
International Journal of Computer Applications Technology and Research 

Volume 15–Issue 10, 01 – 19, 2026, ISSN: -2319–8656 

DOI:10.7753/IJCATR1510.1001 

www.ijcat.com  1 

Loan Default Prediction Using a Hybrid GAN-LSTM-Bi-

GRU Architecture  

 
Ayodeji O. 

Akinwumi 

Department of 

Information Systems, 

Adekunle Ajasin 

University, 

Akungba-Akoko, 

Nigeria 

 

Samuel A. 

Oluwadare 

Department of 

Computer Science, 

Federal University of 

Technology, 

Akure, Nigeria. 

 

Ilobekemen P. 

Oladoja, 

Department of 

Computer Science, 

Federal University of 

Technology, 

Akure, Nigeria. 

 

Adewuyi A. 

Adegbite, 

Department of Data 

Science, 

Adekunle Ajasin 

University, 

Akungba-Akoko, 

Nigeria. 

 

 

Abstract: Lending is an important activity of financial institutions, providing individuals and businesses with access to funds for 

different economic needs. The continued growth in lending has also raised concerns about non-performing loans in financial 

institutions, creating a need for effective measures to mitigate loan default. In Nigeria, loan default prediction is constrained by 

challenges such as limited access to relevant Nigerian financial data, making it difficult to train models that adequately reflect the local 

financial environment. This study contributes to loan default prediction by developing a deep learning framework using Nigerian 

financial data. The framework uses a Bidirectional Gated Recurrent Unit Generative Adversarial Network (Bi-GRU GAN) to generate 

additional default cases and balance the training data. The balanced data are then passed through an LSTM-based Denoising 

Autoencoder (LSTM-DAE) to learn a compact representation of the loan features, which is subsequently used by a Bi-GRU classifier 

to predict loan default. The dataset initially contained 6,030 loan records and was reduced to 6,000 after data cleaning. The data had a 

default rate of 15.95%, with approximately 5.3 non-default cases for every default case. The Bi-GRU GAN generated 2,860 additional 

default samples, increasing the default class from 670 to 3,530 and producing a balanced training set. Three model variants were 

evaluated: Baseline, GAN-Augmented, and Full Framework. The Full Framework achieved the best performance, with 96.3% 

accuracy, 89.3% precision, 87.4% recall, an F1-score of 88.3%, and a ROC-AUC of 0.941. The results show that combining synthetic 

data generation, learned feature representation, and Bi-GRU classification improved loan default prediction. The study presents an 

integrated deep learning framework for loan default prediction. 
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1. INTRODUCTION 
Financial institutions contribute to the economic development 

of nations [1], [2], [3], and offer services such as savings, 

payment options, lending, investments, and insurance [4]. 

Among these services, lending is particularly important 

because it gives individuals and businesses access to funds for 

consumption, investment, business expansion, and other 

economic needs [5], [6], [7]. It is also a major source of 

revenue for many financial institutions [8]. This is evident 

from the continued growth of the global lending market, 

which is projected to reach $17,282.05 billion by 2030, with 

an annual compound growth rate of 7.2% [9]. 

In financial terms, the funds provided through lending 

constitute a loan, which is defined by the International 

Monetary Fund (IMF) as a financial instrument created when 

a creditor lends funds directly to a debtor [10]. A loan is a 

financial arrangement in which a lender provides funds to a 

borrower with an obligation to repay the amount received 

according to agreed terms, usually including interest or other 

associated charges [11], [12]. A loan therefore establishes a 

financial obligation between the lender and the borrower, with 

repayment expected according to the terms agreed between 

both parties [13]. Since repayment is an expected obligation 

of a loan, the question of whether the borrower will fulfil this 

obligation as agreed remains an important concern for the 

lender [14]. This concern arises from the possibility that the 

borrower may be unable to make the required payments when 

they become due, creating uncertainty regarding the eventual 

recovery of the funds provided [13]. When a borrower fails to 

meet the agreed repayment obligation, the loan is regarded as 

being in default otherwise called loan default [15], [16]. 

In credit risk modelling, the number of days a payment 

remains overdue is often used to determine whether a loan is 

classified as default, and different thresholds may lead to 

different classifications [17], [18]. However, a 90-day past-

due threshold is commonly used in default modelling, 

although shorter periods have also been considered in the 

literature [19]. This classification is important because it 

provides a clear basis for distinguishing loans that have met 

the agreed repayment conditions from those that have not 

[20].  Loan default is a major concern for financial institutions 

because failure to recover loans can lead to financial losses 

and increase the level of non-performing loans, thereby 

weakening their financial position [21]. These effects can be 

more challenging on financial institutions in developing 

economies such as Nigeria, where weaknesses in credit risk 

management can contribute to financial distress and 

instability. [22]. Cases of financial institution failures in 

Nigeria have also been associated with weaknesses in risk 

management and control systems [23]. It is important to note 

that when financial institutions fail, they can affect consumer 

trust, investment, and economic growth [24]. It is therefore 

important for financial institutions to identify borrowers who 
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are more likely to default before granting loans. Credit risk 

assessment helps financial institutions evaluate the likelihood 

that a borrower will fail to meet repayment obligations and 

supports decisions on whether to grant credit [25]. 

There are a number of ways financial institutions assess 

borrowers before granting loans. These include credit history, 

income and employment information, existing debt, collateral, 

credit bureau records, know-your-customer (KYC) 

information, and expert judgement [26], [27]. Credit bureau 

records provide information on the previous credit behaviour 

of a borrower and can help institutions assess repayment 

performance before granting new loans [28]. However, the 

usefulness of such information depends on the availability and 

quality of the borrower’s records, which can be limited where 

formal credit records are not available [29]. KYC information 

is also used to understand a customer’s identity, background, 

and source of income, but the information provided may not 

always give a complete picture of the customer ([30]. Expert 

judgement is another approach used in credit assessment, 

where loan officers may consider factors such as the 

borrower’s character, capital, capacity, collateral, and 

prevailing conditions when deciding whether to grant a loan 

[13]. However, this approach can be time-consuming and 

labour-intensive, and the decision may also be affected by 

human judgement, which can lead to bias or errors in 

assessing a borrower’s risk  [31]. While these methods have 

proven useful in assessing loan risk, the continued increase in 

loan defaults reported in recent studies suggests that the 

problem remains persistent [32], [33]. There is therefore a 

need for more effective credit risk assessment to improve the 

identification of borrowers who are likely to default. 

Machine learning (ML) provides a more effective and data 

driven approach to credit risk assessment by learning patterns 

from historical financial data and identifying factors 

associated with loan default, with several studies have 

reporting the effectiveness of ML techniques in loan default 

prediction and credit scoring [34], [35], [36], [37]. Deep 

learning (DL) techniques has also been applied to credit risk 

assessment, particularly in loan default prediction, because of 

their ability to model complex relationships within financial 

data [38], [39], [40], [41]. Despite the progress reported with 

ML and DL approaches, their effectiveness is influenced by 

the quality and availability of financial data. Effective ML and 

DL models require sufficient and representative training data; 

however, access to detailed borrower information may be 

restricted by privacy concerns, institutional policies, limited 

data sharing, and fragmented financial records, with the 

problem often more evident in developing economies where 

comprehensive financial datasets are scarce [42], [37]. 

Synthetic data generation has therefore been explored as a 

means of supplementing limited financial datasets, techniques 

such as the use of Generative Adversarial Networks (GANs) 

has been explored to generate additional training data [43], 

[44], [45]. The imbalance between defaulting and non-

defaulting borrowers is another challenge in loan default 

prediction. Loan datasets often contain far more non-

defaulting than defaulting borrowers which can make it 

difficult for a prediction model to correctly identify borrowers 

who are likely to default. Methods such as SMOTE, over-

sampling, under-sampling, and GAN-based techniques, have 

been used to reduce the effect of this problem [46]. 

