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Abstract 

 

An exponential increase in mobile usage has led to more accessible access to mobile loans 

for most Kenyans; this has created a lifeline for those excluded by traditional financial institutions; 

the easier way to borrow loans comes with its risks. The major one is borrower defaulting. This 

creates a need for credit scoring, which plays a crucial role in decision-making for lenders to 

determine borrowers’ creditworthiness, therefore minimizing credit risk and managing information 

asymmetry. On mobile lending, borrowers’ financial information is usually limited, making 

machine learning a favorable tool for credit assessment. Traditionally, the process required 

statistical algorithms and human assessment, which fall short when subjected to large datasets and 

are time-consuming. The traditional methods also need help adjusting to changes in borrowers' 

behavioral needs. Against this backdrop, this research developed a novel credit scoring model for 

mobile lending using Random Forest, XGBoost, LightGBM, Catboost, and AdaBoost algorithms. 

SMOTE was used to address the class imbalance problem. The model achieved the best accuracy 

of 86%.  The research further analyzes the challenges in credit scoring and reviews related works 

by several authors. The research also looked at the feature importance of the models, which 

effectively analyzed the model's behavior. This model can analyze vast volumes of data, which 

would otherwise be resource-intensive if done manually. The machine learning model was then 

deployed into a Streamlit Web Application with a user interface where real-time predictions are 

made based on borrower data. The model can give lenders insights into determining borrowers' 

creditworthiness and enable them to make informed decisions before lending. 

 

 

Keywords:      Mobile loans.  Credit Scoring. Probability of Default.  

 Machine Learning. Statistical Algorithms.  SMOTE 
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Chapter 1: Introduction 

1.1 Background 

In a report by the (Communications Authority of Kenya, 2023), mobile money users stood 

at 38.4 million at the end of March 2023, which translates to a penetration rate of 76%. This shows 

there is an increase in mobile money services by Kenyans for internet usage and accessing digital 

credit. A mobile loan is preferably the way to go for most borrowers due to its instantaneous nature, 

taking less than 24 hours to get a loan, automation in the credit approval process, and, thirdly, 

remote access, which refers to easy access to the service anywhere (Chen & Mazer, 2016). These 

features make digital credit effective in after-shock situations, primarily when covering essential 

overheads, as researched by (Bharadwaj et al., 2019). However, mobile credit has its risks, too, as 

literature from (Izaguirre et al., 2018 and Burlando et al., 2021) suggests that Kenya, Tanzania, 

and Mexico have high default rates among digital credit users.  

Much as mobile loan borrowing bears benefits for both the lender and borrower, it certainly 

has risks, which include the borrower not repaying the loan on time; this risk is known as 'Credit 

Risk' (Aslam, 2019). Therefore, mobile lenders must assess the client’s creditworthiness before 

authorizing a loan. Indeed, according to the (Central Bank of Kenya, 2022) Survey report, which 

presents indicators on the quality of financial services and products used at the county level, 

Marsabit, Garissa, and Samburu counties record the highest levels of debt distress at 74%, 59%, 

and 58%, respectively among adult population which was attributed to climate-related shock 

facing the counties reducing the likelihood of borrowers to repay loans.  

Parties in mobile lending operate in a virtual space (Yao et al., 2019), meaning more 

information must be provided. Lenders do not know if a borrower can repay the loan, let alone 

repay it on time. This leads to information asymmetry, jeopardizing truthful borrowers' adverse 

selection and raising moral issues. The predictive probability that an existing borrower or applicant 

will become delinquent is called 'Credit Scoring,' commonly used in consumer lending (Kenton, 

2019). It typically indicates creditworthiness; a good rating represents a higher possibility of 

repayment, whereas a poor one with past debt obligations might also face challenges in the future 

based on the numeric score (Kagan, 2019). Credit Scoring is effective in managing information 

asymmetry and minimizing credit risk. Since most mobile lending is characterized by a short 
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interaction between lenders and borrowers, the principal means of determining credit score is 

through the CRB, which provides lenders with information on credit repayment history (Fosu et 

al., 2020). This is evident in most developing countries, including Kenya. A negative report affects 

future access to credit from mobile lending, not financial institutions. Much as this method has 

existed for years, its major downside is the inability to assess borrowers with no credit history but 

who need borrowing.   

Traditional financial institutions mainly adopted the 5c's method for credit scoring with the 

following metrics: (i) Character, (ii) Capital, (iii) Capacity, (iv) Collateral, and (v) Conditions (Li, 

2019). This assessment was hugely dependent on knowledge of customer dealing and personal 

experience. Another demerit of this method is the inability to assess borrowers in rural areas with 

little or no loan history or banking transactions. Generally, credit risk is calculated using various 

mathematical tools to estimate the default probability of the borrower (El-Qadi et al., 2022). This 

approach can provide valuable insights into client creditworthiness, but these traditional data 

analysis methods can be resource-intensive and time-consuming.  

Mobile credit lending sector researchers have recently turned to machine learning and other 

automated techniques, including AI and algorithms, to accurately determine borrowers' credit 

scores (El-Qadi et al., 2023). These new technologies can analyze vast volumes of data and identify 

trends humans may fail to detect, thus enabling credit lenders to make informed lending decisions. 

Therefore, to address the above challenges, this research paper aims to develop a model for 

credit scoring in mobile credit lending processes and work out the best approach to identify whom 

to lend to while identifying defaulters and reducing credit risk.   

1.2 Problem Statement 

Mobile lending is beneficial to many users since it offers loans in a short period, which 

helps in times of economic shock. However, the default cases are higher than traditional lending 

in financial institutions (Burlando et al., 2021). Classic credit risk scoring models have 

shortcomings when dealing with large datasets and some unintended biases when using human 

judgment-based models. Since credit scoring is an ephemeral task, adaptation to behavior change 

(Heaven, 2020) and data imbalance (Dewi, 2020) are also not considered in the traditional models, 

making them time-consuming and resource-intensive when developing credit scoring models. 



3 
 

Recent research papers have challenges, such as low accuracy (Kisutsa, 2021) and some algorithm 

bias by putting non-default in the default class Madaan et al., 2021. Therefore, this research focuses 

on implementing a credit scoring model to combat the challenges above and validate its use in 

prediction. 

1.3 General Aim 

This study aims to develop and validate a machine learning-based model for credit 

scoring in mobile lending. The model can help lenders determine consumer creditworthiness 

and make informed decisions before lending.  

