

5 Discussion and Results

In this section we develop the extracted rules and compare our method with the
more classical approaches discussed in Sect. 4.1.

There is a clear business interpretation of the rules extracted by the surrogate
model.

In rule 1, the loan requested is for a single person and the term of the loan is three
years, so it is short term and the risk of exposure of the entity to default is short,
which makes the risk of early default lower. The client has not had a delay of +30
days, or at most one, in his/her payments in the last 2 years. In addition, the credit
utilization ratio is less than or equal to the "average", the number of inquiries to the
client’s credit history in the last six months is zero so he/she has not requested any
product in that period, and the number of accounts opened in the last 24 months is
less than or equal to 6, so the client has not requested excessive credit in the form of
loans, credit cards or other forms of financing. All this confirms that the use of credit
is controlled and therefore the probability of early default of the loan is very low.

In Rule 2 the conditions remain the same, but the credit utilization ratio is
higher than"Medium", which implies that the use of available credit in relation to
total credit is high and implies poor credit management. Therefore, the probabil-
ity of early default increases to Very Low at +0.125.

In Rule 3, the conditions of Rule 1 are maintained, except if the client has
more than six open accounts in the last 24 months. An excessive number of open
accounts may indicate a higher credit risk. This suggests that the person is look-
ing for credit in a short period of time, and this implies a sign of financial difficul-
ties. Therefore, the probability of default is now"Low".

Rule 4: the loan is requested by an individual and for a term of three years,
there is no more than 30 days overdue in the last two years, there are six or fewer
open accounts, but there are inquiries in a short period of time. This could indi-
cate a customer who has been looking for credit from different entities and what it
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may suggest is that he/she is having financial difficulties. Therefore the probabil-
ity of early default would increase to"Medium, —0.125".

Rule 5: the number of defaults of more than 30 days in the last two years is
greater than 1, so the probability of early default rises to"Medium".

Rule 6: the client has more than six open accounts in the last 24 months and
there are inquiries in a short period of time. This denotes that the client has
requested credit in a short period of time because he/she may have financial dif-
ficulties. Therefore, the probability of early default rises to "Medium, +0.125".

Rule 7. Although the client who requested the loan has had no risk inquiries
in the last six months and has a good rating (A-B-C-D), the term of the requested
loan is five years. This entails a higher probability of default because the entity is
exposed to a possible default for a longer period of time. Therefore, the probabil-
ity of early default rises to “High”.

Rule 8. The conditions of rule 7 remain the same, but the customer has had
inquiries in the last six months. This could indicate that he/she has been seeking
credit, which could be interpreted as a potential risk of over-indebtedness, so the
probability of default would rise to below very high:"Very High, —0.125".

Rule 9. The requested loan is for 5 years and the number of applicants is 2, their
rating is high risk (E-F-G), so the probability of early default is “Very High”.

We emphasize that the 2-tuple model allowed us, on the one hand, a good linguis-
tic interpretability of the XGBoost model. On the other hand, it gave us precision
in the interpretation of the rules, allowing us to separate the default prediction into
Very Low, Low, Medium, High, and Very High, but with different symbolic transla-
tion, so that we can distinguish that some cases have a lower than others.

In Fig. 8, we present a comparison of the proposed approach with the classical
methods discussed in Sect. 4.1. For this, we use models developed with optimized

non-accuracy, interpretability ccuracy, interpretability XGBoost
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Fig. 8 Comparison of models’ accuracy and interpretability
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hyperparameters using Grid Search (Table 4). The X-axis represents the AUC rank-
ing, where we ranked the models using the Rank Function based on their AUC, and
the Y-axis indicates whether the models are interpretable or not.

Our approach strikes a balance between accuracy and transparency, delivering
superior performance without compromising interpretability, making it an advanced
and understandable solution for informed decision-making.

6 Conclusions and Future Work

The problem raised in this article is one of the most important for financial insti-
tutions, Fintech or P2P lending platforms. It focuses on extracting linguistic inter-
pretability from a black-box model that estimates having probability of early default
on loans. This allows preventive measures to be taken and viable solutions to be
sought for both parties before delinquency occurs. For this purpose, we have used a
model that cannot be interpreted by humans, such as XGBoost, considered a black-
box. Interpretability is crucial for the transparency, traceability and understanding
of each and every decision taken in granting credit, as well as for regulators to be
convinced of the quality of the models.

We have found works in the literature aimed at predicting defaults, and works
that seek to make these models interpretable. To the best of our knowledge, there is
no work specifically oriented to the problem of predictability and interpretability of
early defaults in P2P loans such as the one presented here.

In this study, we have built an XGBoost algorithm that capable of predicting early
loan default, and we have empirically tested it on a large volume dataset with loans
granted between 2007 and 2020Q3. Finally, a black-box model that is interpretable
thanks to the surrogate model and the 2-tuple fuzzy linguistic model has been con-
structed. With the 2-tuple fuzzy model, the linguistic interpretability of the gener-
ated XAI model was improved without losing accuracy. We have not found in the
literature the joint use of both approaches.

From an economic point of view, the interpretability of early default in models
that cannot be interpreted by humans makes it possible for the financial institution
to detect early default before it occurs. This allows preventive measures to be taken,
such as extending the loan term or granting a grace period, seeking viable solu-
tions for both parties before delinquency occurs. On the other hand, it is possible
to explain to the regulator the prediction obtained by the model, thus being able to
use black-models that are more precise, which means savings in provisions and an
improvement in the capital.

Finally, this methodology can be applied in future work to explain default in other
non-P2P loans.
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