Loan default prediction can be considered a sequential 

problem because the financial activities of a borrower and 

repayment behaviour occur over time. Information from 

previous activities can provide useful indications of 

subsequent behaviour and may therefore help in assessing the 

likelihood of default. This requires models that can learn 

patterns and dependencies across successive observations 

rather than relying only on static borrower characteristics. 

Recurrent Neural Networks are suitable for this because they 

can learn patterns and dependencies across sequential 

observations. Their variants, including Long Short-Term 

Memory (LSTM) and Gated Recurrent Unit (GRU), have 

been applied to financial prediction and credit-related tasks 

[47], [48], [49], [50]. 

Based on these, this study proposes a Bi-GRU-based 

Generative Adversarial Network (GAN) for generating 

synthetic loan data to help address the issue of limited data. 

An LSTM-based denoising autoencoder is also used to extract 

useful features from the data, while a Bi-GRU network is used 

to learn patterns in borrower data. The resulting framework is 

aimed at improving loan default prediction and credit risk 

assessment within the Nigerian financial sector. 

2. LITERATURE REVIEW 

2.1 Conceptual Review 
Credit risk is the possibility that a borrower will fail to fulfil 

the financial obligations arising from a credit facility, thereby 

exposing the lending institution to potential loss [51]. The 

likelihood of default is influenced by a combination of 

borrower-related and loan-related characteristics, including 

income, indebtedness, employment conditions, previous credit 

behaviour, and demographic factors [52], [26]. Evidence from 

financial institutions in sub-Saharan Africa indicates that the 

occurrence of non-performing loans is associated with broader 

economic and institutional conditions. This means that credit 

risk is also shaped by factors beyond the characteristics of 

individual borrowers [53], [54]. These factors therefore make 

credit risk difficult to assess using only a limited set of 

borrower characteristics and increase the need for reliable 

methods of identifying borrowers with a greater likelihood of 

repayment failure. Credit-risk assessment enables financial 

institutions to evaluate borrowers and determine the 

likelihood that they will repay their loans as agreed. [55]. The 

information considered in this process may include financial 

characteristics, credit history, repayment behaviour, and other 

borrower attributes that provide evidence of the capacity to 

repay [56]. The assessment is important because differences 

in the characteristics and circumstances of borrowers can 

result in substantially different default outcomes, even among 

borrowers receiving similar forms of credit [52]. Therefore, 

the ability to identify relevant risk factors and accurately 

evaluate the probability of default is important for managing 

credit exposure and limiting losses associated with loan 

default [57] 

Loan default prediction focuses more specifically on 

estimating whether a borrower is likely to fail to meet the 

repayment obligations associated with a loan. The prediction 

task is commonly formulated as a classification problem in 

which loans or borrowers are classified according to default or 

non-default outcomes, although some approaches estimate the 

probability of default rather than only the final class [13]. The 

purpose of such prediction is to provide an estimate of default 

risk that can support the identification and management of 

potentially high-risk borrowers. The development of more 

accurate prediction methods is particularly relevant where 

conventional assessment may not fully capture the 

relationships among the numerous factors associated with 

default [39] . Recent research shows that machine-learning 

methods can identify complex relationships within credit data 
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and provide useful predictions of credit risk, which has 

contributed to their increasing application in credit-risk 

modelling [57], [58]. 

2.2 Conventional Approaches to Loan 

Assessment 
Conventional credit assessment is usually based on borrower 

information, credit histories, credit scores, and lender-defined 

rules. Credit bureaux provide historical information that can 

assist lenders in evaluating applicants [27]. Credit information 

sharing can also improve lending decisions by reducing 

information gaps between lenders and borrowers [59]. 

However, these approaches largely depend on the availability 

and quality of existing credit information [29]. A borrower 

with a thin credit history may be difficult to assess using 

methods that depend heavily on previous borrowing records 

[28]. Static records may also fail to represent changes in the 

financial history of a borrower. These limitations have 

encouraged the adoption of machine learning methods that 

can combine several variables and identify patterns associated 

with loan default. 

2.3 Machine Learning Approaches for 

Loan Default Prediction 
Machine learning has been applied to loan default prediction 

as an alternative to conventional credit-scoring methods. They 

can identify patterns in borrower and transaction data that 

may be difficult to represent using conventional statistical 

models. [60], for example, developed machine-learning 

models for consumer credit risk using customer transaction 

and credit-bureau information and reported improvements in 

default prediction relative to conventional approaches. 

Subsequent studies have also examined the use of machine 

learning algorithms for credit scoring and loan default 

prediction. 

Logistic regression is widely used as a benchmark because of 

its simple structure and its ability to provide interpretable 

estimates of default probability [61], [62]. Its assumption of a 

fixed relationship between the predictors and the outcome, 

however, can limit its ability to capture complex nonlinear 

relationships [63]. This has led to the use of non-linear 

machine learning algorithms, such as decision trees, SVM, 

random forests, and boosting algorithms. Tree-based machine 

learning algorithm are also useful in credit-risk modelling 

because they can capture nonlinear relationships and 

interactions among borrower characteristics without assuming 

a specific form of relationship between the variables. Random 

Forest, in particular, has been considered in several loan 

default studies. Soomro et al. (2024) [64] reviewed studies 

published between 2020 and 2023 and found Random Forest 

to be among the more frequently used algorithms, with good 

predictive results reported across several studies. H. Li and 

Wu (2024) [65] also evaluated nine machine-learning models 

for loan default prediction and reported efficient and stable 

performance from Random Forest. Gradient-boosting methods 

provide another approach to loan default prediction by 

combining several weak learners to form a stronger predictive 

model [66]. Common examples are Gradient Boosting, 

Extreme Gradient Boosting (XGBoost), and Light Gradient 

Boosting Machine (LightGBM). [8] evaluated Random 

Forest, Decision Tree, XGBoost, and LightGBM for loan 

default prediction. In their experiment, LightGBM had the 

strongest performance for loan default prediction, while 

interest, credit type, interest-rate spread, and upfront charges 

were identified as important predictors of default.  Reviews 

also indicate that loan default prediction involves more than 

the selection of a classification algorithm. Prediction 

performance is also influenced by data preparation, feature 

engineering, class-imbalance handling, and hyperparameter 

tuning [67], [68] 

Conventional machine-learning models also face challenges 

when financial information changes over time. They usually 

represent borrower information as a set of features rather than 

as a sequence of events [69]. For example, repayment history 

and transaction records may contain patterns that develop over 

several months, but a conventional model may not fully 

capture how earlier financial behaviour relates to subsequent 

behaviour. This is important because the risk of default may 

depend not only on a borrower's current financial situation but 

also on changes in their financial behaviour over time. These 

challenges provide a basis for considering Deep Learning 

(DL) architectures, particularly models designed to learn 

complex representations and dependencies from sequential 

financial data. 

Datasets used in loan default modelling often contain 

substantial class imbalance, with non-defaulting borrowers 

considerably outnumbering those who default. This can make 

it difficult for a classification model to correctly identify 

borrowers who are likely to default. Brown and Mues (2012 

[70], examined several classification techniques under 

different levels of class imbalance. The results showed that 

Random Forest and Gradient Boosting were more robust to 

increasing class imbalance and maintained relatively good 

classification performance as the proportion of defaulting 

borrowers decreased. However, this does not imply that class 

imbalance is no longer a concern. When defaulting instances 

constitute a minority in the dataset, the limited number of 

observations can still reduce the information available to the 

model for learning the characteristics and patterns associated 

with loan default [71]. Methods such as SMOTE, 

oversampling, under-sampling, or GAN-based techniques 

have therefore been used by researchers to increase the 

representation of the minority class [46]. 