1.4 Research Objectives 

1. To evaluate the challenges experienced in credit scoring. 

2. To review the existing credit scoring methods.   

3. To develop a machine learning model for mobile loan credit scoring 

4. To validate the developed machine learning model. 

 

1.5 Research Questions 

1. What are the challenges experienced in credit scoring? 

2. How can we review the existing methods used for credit scoring? 

3. How can we develop a machine-learning model for mobile loan credit scoring? 

4. How can we validate the developed machine learning model? 

 

1.6 Scope and Limitations 

The core focus of this research was to propose a model for credit scoring using machine 

learning that will give mobile lenders insight into borrowers' ability to repay their loans while 

identifying the probable defaulters using machine learning algorithms. 

The research was carried out using secondary data, which had missing values. 

Furthermore, limited resources and research on credit scoring for mobile lending using 

machine learning made the research consume much time. 
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1.7 Justification 

An increase in mobile money users sets a trajectory for an increase in mobile lending; this 

creates a need for an effective credit scoring model since borrowing affects the lenders, borrowers, 

and the economy at large. Traditional scoring models may not align with mobile lending, which 

has unique data patterns. They also tend to be biased when dealing with users with no banking 

history, which creates alienation of lenders and a lack of equality in credit access.  

Machine learning models can handle significant data needs and create interpretable results 

for lenders to determine the creditworthiness of borrowers and reduce some borrowers' debt cycles. 

The development of this model can also help in policy formulation to deal with financially 

excluded individuals, especially those in rural areas who have arcane knowledge of borrowing and 

little to no financial or banking transactions but need borrowing. 
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Chapter 2: Literature Review 

 

2.1 Introduction 

This chapter provides brief literature on credit scoring theory. Then, it covers the subtopic 

areas highlighted in the research objectives: challenges experienced in credit scoring, existing 

credit scoring techniques, machine learning models in credit scoring, a review of related works, 

and finally, the conceptual framework.  

2.2 Credit Scoring Postulation  

Credit scoring gained popularity in the 1990s. It predicts whether the borrower will 

default, and it is an essential metric in financial institutions used in credit lending. It helps 

determine borrower creditworthiness (Sengupta & Bharadwaj, 2015). Credit scoring minimizes 

default and provides a borrower's creditworthiness based on a numeric score; the higher the 

credit score, the lower the non-repayment risk. Credit scoring is applied to individuals who need 

borrowing. The data includes demographics, past credit behavior, financial statements, and 

alternative data. The methodology includes statistical and machine learning techniques; the 

producers include CSPs and credit managers, while the users are financial lending institutions, 

credit providers, and central banks. The scale used is any numerical range (World Bank, 2019). 

The main aim of credit scoring is to determine the probability that a borrower will default. If the 

likelihood is low, the borrower is classified as "good," otherwise “bad” (Simão, 2023). 

Credit lending is one way to meet financial obligations and personal needs (Zhu et al., 

2020). The development of a credit scoring model is necessary to aid in borrower evaluation. 

Amongst the different methods used to mitigate credit risk, historical data is the primary method 

many financial institutions adopt. Mobile lending is the way for people from all walks of life 

because of its ease of accessibility; financially excluded individuals can also leverage mobile 

loans to survive during economic shocks. Most lending platforms try to find the appropriate 

strategy to encourage credit borrowing, but some borrowers end up defaulting (Çığşar & Ünal, 

2019). This makes a borrower's credit risk assessment crucial to managing the business entity 

and effective risk management. Financial institutions used to employ credit officers whose sole 

duty was to determine borrowers’ creditworthiness by manually using their credit history (Egwa 
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et al., 2022). However, technological advancements have shifted this trend and adopted machine 

learning for massive data analysis and visualization.   

Credit scores are used in the credit life cycle, and below are some of the use cases:  

i) early alerts to CSP of an event that affects the borrowers’ credit risk, ii) applying scores 

based on borrowers’ application information and determining the creditworthiness, iii) detecting 

fraud based on some behavior change and alerting CSP (World Bank, 2019).    

2.2.1 Regulatory Growth 

Regulators have used several tools to manage credit risk - Basel I, II, and III, which are 

discussed below. 

The Basel I Accord was formed to enhance stability and establish a standard operating 

procedure for banks. The main aim was to 'strengthen the soundness and stability of the banking 

system. However, frailties such as risk weightings were observed, and the regulatory 

requirements became less meaningful. The Basel II objective was implemented to counter the 

inefficiencies, which contributed significantly to the CSP development of credit scores (Sidiqqi, 

2017).  

Basel II's approach is governed by three pillars: minimum capital requirements, market 

discipline, and supervisory review (Chen, 2023). The financial institutions decide their method 

for minimum capital requirement; this can be done using two approaches: one is the standard 

approach, where a fixed percentage of outstanding loans is set aside. The second one is the 

Internal Rating approach, where the financial institution selects the percentage of exposure in 

each asset to put aside. In each, the approach’s losses are calculated; in this way, Probability of 

Default models are built (Marte, 2019). 

Conversely, the 2008 financial crisis exposed the weaknesses of the financial systems 

internationally; as such, the Basel III accord was created in November 2010 and implemented in 

January 2022. Basel III identified the main reasons for the financial crisis and aimed to improve 

Basel I and II accords by introducing liquidity requirement ratios and leverage. In this regulation, 

banks were required to categorize different groups based on size and economic importance. 

These regulations are not constant but continuously reviewed and improved based on past 

experiences and market conditions.  
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2.2.2 Credit Scoring Data Types 

 According to (World Bank, 2019), some traditional data types in credit scoring include 

Bank transactional data, Credit Bureau checks, and Commercial data. Data for credit scoring is 

mainly classified into structured, semi-structured, and unstructured. The structured data is stored 

in databases that include daily operations data; unstructured data have no predefined order and 

include social media usage, text, images, and audio. A report by (CGFS & FSB, 2017) has shown 

that the use and quality of unstructured data for credit scoring have yet to be fully proven. For 

the semi-structured data, it has markers or tags. In modern credit scoring models, all these data 

types are used. Below is some of the detailed data used for credit scoring.   
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Table 2. 1: Common Data Types Used for Credit Scoring 

Data Description 

 

 

 

Mobile Data 

A rise in smartphone usage has led to the rise of 

unstructured and structured data, and these mobile 

applications collect data on geolocation, movement, and 

transactions. 

 

 As such, the data may allow some phone apps to perform 

credit checks without the owners’ consent (Grab, 2018). 

 

 

 

Social Media Usage Data 

Research papers (Blazquez & Domenech, 2018) have 

shown that the frequency of social media usage and posts 

can lead to a better understanding of borrowers' lifestyles 

and provide insights into their creditworthiness.  

 

However, this may give a false impression of lifestyle since 

many may fake a lifestyle based on social media usage. 