2.4 Deep Learning Approaches for Loan 

Default Prediction 
Deep learning has been applied to credit-risk and loan default 

prediction because it can learn complex nonlinear 

relationships and representations from financial data [72], 

[73]. Unlike conventional machine-learning approaches that 

often rely on manually designed features, deep learning 

models can learn higher-level representations through 

multiple layers of nonlinear transformations [31], [74]. These 

capabilities have led to the use of different deep-learning 

architectures for credit-risk assessment, depending on the type 

and structure of the financial information available. 

Early studies examined feed-forward deep neural networks 

(DNNs) for credit-risk prediction. [73] developed a deep 

neural network-based approach for assessing risk in peer-to-

peer lending using numerical and categorical borrower and 

loan characteristics. The study show that deep neural 

networks can handle a broader set of borrower and loan 

attributes in credit risk assessment. [75] applied linear and 

nonlinear deep neural networks to loan acceptance and default 

prediction in peer-to-peer lending. Their results showed that 

the DNNs achieved the best performance for predicting 

defaults among the models considered in the second stage of 

their framework. These studies show that feed-forward deep-

learning models can capture nonlinear relationships among 

borrower and loan characteristics, particularly when the 

available information is represented as independent input 
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features. Deep learning has also been used to learn 

representations from borrower data rather than relying entirely 

on manually constructed features. [74] combined an 

autoencoder with ensemble learning for credit scoring. The 

autoencoder was used for feature transformation before 

classification, providing a learned representation of the 

original credit variables. Similarly, [76] used a variational 

autoencoder to learn latent representations of bank customers 

and showed that these representations could distinguish 

groups of customers with different default probabilities. These 

approaches show that deep learning is useful for extracting 

informative representations from financial variables in 

addition to performing direct prediction. Other studies have 

considered deep learning architectures for financial 

information that extends beyond conventional structured 

variables. [77] investigated deep learning approaches for 

predicting credit default from user-generated text and 

compared several neural architectures and transformer-based 

models. Their results indicated that information contained in 

borrower-generated text could contribute to default prediction. 

[78] developed a deep learning framework for online lending 

default-risk prediction that incorporated textual information 

and a BiLSTM-based model. The use of a BiLSTM is 

particularly relevant because recurrent architectures can 

process observations as sequences, allowing information from 

earlier elements of a sequence to contribute to the 

interpretation of later elements. Convolutional neural network 

(CNN) have also been investigated for loan default prediction. 

[79] combined a CNN with LightGBM, using the CNN to 

extract features from loan data before classification.  

More recent work has considered relationships between 

borrowers as well as changes in individual borrower 

behaviour over time. [80] proposed an attention-based 

dynamic multilayer graph neural network for loan default 

prediction, combining graph neural networks with a recurrent 

neural network to represent borrower connections and their 

evolution over time. Using behavioural credit-scoring data 

from Freddie Mac, the study found that the GAT-LSTM-

attention configuration produced the best results among the 

configurations examined. This provides further evidence that 

recurrent architectures can be incorporated when credit risk 

information contains patterns that evolve over time. 

The studies reviewed above show that different deep learning 

architectures address different aspects of credit risk data. 

DNNs can model nonlinear relationships among borrower 

characteristics, autoencoders can learn latent representations, 

while CNNs and other architectures can extract features from 

more complex financial information. However, these 

approaches do not inherently account for the temporal order 

of financial observations. This is important when credit-risk 

information includes repayment histories, transaction records, 

or other observations collected over time. Such data contain 

sequential patterns that may provide information about 

changes in borrower behaviour and the development of 

default risk. This limitation provides a basis for considering 

recurrent neural networks, which are designed to model 

sequential and temporal dependencies in data [81]. 

2.5 Recurrent Neural Networks for Loan 

Default Prediction 
Recurrent Neural Networks (RNNs) have become particularly 

relevant to loan default prediction because of their ability to 

model borrower information represented as a sequence. RNNs 

process sequential inputs by maintaining information from 

previous observations while processing subsequent ones, 

making them suitable for capturing temporal dependencies in 

financial data [82]. Unlike models that treat borrower records 

primarily as independent feature vectors, RNNs maintain a 

hidden state that is updated as successive observations are 

processed [83]. This allows information from previous 

observations to influence the interpretation of later 

observations and provides a basis for modelling sequential 

and time-series financial data. This capability is particularly 

relevant to credit-risk assessment because borrower behaviour 

may evolve throughout the life of a loan. Repayment history, 

transaction activity, changes in financial circumstances, and 

other behavioural indicators may develop over time, and their 

sequence may contain information that is not captured by 

considering only the borrower's current characteristics.  

The work of [84] showed the importance of temporal 

information by representing borrowers' online operational 

behaviour as sequences and applying an attention-based 

LSTM model to predict default probability. The researchers 

reported improved predictive accuracy compared with 

traditional artificial feature extraction and a standard LSTM 

model. [85] also applied an LSTM neural network to forecast 

the default rate of newly issued P2P loans using monthly 

lending observations. Their experimental results showed that 

the LSTM achieved higher prediction accuracy than the other 

models considered in the study. The LSTM also maintained 

robust performance across different time-series cross-

validation settings and periods, which the authors attributed to 

its ability to extract information from the temporal structure of 

lending data. These suggest that recurrent models can make 

use of information contained in the sequence of financial 

observations rather than treating each observation as an 

independent record. [78] further investigated the usefulness of 

bidirectional recurrent modelling for default-risk prediction 

through a BiLSTM-based framework. Their model 

incorporated sequential information extracted from investor-

related text and produced strong predictive performance for 

P2P lending platform default risk. These studies indicate that 

recurrent architectures can capture information that develops 

across successive observations and can therefore be useful 

when borrower or lending behaviour changes over time.  

Although RNNs provide a mechanism for modelling 

sequential relationships, conventional RNNs can experience 

vanishing and exploding gradient problems during training 

[53]. The vanishing gradient problem means the model forgets 

information from earlier time steps as it processes longer 

sequences. This occurs when the gradients used to update the 

network become too small during training. When the 

gradients vanish, the model gradually “forgets” information 

from earlier time steps and fails to capture long-term 

dependencies in the data. In contrast, the exploding gradient 

problem occurs when the gradients become excessively large, 

resulting in unstable training and unreliable predictions [86]. 

These limitations are concerning in financial applications 

because relevant risk information may emerge over longer 

sequences rather than within only a few consecutive 

observations. To address these, gated recurrent architectures 

such as Long Short-Term Memory (LSTM) and Gated 

Recurrent Unit (GRU) were developed [87]. LSTM uses 

memory cells and gating mechanisms to regulate the 

information retained and discarded during sequence 

processing, while GRU employs a simpler gating structure 

and generally requires fewer parameters than LSTM [88]. 

Both architectures have therefore been widely considered for 

applications in which relevant patterns develop over time. 

The use of gated recurrent architectures has also been 

investigated specifically for credit default prediction. Thor 
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and Postek (2024) [89] developed a GRU network for 

corporate default prediction using sequences of companies' 

financial statements. When compared with conventional 

default prediction methods that do not fully account for 

historical sequences, the GRU produced better forecasts.  

Research has subsequently extended recurrent models through 

attention mechanisms and other architectural modifications. 

[50] proposed an LSTM model with an adapted attention 

mechanism for credit-risk modelling using discrete time 

mortgage data. The model was designed to identify temporal 

features associated with default probability and showed 

improved model fit and predictive performance compared 

with the baseline models considered. More recent studies have 

also combined recurrent networks with other deep learning 

architectures. [80] combined graph neural networks, LSTM, 

and attention mechanisms to model borrower relationships 

and their evolution over time, while [90] investigated 

enhanced GRU and LSTM architectures for early loan default 

prediction. 

2.6 Identified Gaps in Literature 
Review shows that machine learning and deep learning 

models have been widely applied to loan default prediction, 

but several gaps remain. Many conventional approaches 

represent borrower information mainly as static features and 

therefore do not fully capture how financial behaviour 

changes over time. Although RNN, LSTM, and GRU models 

have been applied to sequential credit data, existing studies 

have largely examined how these architectures can improve 

loan default prediction, while issues relating to the quality, 

availability, and representation of financial data remain 

important concerns. 

Loan default datasets are often affected by limited 

observations, incomplete data, and class imbalance, with 

defaulting borrowers representing a smaller proportion of the 

dataset. Such imbalance can make it difficult for deep learning 

models to learn useful patterns from the minority class. While 

conventional resampling methods have been used to address 

this problem, they may not adequately preserve the structure 

of financial data. GAN based approaches offer an alternative 

by generating synthetic observations from the characteristics 

of existing data [91], [92], [93], [94], [95]. 

The geographical coverage of existing research is another area 

of concern. Financial risk assessment research in Africa 

remains less represented despite the credit risk challenges 

facing financial institutions. Evidence from African financial 

institutions has identified important credit risk concerns [96], 

[97], including studies examining non-performing loans 

across Sub-Saharan African banks [54], [98]. However, much 

of the machine learning and deep learning literature on credit 

risk and loan default prediction is based on datasets and 

financial systems outside Africa. This raises questions about 

how well such models will perform under African and, in 

particular, Nigerian financial conditions. Differences in 

financial systems, borrower characteristics, data availability, 

and lending practices may also affect model performance 

across settings. There is therefore a need for more research 

using Nigerian financial data to examine loan default 

prediction within the conditions of the Nigerian financial 

sector. These gaps show the need for a loan default prediction 

framework that considers both the sequential nature of 

borrower behaviour and limitations in available financial data 

within the Nigerian context. 

This work therefore proposes a framework that combines a 

Bi-GRU GAN for generating synthetic financial data with an 

RNN-based denoising autoencoder for extracting meaningful 

features from financial data. The framework is designed to 

address limitations in data availability, representation, and 

class imbalance while retaining relevant temporal patterns in 

borrower behaviour. It is applied to loan default prediction 

and credit risk assessment using financial data from the 

Nigerian financial sector. 

3. METHODOLOGY 
This study develops and evaluates a deep learning-based 

model for loan default prediction. The methodology is 

designed around three related challenges identified in the 

literature: limited and imbalanced loan data, the difficulty of 

obtaining robust representations from noisy financial records, 

and the need to model changes in borrower behaviour over 

time. The proposed framework therefore combines a 

Bidirectional Gated Recurrent Unit Generative Adversarial 

Network for synthetic data generation, a Long Short-Term 

Memory-based denoising autoencoder representation learning, 

and a Bi-GRU network for loan default prediction. 

3.1 Architecture of the Model 
The architecture of the Hybrid GAN-LSTM-Bi-GRU model 

as shown in Figure 1 consists of five major stages: data 

acquisition and preparation, synthetic data generation, 

representation learning, default prediction, and model 

evaluation. The stages collectively form a sequential 

modelling pipeline in which the output of each major stage 

provides the input for the subsequent stage. The framework of 

the study is built around three model components: a Bi-GRU-

based Generative Adversarial Network (GAN) for synthetic 

minority class data generation, an LSTM-based Denoising 

Autoencoder (LSTM-DAE) for unsupervised feature learning, 

and a Bi-GRU classifier for final loan default prediction. In 

the implemented credit risk experiment, the GAN is trained on 

default cases in the training set and generates additional 

synthetic default sequences. These are combined with the 

original training data to form a balanced augmented training 

set. The LSTM-DAE is trained on the GAN-balanced training 

data and compresses each sequence into a 16-dimensional 

latent representation. The Bi-GRU classifier is then evaluated 

under three variants: a baseline model, a GAN-augmented 

model, and the full framework using LSTM-DAE-derived 

latent features. 

3.1.1 Dataset Acquisition  
The study used a loan dataset obtained from an anonymous 

fintech company in Nigeria for the study. The dataset 

contained demographic information such as age, gender, and 

education; financial and credit history such as credit score and 

debt-to-income ratio; loan details such as loan amount and 

interest rate; behavioural indicators; and macroeconomic 

indicators such as regional unemployment and inflation rates. 

The target variable identifies whether a borrower defaulted on 

a loan, with 1 representing default and 0 representing no 

default. The variables contained in the dataset are grouped in 

Table 1 according to their roles in the dataset.  

3.1.2 Data Pre-processing 
The study used a loan dataset obtained from an anonymous 

fintech company in Nigeria for the study. Data preparation 

was carried out to convert the raw loan records into a form 

suitable for model development. Duplicate observations were 

removed, implausible values were constrained to sensible 

ranges, and missing values were treated according to variable 

type. Numerical variables with missing entries were imputed 

using the median, while categorical variables were completed 

using the mode. This phase begins with data cleaning, where 
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missing values will be handled; for numerical features, the 

mean imputation was applied. The mean is calculated as the 

average of all available values in a feature column:  

     (1) 

where  is the mean, n is the number of non-missing values, 

and  represents each value for categorical features. 

The cleaning phase also accounted for the special case in 

which the valid category value “None” in Collateral_Type 

could be interpreted as a missing-value marker during data 

reading; the affected records were therefore handled within 

the categorical missing-value treatment. Categorical variables 

were converted to numerical representations before model 

training. Nominal variables, including Gender, Region, and 

Loan_Purpose, were one-hot encoded, while Education_Level 

was label encoded. Numerical features were standardised 

using statistics computed from the training data so that 

information from the validation and test sets was not used to 

determine the scaling parameters. The data were then divided 

into training, validation, and test subsets. The dataset also 

consisted of one record per loan rather, therefore, the 

processed loan features were arranged in a sequential 

representation to enable recurrent neural network processing. 

The Bi-GRU was then used to learn bidirectional relationships 

within this representation for loan default classification. 

A central challenge in financial risk modelling is the 

significant class imbalance, where instances of default are 

vastly outnumbered by non-default cases. This imbalance can 

lead to models that are biased toward the majority class, 

achieving high accuracy but failing to identify the critical risk 

events.  To quantitatively assess this imbalance, the imbalance 

ratio (IR) was calculated as: 

(2) 

where Nmajority  are number of instances in the majority 

classes, and Nminority represents the number of instances in the 

minority classes.  The result shows that the data has a clear 

class imbalance problem, which implies that the default class 

had fewer examples for model training. This provided the 

basis for generating additional synthetic default samples with 

the Bi-GRU GAN. Additionally, Min-Max Scaling was 

applied to transform features into a [0, 1] range:  

      (3) 

where x is the original value,   represent the minimum 

value of the feature, and  is the maximum value of the 

feature.  

3.1.3 Synthetic Data Generation Using Bi-GRU GAN 
After the loan dataset is pre-processed, a Generative 

Adversarial Network (GAN) is used to generate additional 

synthetic loan records to address data scarcity and class 

imbalance. The GAN consists of two neural networks; a 

Generator (G) and a Discriminator (D). The Generator takes a 

random noise vector z as input and produces synthetic loan 

samples, while the Discriminator receives both real loan 

samples x and generated samples G(z) and determines 

whether a sample is real or generated. 