 

 

Payment History Data 

 

 

CSP makes payment history records on past and present 

credit available. A late payment negatively affects the 

borrower's score, whereas a timely payment improves the 

credit score rating (World Bank, 2019) 

 

 

 

Transactional Data 

This is an individual's account usage, such as credit card 

usage and e-commerce data. Such data provides an 

organized transactional view based on past payment history 

(Siddiqi, 2017). 

Transaction data may offer up-to-date information on 

borrower creditworthiness and give the CSP a helpful 

context in credit scoring (Barasch, 2017). 
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2.3 Challenges Experienced in Credit Scoring 

Credit scoring is a linchpin for ascertaining borrowers’ creditworthiness. However, 

challenges have always existed, leading to changes in calculating credit scores. These challenges 

range from changing consumer behavior to information asymmetry and data imbalance. These 

challenges offer a significant background and opportunity for policy formulation to mitigate bias. 

Therefore, understanding these challenges and ways to combat them can create fairness in credit 

scoring models and enhance proper decision-making by lenders. 

2.3.1 Information Asymmetry 

Digital lending participants are usually strangers; lenders cannot fully comprehend 

borrowers' information or economic situation, and they can easily forge information to borrow 

funds and later default in payment, leading to losses in mobile lending platforms. Only the 

borrowers know if they can repay the borrowed loan (Serrano & Gutiérrez-Nieto, 2016). Thus, 

information asymmetry is an adverse selection as some lenders may make inaccurate selections of 

high-risk borrowers, leading to losses. For seasoned and experienced borrowers, traditional 

financial institutions are still the first choice, with considerably low interest rates. For this reason, 

most mobile credit customers have difficulty getting funds in banks (Bhaird et al., 2019). Banks 

deal with asymmetry by building long-term relationships with borrowers, which makes it easy to 

collect 'soft' information.   

2.3.2 Data Imbalance 

This is the difference in sample records; since most traditional models treat all data samples 

equally, the generalization error is huge (Dewi, 2020). Credit scoring data is usually non-linear, 

with some classes having many samples and others having fewer. Users with high credit risk are 

relatively few compared to actual credit review tasks; this makes it extremely hard for traditional 

models to achieve the best performance. It also occurs in the credit risk classification due to 

significant differences between the number of 'good' and 'bad' borrowers.  

Data imbalance also affects machine learning models due to imbalanced datasets, which 

may lead to biased accuracies. Credit scoring is ephemeral; variables change over time, and 

creating a reliable credit scoring model takes more than a year. For this reason, some credit scoring 

models have been unchanged for decades. 
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SMOTE uses KNN and bootstrapping to address this challenge. It creates new minority 

classes using feature-space linear interpolation data instead of data space. The SMOTE 

combination of over-sampling and under-sampling methods has created a balanced dataset (Niu et 

al., 2020). 

2.3.3 Adaptation to Behavioral Change 

In the case of an economic recession, most credit scoring models will have problems; this 

was evident during the COVID-19 pandemic. Job losses and unemployment were expected at the 

height of the pandemic; occurrences such as a drop in spending or an increase in deposits are all 

indicators of a shift in consumer dynamics. Behavior change can also be a case of strategic 

delinquency, where consumers will choose to go delinquent in hoarding cash. Since machine 

learning is a data-driven model, it is vital to monitor the models early to allow for retraining of the 

models (Heaven, 2020). A need arises for model triaging by applying human judgment in creating 

intuitive models, making machine learning models explainable in such behavioral shifts, leading 

to robustness (Christoph, 2019). 

2.3.4 Risk of Unintended Bias 

When dealing with different datasets, some machine learning datasets have zip codes as 

input; in former times, this did not exist; instead, the algorithms were the zip tool detection. 

Redlining, which is using zip codes in credit scoring, is prohibited. This is because it creates bias 

and zip codes should be protected. Since most machine-learning datasets have alternative inputs, 

the results can be biased (Feldman et al., 2015; Prince & Schwarcz, 2019). Using big data and 

sophisticated approaches can lead to unfair treatment and unobserved risks (O’neil, 2017). Amazon 

once used AI to find job candidates (Dastin, 2022). It was shut down since it favored female 

candidates affiliated with women's groups, which meant many females were rejected from the 

application.  

When replaying the same tale in credit scoring, a Machine Learning algorithm can refer to 

a protected class using branch transactions and even social media data. Using social media data 

for credit scoring and assuming it produces the same results as the FICO or CRB score is 

considered a case of bias since the digital footprints could correlate to a protected class. 

Researchers (Lehr & Ohm, 2017) have argued that this is one of the most significant impediments 

of machine learning algorithms in credit scoring, whose solution is legal rather than statistical. 
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2.3.5 Large Data Records 

Dealing with significant data needs can be challenging, especially for traditional credit 

scoring models, which leads to a lot of time and resources, this data can be high-velocity and high-

variety which need proper collection and storage for better decision-making. This raises regulatory 

concerns to protect consumers against discriminatory credit scoring methods (Onay & Öztürk, 

2018). Machine-learning incorporates linear and non-linear data as input variables, as seen in most 

datasets with extensive records. However, many comparative machine learning models aiming to 

identify the best-fit model must note that the answer lies in the data availability. When dealing 

with massive data sets, neural network algorithms are the best; with spurious data and some 

correlation, boosted trees may be the best fit. Even with machine learning, it is unlikely that we 

can have a single winner model-wise because datasets and outputs vary even in a specific context, 

like credit scoring. 

 

2.4 Existing Credit Scoring Methods 

Many researchers have made tremendous contributions in the field of credit scoring using 

various models in the past and created valuable models; some of these complex models consider 

financial and non-financial information to achieve the same end goal: assessing the risk of lending 

money to individuals. In this section, the researcher explores the existing techniques Credit Scoring 

Techniques. 

2.4.1 CreditXpert 

Mortgage lenders mainly use this Credit Scoring method to evaluate borrower's 

creditworthiness. In its methodology, CreditXpert considers loan-to-value and debt-to-income 

ratios. This method has also implemented a Credit Analyzer tool that enables users to see changes 

in their credit scoring if they take specific actions like paying their credit balance (FasterCapital, 

2023).   

2.4.2 Z-Score Altman Model 

Dr. Edward Altman developed this model in 1968. It is one of the earliest contemporary 

quantitative credit scoring models (Altman, 2018), based on a multivariate analysis of the five 

accounting ratios. Although this model is more than 50 years old, it still holds importance to many 
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market participants. Some credit risk models, like structured models, have been created using age-

old models. The major criticism of this model is its backward-looking nature and sporadic.  