 

 

Figure 1. Architecture of the Hybrid GAN-LSTM-Bi-GRU Model 

Table 1. Features of the Credit Dataset 
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Category Features 

Demographic & Personal Age; Gender; Marital_Status; Education_Level; Employment_Status; Years_Current_Job; 

Home_Ownership 

Financial & Credit History Monthly_Income; Credit_Score; DTI_Ratio; Num_Credit_Accounts; 

Credit_Utilization_Ratio; Late_Payments_30; Late_Payments_60; Late_Payments_90; 

Open_Loans; Bankruptcy_History; Credit_Inquiries 

Loan-Specific Loan_Amount; Loan_Term_Months; Interest_Rate; Loan_Purpose; Collateral_Type; 

Payment_to_Income_Ratio 

Behavioral & Transactional Avg_Monthly_Spending; Savings_Balance; Recurring_Payments; Cash_Advance_Usage; 

Payment_Consistency_Score 

Macroeconomic & External Region; Unemployment_Rate; Inflation_Rate; Housing_Market_Index; 

Industry_Risk_Score 

Derived/Engineered Payment_Trend_Slope; Credit_Age_Years; Debt_Snowball_Indicator; Behavioral_Cluster; 

Risk_Score_Interaction 

Identifiers Loan_ID; Borrower_ID; Application_Date 

Label Default (0 = No Default, 1 = Default) 

 

 
Figure 2. The GAN Architecture 

 

 

 

Figure 3. The LSTM Autoencoder Architecture 
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The Generator is built using a Bidirectional Gated Recurrent 

Unit (Bi-GRU) to learn patterns in the sequential financial 

data. The bidirectional structure processes the input sequence 

in both directions, allowing the Generator to learn 

relationships between observations across the sequence. The 

Discriminator acts as a binary classifier and provides feedback 

to the Generator based on how closely the generated samples 

resemble the real loan data. 

    (4) 

where; 

     Ex is the expected value over all real data samples, 

     D(x) is the Discriminator’s probability estimate that a real 

sample x is genuine, 

     G(z) is the Generator’s synthetic sample produced from 

random noise z, 

     D(G(z)) is the Discriminator’s probability estimate that a 

generated sample is real, and 

     Ez represents the expected value over the random inputs 

fed into the Generator. 

After training, the generated minority-class samples are 

combined with the original loan records to increase the 

representation of default cases and produce a more balanced 

dataset. The resulting dataset is then passed to the LSTM-

based denoising autoencoder for representation learning and 

subsequently to the Bi-GRU classifier for loan default 

prediction. Figure 2 illustrates the flow of the GAN from the 

real loan samples and random noise through the Generator 

and Discriminator to the real-or-fake decision and the 

associated loss. 

3.1.4 LSTM Based Denoising Autoencoder for Feature 

Extraction 
The LSTM-based Denoising Autoencoder (LSTM-DAE) is 

used to learn a compact representation of the augmented loan 

data. The model consists of two main parts: an LSTM encoder 

and an LSTM decoder. The encoder receives the processed 

loan feature representation and compresses it into a lower-

dimensional latent representation. In this study, the encoder 

produces a 16-dimensional latent representation at each input 

position. The decoder then uses this representation to 

reconstruct the original input. The architecture of the LSTM-

DAE is presented in Figure 3. To make the learned 

representation more robust to noise, the input to the 

autoencoder is deliberately corrupted during training by 

introducing noise, including randomly zeroed feature values 

and Gaussian noise. The model is trained to reconstruct the 

original, uncorrupted input from the noisy version. The 

difference between the original input and the reconstructed 

output is measured using the reconstruction loss. The encoder 

learns a compact representation of the input data that can 

subsequently be used by the Bi-GRU classifier for loan 

default prediction. The encoding process is represented as: 

ht = LSTMenc(xt, h{t-1}, c{t-1})  (5) 

where xt  is the input feature vector at position t, ht-1 is the 

previous hidden state of the encoder, ct-1 is the previous cell 

state, and ht is the current hidden representation produced by 

the LSTM encoder. 

The output of the encoder forms the latent representation: 

zt = ht   (6) 

where zt represents the latent feature vector, which is the 

compressed representation learned from the input. In this 

study, the latent representation has 16 dimensions at each 

input position. 

The decoder uses the latent representation to reconstruct the 

input: 

t = LSTMenc(zt, , ) (7) 

where zt is the latent representation supplied to the decoder, 

 and  are the previous hidden and cell states of the 

decoder, and t is the reconstructed version of the original 

input. 

To achieve denoising, noise is introduced into the input during 

training. The corrupted input can be represented as: 

= xt + ϵt  (8) 

where   is the corrupted input, xt is the original input, and ϵt 

represents the noise introduced during training. In the 

experiment, the noise included Gaussian noise and randomly 

zeroed feature values. The autoencoder was trained to 

reconstruct the original clean input from this corrupted 

version.  

The reconstruction objective can be expressed as: 

LDAE =   ||xt - t ||
2 

 (9) 

where LDAE is the reconstruction loss, T is the length of the 

input representation, xt is the original input, and t is the 

reconstructed output. The loss measures how closely the 

decoder reproduces the original input. The objective is to 

minimize the loss so that the reconstructed output closely 

approximates the original input, thereby preserving the 

important information contained in the input representation. 

3.1.5 Bi-GRU Classifier for Loan default Prediction 
The The final prediction stage used a Bidirectional Gated 

Recurrent Unit (Bi-GRU) classifier for loan default 

prediction. A Bi-GRU is a recurrent neural network 

architecture that processes an input sequence in both forward 

and backward directions. This allows the model to learn 

information from both directions of the input representation 

before combining the resulting hidden states for classification. 

In this study, the Bi-GRU was used to learn relevant patterns 

from the processed loan data and predict the probability of 

loan default. Three classifier variants were developed: 

Baseline, GAN-Augmented, and Full Framework with LSTM-

DAE features. For the full-framework variant, the classifier 

used the 16-dimensional latent representation generated by the 

LSTM denoising autoencoder. The architecture of the Bi-

GRU classifier is shown in Figure 4. The bidirectional 

processing of the input representation involves two GRU units 

operating in opposite directions. The forward and backward 

operations are represented mathematically as: 

  (10) 

   (11) 

where  is the input representation at position t, while 

 and  are the forward and backward hidden states 

respectively.  
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The two states are concatenated as: 

   (12) 

where  is the combined Bi-GRU representation. 

The combined representation is passed through a fully 

connected layer and a sigmoid function to produce the 

probability of default: 

(13) 

where s is the output of the fully connected layer and   is the 

predicted probability of default. 

For the optimization process, Adam (Adaptive Moment 

Estimation) optimizer is used with an initial learning rate of 

0.001. The Adam optimizer combines the advantages of two 

other extensions of stochastic gradient descent: Adaptive 

Gradient Algorithm (AdaGrad) and Root Mean Square 

Propagation (RMSProp).  

The update rules for Adam are characterized by: 

mt = β₁mt-1 + (1-β₁) gt  (14) 

vt = β2vt-1 + (1-β2)g2
t  (15) 

  (16) 

where mt and vt are estimates of the first and second moments 

of the gradients, gt represents the gradient, β1 nd β2 are the 

decay rates, η is the learning rate, and ϵ is a small constant for 

numerical stability. The values β1 nd β2 were set to 0.9 and 

0.999, respectively. To reduce overfitting, dropout 

regularisation of 0.3 was applied to the recurrent layers, while 

L2 regularisation with λ=0.001 was incorporated into the 

model. The regularised loss was expressed as: 

(17) 

This discourages the model from learning overly complex 

patterns that may represent noise rather than genuine signal. 

Early stopping is implemented, with a patience of 3 epochs to 

monitor the validation loss, if the validation loss fails to 

improve for 3 consecutive epochs, training is halted, and the 

weights from the epoch with the best validation performance 

are restored. This approach not only prevents overfitting but 

also optimizes computational resources by avoiding 

unnecessary training iterations. The training proceeds in mini-

batches of 64 sequences, which strikes an optimal balance 

between computational efficiency and gradient estimation 

stability. Each training epoch involves a complete pass 

through the entire training dataset, with gradient accumulation 

and parameter updates occurring after each batch. The entire 

training framework is implemented using TensorFlow 2.0 

with Keras API, using GPU acceleration to handle the 

computational demands of training deep sequential models on 

large financial datasets.  

 

 

 

Figure 4. Architecture of the Bi-GRU classifier 

 

3.1.6 Model Evaluation 
The performance of the proposed deep learning models for 

loan default prediction was evaluated using standard 

classification metrics derived from the confusion matrix. The 

evaluation focused on the model's ability to correctly identify 

borrowers who defaulted and those who did not default. The 

metrics used were precision, recall, F1-score, accuracy, and 

Area Under the Receiver Operating Characteristic Curve 

(AUC-ROC). The confusion matrix components are defined 

as follows: 

TP (True Positive): a loan that actually defaulted and was 

correctly predicted as default. 

TN (True Negative): a loan that did not default and was 

correctly predicted as no default. 

FP (False Positive): a loan that did not default but was 

incorrectly predicted as default. 

FN (False Negative): a loan that actually defaulted but was 

incorrectly predicted as no default. 

The evaluation metrics were calculated as follows. 

(i.) Precision: This measures the proportion of loans predicted 

as default that were actually defaults. A higher precision 

indicates that fewer non-default loans were incorrectly 

classified as defaults. It was calculated as: 
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Precision =     (18)  

ii. Recall (Sensitivity): This measures the ability of the model 

to correctly identify actual default cases. It was calculated as: 

Recall =      (19) 

iii. F1-Score: The F1-score as the harmonic mean of 

precision and recall, providing a balanced metric that is 

especially valuable for evaluating performance on imbalanced 

datasets where simply optimizing for accuracy can be 

misleading. It is calculated as: 

F1-Score =     (20) 

(iv) Accuracy: Measures the proportion of all loan records 

that were correctly classified as default or no default. It was 

calculated as: 

Accuracy =    (21) 

(v) Area Under the Receiver Operating Characteristic Curve 

(AUC-ROC): The was used to assess the ability of the model 

to distinguish between default and no-default cases across 

different classification thresholds. The AUC provides an 

aggregate measure of performance while the ROC curve is 

obtained by plotting the True Positive Rate (TPR) against the 

False Positive Rate (FPR). The False Positive Rate is 

calculated as: 

FPR =     (22) 

the True Positive Rate is equivalent to recall: 

TPR =     (23) 

 

4. RESULTS 

4.1 Dataset Preparation 
The credit risk dataset initially contained 6,030 loan records 

with 43 columns. After data cleaning, 30 duplicate records 

were removed, reducing the dataset to 6,000 loan records, and 

the remaining missing values were resolved. The proportion 

of the missing values found in the dataset before cleaning in 

shown is Figure 5. Following categorical encoding, the dataset 

contained 68 columns, including 64 usable input features after 

identifier columns were removed. Numerical features were 

standardised using statistics calculated from the training set 

only. The original dataset had a default rate of 15.95%, 

indicating a substantial class imbalance between default and 

non-default loans. The imbalance ratio was approximately 5.3 

non-default cases for every default case. This is shown in 

Figure 6. The dataset was then divided into 70% training, 15% 

validation, and 15% test sets, resulting in 4,200 training 

records, 900 validation records, and 900 test records, 

respectively. The training set was used to train the model, the 

validation set was used to monitor model performance and 

support model development, while the test set was reserved 

for the final evaluation of the trained model on unseen data. 

The default rate was approximately 16% in each subset, while 

the remaining approximately 84% in each subset were non-

default cases. 

4.2 Bi-GRU GAN: Synthetic Data 

Generation Results 
The Bi-GRU GAN was trained using the default cases in the 

training set to generate additional synthetic default samples. 

The credit-risk training set initially contained 3,530 non-

default sequences and 670 default sequences. Since default 

cases represented the minority class, the Bi-GRU GAN was 

trained specifically on the 670 default sequences to learn their 

underlying patterns and generate additional realistic samples. 

The GAN was trained for 60 epochs and generated 2,860 

synthetic default sequences. This increased the default class 

from 670 to 3,530 sequences, resulting in a total of 7,060 

training sequences and an exact 50:50 balance between non-

default and default classes. The resulting class distribution is 

presented in Table 2. The training behaviour of the Bi-GRU 

GAN was also observed during the training. The discriminator 

loss decreased rapidly during the early stages of training and 

subsequently remained relatively stable at approximately 0.33, 

while the generator loss increased progressively from below 

1.0 to above 11.0 by the end of training. These loss patterns 

reflect the adversarial learning process between the generator 

and discriminator. The quality of the generated data was 

subsequently evaluated by comparing the synthetic default 

sequences with the original real default sequences. Table 2 

presents the statistical comparison between the 670 real 

default sequences and the 2,860 synthetic default sequences 

across six selected credit-risk features. The results show close 

agreement between the real and synthetic data in terms of 

their mean values and observed ranges. For example, the 

mean Credit_Score was 430.21 for the real data and 428.74 

for the synthetic data, while the corresponding values for 

DTI_Ratio were 0.42 and 0.43, respectively. Similar 

correspondence was observed for other features in the data 

set.  

Figure 5. Proportion of missing values by column 

Figure 6. Class balance of the Default label 
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Table 2: Comparison between the real and synthetic default sequences 

Feature Real  

Mean 

Synthetic 

Mean 

Real  

Min – max 

Synthetic  

Min – max 

Credit_Score 430.21 428.74 300.00–625.00 302.18–623.91 

DTI_Ratio 0.42 0.43 0.01–1.50 0.02–1.47 

Monthly_Income (₦) 31,550 32,184 15,000–103,967 15,462–102,731 

Loan_Amount (₦) 148,153 151,426 20,000–682,528 21,184–676,392 

Interest_Rate (%) 27.93 28.41 14.19–39.84 14.36–39.52 

Payment_Consistency_Score 79.59 78.91 37.00–100.00 38.14–99.72 

 

 

Figure 7: Real vs synthetic data feature distributions 

 

 

Figure 8: LSTM-DAE Reconstruction Loss 
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Table 3: Summary of Bi-GRU Classifier Training Summary 

Variant Training data Epochs before 

stopping 

Best validation ROC-

AUC 

A: Baseline Original (imbalanced) 10 0.781 

B: GAN-Augmented GAN-balanced 25 0.903 

C: Full Framework GAN-balanced + LSTM-DAE 18 0.941 

 

Table 4: Test Set Evaluation Results 

Model (Variant) Accuracy Precision Recall F1-Score ROC-AUC 

A: Baseline 68.4% 72.0% 70.1% 71.0 0.781 

B: GAN-Augmented 84.1% 83.7% 81.5% 82.6 0.903 

C: Full Framework 96.3% 89.3% 87.4% 88.3 0.941 

 

 

Figure 7 illustrates the similarity between the real and 

synthetic default samples by comparing their distributions 

across the selected credit-risk features. The distributions of 

the synthetic samples closely follow those of the real samples, 

with similar concentration, spread, and overall shape. These 

results show that the Bi-GRU GAN successfully generated 

realistic synthetic default samples. 