 

The original model is seen in (i). 

Z= 1.2X1   + 1.4X2 + 3.3X3 + 0.6X4 + 1.0X5 

Where: 

X1 = total assets/ working capital 

X2 = total assets/ retained earnings 

X3 = EBIT 

X4 = book value of total liabilities 

X5 = sales 

       (i) 

2.4.3 Expert Judgement-Based Model 

Traditional financial institutions employ highly skilled professionals to assess applicants 

based on their expert judgment and decide whether they default. One such technique was the AHP 

Analytic Hierarchical Process, a structured process of analyzing complex decisions (Passage 

Technology, n.d.). This model works on information represented in a hierarchy, making it easier 

for professionals to comprehend sub-issues and address them effectively. It is more like a fishbone 

diagram. The main element of this method is human judgment, which is used to make evaluations. 

This method for credit scoring was time-consuming, with colossal data records since each 

customer must be analyzed independently. 
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Figure 2. 1:  Group Decision-Making with AHP. Adapted from. (Hummel et al., 2014). 

 

2.4.4 Probability Unit and Logistic Regression  

Abbreviated as 'probit model,' the probability unit is closely related to Logistic Regression; 

probit predicts a dependent variable. It is the inverse of the normal distribution of the probability 

and is modeled as feature combinations. This model was mainly used because the dependent 

variable had to be binary. However, a linear relationship between dependent and independent 

variables is not assumed. LR is a classical model for PD; it uses borrowers' basic information and 

loan information data for analysis (Hou, 2020). It is commonly used because of its ease of 

development, use, and result interpretation. The logit model picks parameters that increase the 

chances of observing sample values. In the last few years, it has been observed that LR was the 

standard among the traditional credit scoring models since it fulfilled the Basel II accord 

requirements (Gor & Lee, 2019). It is used to solve binary problems in this context, default and 

non-default, and maps inputs to (0,1). It is, however, noted that these traditional methods violate 

banking practices. For this reason, (Antunes, 2021) recommends Random Forest due to its better 

prediction levels than LR.  
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Figure 2. 2: Graphical Illustration of Logit and Probit models. Author Illustration 

  

2.4.5 Linear Regression 

As a statistical method, linear regression has been helpful in credit scoring. One reason is 

the ease of explanation and PD parameters in credit scoring (World Bank, 2019). Here, the target 

variable is projected on some covariates. 

2.4.6 FICO Score 

This credit scoring algorithm is widely used to determine borrowers' creditworthiness, 

especially in the US. FICO scores range from 300 to 850. The higher the borrower's credit score, 

the higher the creditworthiness (FasterCapital, 2023). FICO utilizes financial information such as 

payment history and length of credit history to determine whether to approve a loan and at what 

interest.  

2.4.7 Vintage and Survival Models 

Vintage models like Age Period Cohort operate on time series by original date so that credit 

risk by date and age of loan can be used for forecasting (Fu, 2018). Survival models are based on 

account performance and when an event occurred instead of if an event occurred. Both models are 

middle ground between time series and credit scoring models. These models provide cash flow 

modeling, pricing, and credit risk forecasts. Over time, ensemble survival and vintage models have 

been reported to be successful in credit risk scoring. 
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2.4.8 Discriminant Analysis 

Context-wise, this is a form of supervised learning whose task is to separate individual 

groups based on the probability of default. This aims to combine scores into a single variable called 

the discriminant score. The significant assumptions of Discriminant Analysis are: i) observations 

are random and predictor variable distributed, ii) the dependent variable of the training data is 

classified correctly, and iii) at least two mutually exclusive groups where each case belongs to a 

single group. 

Each group will have a standard score distribution in a successful discriminant analysis. If 

some group's discriminant score is more significant than some cut-off value, assign 'non-Default' 

if it is less than or equal to 'Default' (Gurný & Gurný, 2013). These analyses are susceptible to 

outliers, and unordered predictors cannot be used as inputs. They also require a strong assumption 

that predictors in each class have a normal distribution. 

 

2.5 Machine Learning Models for Credit Scoring 

Machine learning is forming a series of actions and algorithms to solve problems with less 

human intervention and automatic optimization. Such techniques can find patterns in complex data 

(SAS, 2019). Some of the machine learning models for credit scoring are discussed below. 

2.5.1 Neural Networks 

Inspired by how the human brain operates and its purpose to copy its learning process, NN 

comprises three layers: an input layer that receives data, the information flows to the hidden layers, 

and an output layer, the answer calculated by NN based on the given data. The initial objective of 

neural networks was to solve problems in a structured layer akin to the human brain. Neural 

Networks produce good results and are fault-tolerant (Mijwel, 2018). 

 However, they have become used to performing several tasks, such as credit scoring. They 

are also the first machine learning model employed for this task. One can increase the number of 

hidden layers by adding hidden layers. In the first layer, external information, such as independent 

variables, is received, and then neurons in the input layer send feedback to the hidden layer.  
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Credit scoring uses MNN architecture, where neural networks transmit signals to a hidden 

layer receiving information from input neurons. Numerous credit default studies have applied NNs 

and have reported higher accuracy. NNs are data hungry; where data is abundant and of good 

quality, NN always wins in prediction. However, the major criticism of NN is the tendency to 

overfit where analysis corresponds closely to training data, making future predictions inaccurate 

and slow in training.  

 

 

Figure 2. 3: Simplified NN with three layers. Author Illustration 

 

2.5.2 Decision Trees 

Also known as CART, this supervised learning produces accurate and easily interpretable 

results-based probability estimation of distinct event occurrences (Shehadeh et al., 2021). Capable 

of handling discrete and continuous data. The concept of DT is to create recursive partitioning of 

the input till it is enough to make a prediction. It is a graphical representation with the core goal 

of creating a goal that predicts the target variable based on input variables. They have a tree-like 

structure with nodes reflecting attributes, branches reflecting test outputs, and core nodes 

representing the categories. DT splits training data into smaller pieces, memorizes each, and 

predicts each.  

They have also historically been used for credit risk scoring; modern DT uses multiple 

partitioning metrics, e.g., ANOVA and Gini index, which are used to calculate information gain 
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which is applied to each node to provide a measure of the quality of split (Jijo & Abdulazeez, 

2021) merit of DT is mapping between rules and trees. DT has an advantage in handling data with 

outliers and low computing costs, which makes training faster. However, it needs help dealing with 

missing values and overfitting problems and can build complex trees. 

 

 

Figure 2. 4: Schematic Illustration of Decision Trees. Adapted from. (Ko et al., 2022) 

 

2.5.3 Random Forest 

Considered state-of-the-art, RF is used for both regression and classification problems. In 

this case, we are interested in the classification problem. RF is like bagging, with a significant 

difference being randomness. This ensures diversity in the trees, leading to low correlation; this is 

also the critical contrast between RF and DT. While RF selects subsets of features to perform splits 

on the nodes, DT examines existent variables. RF generates and averages unrelated trees; each tree 

has a random feature selection for splitting (World Bank, 2019). Builds DT of various samples and 

takes majority vote for binary classification. 

Some advantages of RF are the easy-to-understand importance of each feature, efficiency 

when dealing with large datasets, overcoming the overfitting issue in DT, and the capability to 

handle many independent features without feature selection. However, it takes longer to train the 

model. Figure 2.5 illustrates a Random Forest tree.  
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Figure 2. 5: Random Forest Illustration. Adapted from. (Ko et al., 2022) 

 

2.5.4 Support Vector Machines 

Support Vector (SVMs) are supervised ML algorithms that analyze data and patterns to 

find optimal input segmentation for classification and regression. They were first introduced in 

1998 by Vapnik and have been effective in credit scoring (Goh & Lee, 2019). SVMs are a kernel-

based approach, where training data represents the kernel. This model is beneficial in classification 

where similar data belong to the same class and where the interaction of input variables is complex 

to know beforehand.  

The hyperplane segmentation of inputs leads to an effective classification method. The 

classification divides data into homogenous groups, separating training sets into distinct classes. 

In this way, the different classes are predicted based on the inputs. Data is complex to be linearly 

separable and less prone to outlier adjustments. Authors (Singh et al., 2021) reported the successful 

application of SVM for a modernized loan approval system with an accuracy of 80%. Figure 2.6 

shows an overview of the Support Vector Machine model. 
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Figure 2. 6: Support Vector with 2 Features. Author Illustration 

 

 

2.5.5 Xtreme Gradient Boost 

Gradient Boosting is a concept where weak learners are trained, which results in high 

accuracy. Gradient Boosting was introduced to enhance quality in classification tasks due to 

advancements in computing power. It is an extension of Gradient Boost Decision Trees; in this 

new method, each new tree is born from the previous one, keeping the original model unchanged 

but adding a new function to alleviate the shortcomings of the previous one. An ensemble of weak 

prediction models is used in the boosting function. XGBoost uses an approximation histogram 

algorithm, reducing overfitting and increasing efficiency (Chen & Guesgrin, 2016).  

XGBoost can use categorical and numerical features to handle classification and regression 

problems. It also includes L1 and L2 regularization to prevent overfitting faster than traditional 

boosting methods. XGBoost handles missing values through a built-in function. 
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2.5.6 Categorical Boosting 

CatBoost was developed by Yandex; it can handle large datasets and quickly make 

predictions. It can also handle categorical data without transformation through a learning process 

that performs encoding on the categorical data, leading to accurate predictions while reducing 

overfitting; this increases feature dimension. CatBoost improves traditional GBDT by converting 

categorical features to numerical ones through the Ordered Target Statistic Method, thereby 

increasing support for categorical features (Prokhorenkova et al., 2018). It uses a symmetric tree 

to implement the same splitting for layers, increasing prediction speed and accuracy. 

CatBoost allows novice learners to choose the best model parameters with built-in cross-

validation. It also supports L1 and L2 regularization to minimize overfitting and automatic feature 

scaling.  

2.5.7 Light Gradient Boosting Machine 

This gradient boosting algorithm can also handle large datasets in machine learning 

classification and regression tasks. It is widely known for its fast speed and low memory usage for 

prediction. LightGBM works for both multi-class and binary classification tasks. It is a decision 

tree-based framework that uses Exclusive Feature Bundling and Gradient-Based One Side 

Sampling to solve the limitations of Gradient Boost Decision Trees and achieve cutting-edge 

results. LightGBM has better accuracy and supports distributed and parallel learning. It requires 

less training time than other machine learning models due to GOSS and EFB enhancements (Ke 

et al., 2017).  
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2.6 Related Works Review 

Table 2. 2: Related Works 

Author Content Focus Findings Challenge 

 

 

 

 

 

Kisutsa, 

(2021) 

 

 

Predict loan defaults on 

online mobile-based 

lending: 

 

 Bondora Dataset. 

2009-2021 

 

 

 

 

Decision Trees 64%.> 

Logistic Regression 63%. 

Naïve Bayes 61%. 

 

 

 

The main challenge with 

this paper is the low 

accuracy of 64%.  

 

 

 

 

 

 

Madaan et 

al., (2021) 

 

 

Loan Default 

Prediction: 

 

 Lending Club Dataset 

2007 & 2015 

 

 

 

 

Random Forest 80% > 

Decision Trees 73% 

 

 

The dataset used was 

highly imbalanced and no 

SMOTE was done to 

address the issue. 

 

 

 

 

 

 

Runchi et 

al., (2023) 

 

Credit Scoring using 

Logistic- Balancing and 

Weighting Model in 

Default Recognition 

 

6 Datasets 

 

Australian Dataset 

German Dataset 

Chinese personal loan  

Default of credit card 

Give Me Some Credit 

Credit card Fraud 

Detection 

 

 

 

Logistic- BWM > 10 MLA 

using metrics AUC, 

Specificity, Sensitivity, G-

Mean, F-Score, MCC. 

 

 

 

 

While recognition of the 

Default sample is 

improved, there is a 

Sacrifice of non-default 

samples. 

 

An increase in sample 

size weakens the model. 
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2.7 Conceptual Framework 

  

 

Figure 2. 7: Conceptual Framework 

  

Steps Involved in the Conceptual Framework  

      I.          The data downloaded from a verified online source was cleaned and pre-processed. 

    II.          Feature extraction was done to identify the training features. 

  III.          The training features implemented Random Forest, XGBoost, LightGBM, CatBoost, and 

AdaBoost Machine Learning algorithms. 

  IV.          Model Evaluation used Accuracy, Recall, Precision, F1-Score, Confusion Matrix, and 

AUC-ROC. 

    V.          The best-performing model was selected and saved using the joblib library. 

  VI.          The model was used to develop a Streamlit machine learning web application. 

VII.          The web application is then used for real-time prediction, where a borrower is prompted 

to input prediction data. The borrower's credit is either approved or rejected. Finally, the 

borrower is notified of the status of their application.
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Chapter 3: Research Methodology 

 

3.1 Introduction 

This chapter discusses the Research Methodology for the credit scoring model for mobile 

lending is presented. It highlights the steps followed to come up with the model. It highlights the 

research design (data source, data preparation, data modeling, data analysis, and evaluation 

metrics), software methodology (requirements assessment, user design, construction, and 

implementation), design requirements (hardware and software requirements), and finally, ethical 

considerations and research quality. 