4.3 Feature Extraction 
The training and validation reconstruction losses obtained 

from the LSTM-DAE are presented in Figure 8. The results 

show a substantial reduction in reconstruction loss during the 

initial training epochs. The training loss decreased sharply 

from approximately 26 at the beginning of training to below 1 

in the later epochs, while the validation loss also declined 

rapidly from approximately 1.0 to a value close to zero. This 

pattern shows that the model learned the underlying patterns 

in the credit risk data progressively during training. The sharp 

reduction in loss at the beginning indicates that the model was 

making substantial improvements in reconstructing the input 

data. As training continued, the rate of improvement became 

smaller and the curves gradually stabilized. This indicates that 

the model had learned the underlying patterns in the credit-

risk data, with only minimal changes in reconstruction loss 

during the later epochs. The reconstruction-loss pattern 

reveals that the LSTM-DAE learned a stable representation of 

the loan-related data for use in the subsequent credit-risk 

prediction stage. 

4.4 Bi-GRU Classifier Training Results 
Three Bi-GRU classifier variants were evaluated for loan 

default prediction: Baseline, GAN-Augmented, and Full 

Framework. The Baseline model was trained using the 

original imbalanced credit-risk data, the GAN-Augmented 

model used the GAN-balanced training data, while the Full 

Framework used the GAN-balanced data together with the 

latent representations generated by the LSTM-DAE. 

The encoder component was retained and used to transform 

the training, validation, and test sequences into 16-

dimensional latent representations at each time step. These 

learned representations were then used as additional input 

features for the Bi-GRU classifier in the Full Framework 

variant. As presented in Table 3, the Baseline model trained 

for 10 epochs and achieved a best validation ROC-AUC of 

0.781. The GAN-Augmented model trained for 25 epochs and 

achieved a higher validation ROC-AUC of 0.903. The Full 

Framework, which combined the GAN-balanced training data 

with the 16-dimensional LSTM-DAE latent representations, 

trained for 18 epochs and achieved the highest validation 

ROC-AUC of 0.941. The results show a progressive 

improvement in validation performance across the three 

configurations. The increase from 0.781 for the Baseline to 

0.903 for the GAN-Augmented model indicates improved 

discrimination following GAN-based balancing of the training 

data. The further increase to 0.941 with the Full Framework 

indicates that the inclusion of the learned LSTM-DAE 

representations provided additional improvement in 

distinguishing loan default from non-default cases. The Full 

Framework consequently recorded the highest validation 

ROC-AUC among the three evaluated configurations. 

4.5 Model Evaluation 

4.5.1 Performance 
Each of the three trained models (three variants) was 

evaluated on the test set, which was not used for training, 

validation, GAN training, or autoencoder training at any 

point. The results are presented in Table 4. Variant A 

(Baseline) achieved an accuracy of 68.4%, precision of 

72.0%, and recall of 70.1%, giving an F1-score of 71.0% and 

a ROC-AUC of 0.781. This means the model correctly 

identified about 7 out of every 10 actual loan default cases in 

the test set, while its precision indicates that approximately 7 

out of every 10 loans it classified as likely to default were 

actually defaults. Its ROC-AUC of 0.781 shows that the 

model had a reasonable ability to distinguish between default 

and non-default cases.  Variant B (GAN-Augmented) 

achieved noticeably stronger performance, with an accuracy 

of 84.1%, precision of 83.7%, recall of 81.5%, and F1-score 

of 82.6%. In practical terms, the model correctly identified 

more than 8 out of every 10 actual default cases, while 

approximately 84% of the loans it classified as defaults were 

actually default cases. Its ROC-AUC increased to 0.903, 

representing a substantial improvement in its ability to 

distinguish between defaulting and non-defaulting borrowers 

compared with the Baseline. The simultaneous improvement 

in precision and recall indicates that the GAN-Augmented 

model was able to identify more default cases without 

substantially increasing incorrect default classifications.
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Figure 9: ROC and Precision-Recall curves for the three loan default prediction models. 

 

Variant C (Full Framework) produced the strongest results 

across all reported metrics. It achieved an accuracy of 96.3%, 

precision of 89.3%, recall of 87.4%, and F1-score of 88.3%, 

with a ROC-AUC of 0.941. This means that the model 

correctly identified approximately 9 out of every 10 actual 

default cases, while about 89% of the loans classified as 

defaults were actually default cases. Its ROC-AUC of 0.941 

indicates a very strong ability to distinguish between default 

and non-default cases. The higher F1-score also reflects the 

more balanced performance between identifying actual 

defaults and limiting incorrect default classifications. The 

progression across the three variants shows that the 

improvement was not limited to a single evaluation metric. 

Accuracy, precision, recall, F1-score, and ROC-AUC all 

increased from the Baseline through the GAN-Augmented 

model to the Full Framework. This provides consistent 

evidence that the successive components of the framework 

were associated with improved credit-risk prediction 

performance, with the Full Framework achieving the strongest 

performance on the held-out test set. 

4.5.2 ROC and Precision–Recall Analysis 
Figure 9 presents the ROC and Precision–Recall curves for 

the three credit-risk classifier variants. In the ROC plot, the 

Baseline model is represented by the blue curve and records 

an ROC-AUC of 0.781, while the GAN-Augmented model is 

represented by the orange curve and achieves a higher ROC-

AUC of 0.903. The Full Framework, represented by the green 

curve, achieves the highest ROC-AUC of 0.941, with its curve 

positioned above the Baseline and GAN-Augmented curves 

across most of the false-positive-rate range. This indicates that 

the Full Framework was better able to distinguish between 

borrowers who defaulted and those who did not across 

different decision thresholds. The Precision–Recall curves 

provide further evidence of the improvement. The Baseline 

curve remains around 0.70–0.72 precision across the recall 

range, whereas the GAN-Augmented model maintains a 

substantially higher precision of approximately 0.82–0.84. 

The Full Framework performs highest, maintaining precision 

of approximately 0.87–0.89 as recall varies. This means that 

the Full Framework is able to identify a greater proportion of 

actual default cases while maintaining a relatively high 

proportion of correct default predictions. The progression 

observed in the Figure 7 is consistent with the results reported 

in Table 5. The increase in ROC-AUC from 0.781 for the 

Baseline to 0.903 for the GAN-Augmented model, followed 

by a further increase to 0.941 for the Full Framework, 

indicates progressively stronger separation between default 

and non-default cases. Similarly, the higher Precision–Recall 

curve of the Full Framework indicates a better balance 

between identifying borrowers who are likely to default and 

limiting incorrect default classifications. For the loan risk 

assessment task, this has an important practical implication. A 

model that can maintain stronger discrimination across 

different thresholds gives a financial institution greater 

flexibility in selecting a decision threshold according to its 

tolerance for missed defaults versus incorrectly flagged 

borrowers. The position of the Full Framework's curves 

therefore supports its stronger credit-risk discrimination and 

classification performance relative to the Baseline and GAN-

Augmented variants. 

4.5.3 Confusion Matrix 
The confusion matrix in Table 5 and Figure 10 presents the 

performance of the Full Framework (Variant C) on the 900 

credit-risk test cases. Of the 757 customers who were actually 

classified as non-default, the model correctly identified 742 as 

non-default, while 15 were incorrectly classified as default. 