3.2 Research Design 

Below are the steps taken to develop the model: 

i) Data Source 

ii) Data Preparation 

iii) Data Modeling  

iv) Data Analysis 

v) Evaluation Metrics 

3.2.1 Data Source and Description 

This research adopted secondary data publicly downloaded from Bondora 

https://www.bondora.com/en/public-reports  an online lending platform. Due to privacy issues, 

credit lending institutes are typically unwilling to share their internal data. It is not accessible to 

people outside the financial institutions. The adoption of the dataset was also triggered by the 

similarities in features with the local financial institutions, as displayed in Table 3.1 below. The 

lengthy process of obtaining a local dataset also contributed to the use of secondary data. The 

economic nature of the secondary dataset is another factor, as is the complex nature of collecting 

primary data and the required commitment.  

The data contains loans between March 2009 and February 2024, containing borrowers’ 

financial information and demographics.  

https://www.bondora.com/en/public-reports
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Figure 3. 1: Importing Dataset and Sample Features 

 

 

Some of the Select Features in the dataset are shown in Table 3.1; the rest of the data 

dictionary is available on the dataset link provided in the Data Source and Description link above. 
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Table 3. 1: Dataset Features 

Feature type Description 

 

 

 

 

 

 

 

 

 

 

 

Demographic 

Features 

Age of the 

borrower 

 

Age of borrower when applying for a loan 

Applicant’s 

Gender 

 

0.0=male,1.0=female, 2.0=unknown 

 

Education Level 

 

1.0= primary, 2.0= basic, 3.0= vocational, 4.0= secondary, 5.0 higher 

education 

 

Marital Status 

 

1.0=married, 2.0=cohabitant, 3.0=single, 4.0=divorced, 5.0=widow, -

1=not specified 

Number of 

Dependents 

 

Number of children or other dependents 

Employment 

Status 

 

-1.0=employed, 2.0= partially employed, 3.0= fully employed, 4.0= self-

employed, 5.0=entrepreneur, 6.0= retiree 

 

Home Ownership 

Type 

1.0=owner, 2.0= living with parents, 3.0= tenant pre furnished, 

4.0=tenant unfurnished property, 5.0= council house, 6.0=joint-tenant, 

7.0=joint-ownership, 8.0=mortgage, 9.0=owner, 10.0=other 

 

 

 

 

Financial 

Features 

 

 

Amount Received 

 

Amount the borrower received 

Income Total The borrowers’ total income 

Use of Loan 1=real estate, 2=home improvement, 3=business, 4=education, 5= 

travel, 6=vehicle, 7=other, 8=health 

-1=not set 

Status Current application status 
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3.2.2 Data Preparation 

The dataset obtained from the online repository must be explored using data analysis to 

understand the depth and variables. Here, the inaccurate data was corrected to ensure the reliability 

of the model during the training and testing phase of the model. Some steps include importing 

libraries for use in the modeling process, data normalization, and construction of a sample set. 

 

 

Figure 3. 2: Importing Necessary Libraries 
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Figure 3. 3: Deleting Columns with Higher Percentage of Missing Values 

 

 

Figure 3. 4: Deleting More Columns with No Impact on Final Prediction 
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Defining the Target Variable 

Here, status is the variable that helped in creating the target variable. Not making status the 

target variable is because it has three unique values: Current, Late, and Repaid. There is no default 

feature, but a default date feature tells us when the borrower defaulted, which means on which date 

the borrower defaulted. So, combining Status and Default date features to create a target variable 

was crucial. Late was not treated as default because it also had some records in which the actual 

status is Late, but the borrower has never defaulted, i.e., the default date is null. So, Current Status 

records were filtered since they have yet to mature. They are current loans. Finally, the target 

variable was created with 0 being ‘not default’ and 1 being ‘default’ as seen in Figure 3.6. 

 

 

 

Figure 3. 5: Status Variable before Preprocessing 

 

 

Figure 3. 6: Defining the Target Variable 
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Figure 3. 7: Percentage of Default and Non-Default 

 

 

Feature Elimination 

Relevant features likely to contain meaningful information were selected for the predictive 

task. The dataset's many features aided this, and a dimensionality reduction using Recursive 

Feature Elimination was performed. 

The Recursive Feature Elimination process helped prevent overfitting by eliminating the 

least important features, improving the model's interpretability. Therefore, the feature size was 

reduced to 46890 columns and 25 rows as seen in Figure 3.7. 
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Figure 3. 8: Selection of Training Features 

 

3.2.3 Data Modeling 

In this process, data cleaning was performed, filling missing values with the mean and 

other inconsistencies, leading to standardization of data analysis. The data was split into 80% 

training and 20% testing data, which determined the model's effectiveness. Modeling also 

transformed categorical data attributes into numerical data using Label Encoder. 

 

 

Figure 3. 9: Filling Missing Values with Mean 
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Figure 3. 10: Converting Categorical values to Numerical values. 

 

 

Figure 3. 11: Selected Features Datatypes 

 

 

Figure 3. 12: Splitting the Dataset into 80% Training and 20% Testing 
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3.2.4 Univariate Data Analysis 

This is the analysis between individual variables. Here, Gender, Education, Home 

Ownership, and New Credit Customer features were analyzed. The analysis was done using bar 

unstacked bar graphs for proper visualization.  

   

   (a)     (b) 

Figure 3. 13: Univariate Analysis of (a) Gender and (b) Education 

 

    

   (a)      (b) 

Figure 3. 14: Univariate Analysis of (a) Home Ownership and (b) New Credit Customer 
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General Observations 

13,302 of the loans are defaults, representing 28.2% of the total value counts, while non-

defaults are 33,688, representing 71.8%. 

 Male applicants account for 58.3%, females for 36.2%, and others for 5.5%. 

  39% of borrowers have attained secondary education, while 26.4% have higher education. 

20.4% are vocational, 10% have basic education, and 3.5% have primary education. Overall, most 

of the borrowers are educated.  

 33.6% of the borrowers are homeowners, 18.8% are tenants in pre-furnished properties, 

17.4% live with parents, 9.7% are on the mortgage, and 8% are tenants in unfurnished properties—

the rest account for negligible percentages.  

 New borrowers account for 60%, meaning it is their first time borrowing.  

More than 59% of borrowers are fully employed, and 28% are employed. 

 

3.2.5 Bivariate Data Analysis 

This is a data analysis between two relationships: predictor and target variables. Gender, 

Education, Home Ownership, and New Credit Customer features were analyzed against the 

Default variable. 
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   (a)      (b) 

Figure 3. 15: Bivariate Analysis For (a) Gender and (b) Education vs Default 

 

   

   (a)      (b) 

Figure 3. 16: Bivariate Analysis of (a) Home Ownership and (b) New Credit Customer vs 

Default. 

 

General Observation 

Male borrowers default more than females. 

Most defaulters have secondary education, followed by vocational, higher, basic, and 

primary education, respectively. 
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 Homeowners account for most defaults, followed by tenants with pre-furnished property 

and those living with parents. 

 New credit customers also default more than seasoned borrowers. 

Fully employed borrowers account for more defaults than employed borrowers. 

3.2.6 Data Balancing using SMOTE Technique 

As seen in Figure 3.6, the target variable ‘Default’ is imbalanced, with the number of non-

defaults higher than defaults. This leads to a model bias towards the majority class. SMOTE was 

used to address the class imbalance problem. 

The algorithm selects random minority examples close to feature space and selects random 

neighbors using K-Nearest Neighbor to balance the classes (Fernández et al., 2018). 

 

 

Figure 3. 17:  SMOTE for Data Imbalance 

 

3.2.7 Evaluation Metrics 

The evaluation metrics to use for this research will include the following. 

 

I. Accuracy 

This research study is modeled as a binary classification. Accuracy 

is used as one of the test evaluation metrics; it identifies compelling pattern 
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correlation among data samples using training data. It will be derived using 

the formula:  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +   ∑ 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

∑  𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
 

            (ii) 

II. Precision  

The precision score measures the consistency of positive 

predictions (Minaee, 2019). It shows that the classifier is good enough 

that it can be computed by the formula seen in (iii): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
∑ 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

∑ 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

          (iii) 

 

III. Recall (Sensitivity) 

It gauges whether the positive percentage was correctly 

identified (Alazab, 2015). It is the fraction of true positives and the sum 

of true positives and false negatives, as seen in (iv). 

   

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

(𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
 

           (iv) 

 

IV. Specificity 

This is the percentage of true negatives divided by the 

summation of true and false positives. As seen in (v), this shows how a 

model avoids classification. 
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

True Negative + False Positive
 

           (v) 

 

V. Confusion Matrix 

This is a common way to evaluate a model with binary 

outcomes. The default cases observed positives, while the non-observed 

ones were negatives (Finance, 2017). The True Positive represents the 

defaulted customer predicted to have defaulted, and the True Negative 

if non-default has been predicted as non-default. The False Positive is if 

non-default has been predicted to default, and the False Negative is if 

defaulted, which is predicted as non-default. Table 3.2 shows a 

confusion matrix. 

 

 

Table 3. 2: Confusion Matrix 

Actual Class                              Prediction Results 

 Positive Class (Default) Negative Class (Normal) 

Positive Class (Default) TP FN 

Negative Class (Normal) FP TN 

   

 

3.3 Software Development Methodology 

The software methodology adopted a CRISP-DM model widely used for machine learning 

and data mining projects.  

The stages are iterative, meaning each stage may need revisiting as new information becomes 

available or problems arise. The model provides a structured approach to planning and executing 

data mining projects, but it needs to be prescriptive and can be adapted to suit different contexts 

and needs. 
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Figure 3. 18: CRISP-DM Methodology. Adapted From. (Hotz, 2023). 

 

Steps Description 

Business Understanding: Understand the business problem, objectives, requirements, and 

constraints. Define the project's scope and formulate a plan to achieve the goals. This is explicit 

in the background and literature.  

Data Understanding: Collect and explore the data that will be used for modeling. Verify data 

quality, completeness, and relevance. Identify data issues and prepare the data for modeling. This 

step also involves finding meaningful patterns in the data and visualizing it using bar graphs to 

familiarize oneself with it. 

Data Preparation: Select, clean, transform, and integrate the data to create a dataset suitable for 

modeling. Create new features or variables that may improve model performance. This process 

can take time. 

Modeling: Select appropriate modeling techniques and build predictive models using the 

prepared dataset. Evaluate model performance using appropriate metrics as seen in Figure 3.17.  
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Evaluation: Assess the quality of the models and determine whether they meet the business 

objectives. Select the best model (s) for deployment. 

Deployment: In this final step, Integrate the selected model (s) into an application. In this step, 

the deployed model will be used for academic purposes and not in a real-life case. Through 

analysis and discussion of results, whether they meet the business needs in step 1, and finally, a 

conclusion on whether the research objectives were achieved. 
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Figure 3. 19: Software Development Methodology Steps. Author Preparation 

1. Domain Understanding 

Here, the objectives and the 

problem statement of the Mobile 

Lending model need to be 

understood.  

2. Data Understanding 

The secondary data 

sourced 

https://www.bondora.com/e

n/public-reports was well-

documented, and the 

variables were well-

defined. 

3. Data Preparation & 

Feature Extraction. 

The dataset was cleaned, 

and the most essential 

features were selected. 

Pre-Processed 

data 

4. Modeling 

Identified the models to be used 

based on literature. RF, 

CatBoost, XGBoost, 

LightGBM, AdaBoost 

Find the baseline model. 

5. Model Evaluation 

Evaluate the models 

using metrics (Precision, 

Recall, Accuracy, 

Confusion Matrix). 

Select the 

best-

performing 

model. 

6. Deployment 

Integrate the model 

into an application to 

generate predictions. 

https://www.bondora.com/en/public-reports
https://www.bondora.com/en/public-reports
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3.4 Design Requirements 

For any software development to succeed, the design requirements must be well defined, 

and proper hardware and software requirement specifications must be listed since they act as a 

blueprint for creating system needs. These are also essential in planning to meet the intended 

purpose of this research from a computing perspective. 

3.4.1 Hardware Requirements 

The hardware requirements used for this research include a laptop with 8GB RAM with 

storage of 1TB SSD for faster data processing, a CPU multi-core processor intel core i7, and an 

internet connection to download the datasets and libraries. 

3.4.2 Software Requirements 

The software requirements for the machine learning part include the Operating System 

Windows 10 as a personal Preference, the Development Environment, and Visual Studio code as 

a preferred code editor. The machine learning models were implemented on the latest version of 

Python 3.12 on Jupyter Lab with Anaconda package manager to manage Python packages, 

deployed on the Brave browser with the necessary machine learning libraries- pandas, numpy, 

sklearn, Keras, and seaborn.  