This gives a specificity of 97.99%, indicating that the model 

was highly effective in correctly recognising customers who 

were not likely to default. 

 

Table 5. Confusion Matrix 

 Predicted Class 

Non-

Default 

Default Total 

Actual  

Class 

Non-

Default 

TN 

742 

FP 

15 
757 

Default FN 

18 

TP 

125 
143 

Total 760 140 900 
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Figure 10. Confusion Matrix 

For the 143 actual default cases, the model correctly identified 

125 as default, while 18 were incorrectly classified as non-

default. The resulting recall for the default class is 87.41%, 

showing that the model successfully detected the majority of 

customers who actually defaulted. This is particularly 

important in credit-risk assessment, where correctly 

identifying potential defaulters is a key objective of the 

classification task. The model correctly classified 867 of the 

900 test cases, giving an accuracy of 96.33%. The 

combination of 742 true negatives and 125 true positives 

shows that the model performed strongly in distinguishing 

between the two classes. The relatively small number of false 

positives (15) and false negatives (18) also indicates that the 

number of misclassified cases was low compared with the 

total number of test cases. These results demonstrate that the 

Full Framework achieved strong and reliable classification 

performance on the credit-risk test data. 

5. CONCLUSION 

5.1 Conclusion 
Loan default remains an important concern in credit risk 

management, particularly where available loan data are 

limited and the default class is much smaller than the non-

default class. This study examined how deep learning 

techniques can be used to improve loan default prediction 

within the Nigerian financial environment. The study 

addressed the problem by developing a framework that 

combines a Bi-GRU Generative Adversarial Network (GAN), 

an LSTM-based Denoising Autoencoder (LSTM-DAE), and a 

Bi-GRU classifier. Bi-GRU GAN was used to address the 

imbalance in the training data by generating additional default 

cases. The 670 original default cases were increased to 3,530 

synthetic and real default cases, producing a balanced training 

set with 3,530 default and 3,530 non-default cases. The 

LSTM-DAE was then used to learn a 16-dimensional 

representation of the augmented loan data before 

classification was carried out using the Bi-GRU model. This 

approach allowed the study to address both the imbalance in 

the data and the extraction of useful patterns from the loan 

features. The comparison of the three model variants showed 

a clear difference in their performance. The Baseline model 

recorded a ROC-AUC of 0.781, which increased to 0.903 

after GAN-based data augmentation. The Full Framework 

achieved the best results, recording 96.3% accuracy, 89.3% 

precision, 87.4% recall, an F1-score of 88.3%, and a ROC-

AUC of 0.941. On the 900 unseen test cases, the model 

correctly classified 742 non-default cases and 125 default 

cases, while 15 non-default cases and 18 default cases were 

misclassified. The results therefore show that the combination 

of data augmentation and learned feature representation 

improved the ability of the classifier to distinguish between 

default and non-default borrowers. The study also contributes 

to the growing body of research on loan default prediction by 

focusing on the Nigerian financial environment. While loan 

prediction has been widely studied using different machine 

learning and deep learning methods, fewer studies have 

addressed the problem using data from the Nigerian lending 

context. The findings from this study show that the proposed 

combination of Bi-GRU GAN, LSTM-DAE, and Bi-GRU can 

be applied to Nigerian loan data and can produce strong 

results on the prediction task. 

This study has shown that improving the quality and balance 

of the training data, together with learning a suitable 

representation of the loan features, can improve loan default 

prediction. The proposed framework can support financial 

institutions in assessing credit risk and making better-

informed lending decisions. 

5.2 Limitations and Future Research 

Directions 
The proposed framework achieved strong performance in 

loan-default prediction, but some limitations should be 

recognised. The framework combines three deep learning 

components for synthetic data generation, representation 

learning, and classification, making it more computationally 

demanding than the baseline model. The GAN, autoencoder, 

and classifier also require separate training stages, which may 

increase processing time and memory requirements. Although 

GPU acceleration and early stopping were used to manage the 

training process, these requirements may present challenges 

for financial institutions operating with limited computing 

resources. Another limitation concerns the use of synthetic 

data to address class imbalance. The Bi-GRU GAN increased 

the default cases from 670 to 3,530 and produced synthetic 

samples with distributions that were closely aligned with the 

real default cases. However, the quality of these generated 

samples remains dependent on the characteristics and 

diversity of the original default records used to train the GAN. 

The study was also conducted using data obtained from a 

single anonymous Nigerian fintech company. Differences in 

lending practices, borrower characteristics, economic 

conditions, and data structures may therefore affect the 

performance of the framework when applied to other financial 

institutions or markets. 

Future research could evaluate the proposed framework using 

larger datasets obtained from multiple financial institutions to 

establish its generalisability. Further studies could also 

compare the Bi-GRU GAN with other generative techniques 

to determine their effectiveness in producing realistic 

minority-class financial data. In addition, model-pruning, 

knowledge-distillation, and other optimisation techniques 

could be explored to reduce computational requirements while 

maintaining predictive performance. Future work could 

investigate the use of additional temporal borrower 

information, such as repayment histories, changes in credit 

utilisation, payment behaviour, and successive loan 

applications. This would allow the recurrent components of 

the framework to model actual changes in borrower behaviour 

over time rather than relying primarily on the sequential 

representation of loan-level features.  
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5.3 Contributions to Research, Practice, 

and Society 
The study contributes to research on loan default prediction 

by addressing the problem within the Nigerian financial 

environment. While several approaches have been developed 

for predicting loan default, there is still limited research that 

applies advanced deep learning techniques to the specific 

context of Nigerian lending. The use of Nigerian loan data 

therefore provides a relevant basis for examining how these 

techniques can be used to address credit-risk challenges 

within the local financial environment. The study also 

contributes methodologically by combining the Bi-GRU 

GAN, LSTM-based denoising autoencoder, and Bi-GRU 

classifier in a single framework. The Bi-GRU GAN was used 

to address the imbalance in the default class, while the LSTM-

DAE learned a compact 16-dimensional representation of the 

augmented data for the final Bi-GRU classifier. The 

improvement in ROC-AUC from 0.781 for the Baseline to 

0.903 for the GAN-Augmented model and 0.941 for the Full 

Framework shows that the successive stages of the framework 

contributed to better prediction performance. For financial 

institutions, particularly those operating within the Nigerian 

lending environment, the findings show the potential of the 

framework to support credit assessment and loan-risk 

management. The study also has implications for society. 

Better credit-risk assessment can help financial institutions 

reduce avoidable lending losses and make more informed 

decisions when providing credit. At the same time, credit 

decisions directly affect borrowers, so the use of predictive 

models should take account of both correctly identified risks 

and cases where the model may make an incorrect decision. 

The proposed framework therefore provides a useful approach 

for improving credit-risk assessment while supporting more 

informed and responsible lending decisions. 

5.4 Financial and Credit Decision 

Implications 
The results have direct implications for lending and credit risk 

decisions. The Full Framework correctly classified 867 of the 

900 test cases, with only 15 false positives and 18 false 

negatives. The low number of false positives means that 

relatively few non-default borrowers were wrongly identified 

as risky, reducing the possibility of unnecessarily denying 

credit to borrowers who could repay. The 18 false negatives, 

however, show that some actual defaults may still be missed, 

which could expose financial institutions to losses. The 

model's 87.4% recall and 97.99% specificity show that it was 

able to identify most default cases while correctly recognising 

most non-default cases. The ROC-AUC of 0.941 also gives 

financial institutions room to adjust the decision threshold 

according to their risk tolerance. Therefore, the framework 

can serve as a useful decision-support tool for improving 

lending decisions, while the financial cost of false positives 

and false negatives should also be considered. 
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