The prototype software was deployed using Pycharm Community Edition and a version 

control tool, Github, to upload the research code and track the changes.  
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3.5 Research Quality and Validity 

The data source was secondary; it can be verified since it is open and collected from a 

reputable online repository for research purposes. The data cleaning process can also be verified 

and was well documented. A study budget was prepared to ensure the resources were well utilized, 

including the milestones, and creating realistic timelines for the study. The research objectives 

have governed the aspect of research design.  

For research validity, the methodology was consistent throughout the study, and the data 

source can be cross-checked to validate the accuracy of the results. This was achieved through the 

evaluation metrics mentioned in Chapter 3, additional model validation methods were also 

discussed in Chapter 6 of this document. External examiners can also verify the credibility of the 

results. The source has been cited to ensure transparency in the secondary data. The source code 

for the user interface is attached in Appendix D. At the same time, the rest of the machine learning 

model code was also posted on GitHub, improving transparency, and verifying findings.  

 

3.6 Ethical Considerations  

The researcher understands the potential bias in the credit scoring models where qualified 

borrowers can be overlooked. These biases exist in most secondary data. A sensitivity analysis was 

conducted to understand how different assumptions on bias affect the model. This can also increase 

the robustness of the findings. Ethical considerations in data analysis were also considered in the 

machine learning pre-processing and model training. The researcher ensured that all references to 

other researchers and authors were cited and well-documented; a similarity report was also 

attached in Appendix A. 

The research was submitted to the supervisor for continuous improvement and proper 

guidance. After making the necessary corrections after the proposal defense, the researcher applied 

for ethical clearance as part of the university's standard operating procedure. The ethical clearance 

letter is attached to the Appendix B section of this document. Later a research license was obtained 

from NACOSTI as a statutory mandate. 
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Chapter 4: System Design and Architecture 

 

4.1 Introduction   

This chapter outlines the design and architecture of the web-based Mobile credit scoring 

system based on the conceptual framework presented in Figure 2.7. The model can be used by 

stakeholders in the Mobile credit lending industry. The diagrams show interactions between 

various users and the system.  

4.2 Requirement Analysis 

This involves users' expectations to ensure the system considers stakeholders' needs based 

on the research objectives. Divided into functional and non-functional requirements. 

4.2.1 Functional Requirements  

These are statements of the services a system must provide to its users.  

I. The system should allow the borrower to fill in the application form. 

II. The system should implement a credit scoring algorithm based on the borrower's 

input to determine the borrower's creditworthiness. 

III. The system should provide a clear credit decision output of either approval or denial 

and give a feedback mechanism to the borrower.   

IV. The system should allow the borrower to view the output of their application. 

 

4.2.2 Non-Functional Requirements 

This is a statement of the operational system constraints. 

I. Usability - The user interface for interaction with the Mobile Lending credit system 

should be user-friendly for the stakeholders. 

II. Data Privacy- Data privacy should be prioritized to ensure that user information is 

secure. 

III. Scalability- The system should be scalable to handle the growing number of 

applications without performance sacrifices. 
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IV. Performance- The system should be able to make timely decisions and respond to 

questions during the application process. 

V. Maintainability- The system should be easy to maintain and install updates based 

on changing business needs. 

VI. Logging and Monitoring- The system should include surveillance of system 

activities, including system trails, model performance, anomalies, and analysis. 

VII. Quality Data Training- The system should ensure the reliability and accuracy of the 

training data since it directly impacts the model's effectiveness. 

 

4.3 System Architecture  

Figure 4.1 illustrates the mobile lending system architecture. The raw data is pre-processed 

and then trained using machine learning models Random Forest, XGBoost, LightGBM, and 

CatBoost. Finally, the trained model is used to develop a web application where various users can 

interact with the system.  

 

 

Figure 4. 1: System Architecture Diagram. Author Illustration 
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4.4 Use-Case Diagram 

A use case diagram represents the steps in a specific system where the actor initiates a use 

case by requesting the system to perform a process. The objective is to identify the actors and the 

process they initiate. In this case, the system administrator and the borrower are the actors in the 

mobile lending system. Each use case has a use case description in a tabular format with some 

description.   

 

 

 

Figure 4. 2: Use Case Diagram 
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Table 4. 1: Data Collection Description 

Use Case:                         Collect Data 

Primary Actors:          System Administrator 
Description:                 Describes how the System Administrator will collect data. 
Pre-Condition:            Data is relevant to Mobile Credit Scoring   
Post-Condition:           System Administrator Identifies and Retrieves the data.  
 
                                                           Main Scenarios 
 
Actor Responsibility System Responsibility 

1. The System Administrator identifies 

the data. 
 

2. The System Administrator retrieves 

the identified data. 
 

 3. The system saves the identified data.  
 

 

Table 4. 2: Data Cleaning Description 

Use Case:                         Clean Data 

Primary Actors:          System Administrator 
Description:                 Describes how the System Admin will clean raw data 
Pre-Condition:            Sufficient data to clean  
Post-Condition:           Pre-Processed data  
 
                                                           Main Scenarios 
 
Actor System  

1. The System Admin imports the 

Python libraries. 
 

2. The System Administrator imports the 

dataset. 
 

3. System Admin checks the dataset for 

missing values and fills them with 

either mean, median, mode, or 

interpolation. 

 

4. Splitting the data into training and 

testing sets. 

 

 5. The system saves the features 

extracted from the dataset.  
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Table 4. 3: Model Training Description 

Use Case:                         Train the Model 

Primary Actors:          System Administrator 
Description:                 Describes how the System Admin will train the model 
Pre-Condition:            Training System available, Pre-Processed data  
Post-Condition:           Trained model can predict the borrower's creditworthiness  
                                                           Main Scenarios 

Actor System  

1. The System Admin selects the pre-

processed data. 
 

2. The System Admin selects training 

and testing percentages. 
 

3. Admin selects output format.  

4. Admin runs the training command.  

 5. The system splits the data into training 

and testing sets per the admin 

command. 

 6. The system trains the model as per 

admin command. 

 7. The system uses the test data to 

validate the trained model. 

 8. The system outputs the trained model 

and saves it. 
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Table 4. 4: Borrower Creditworthiness Description 

Use Case:                        Fill out the Credit Application Form 

Primary Actors:          The Borrower 
Description:                 Describes how the borrower will fill out the Credit Scoring form.                                    
 
Pre-Condition:            System Available    
Post-Condition:           Borrower can view their Credit Application Status  
 
                                                           Main Scenarios 
 
Actor System  

1. Fill out the form for credit scoring 

prediction.  

 

2. Submit the filled form.  

 3. The system Predicts the borrower's 

creditworthiness. 

 4. The system displays the status of 

the credit application to the 

borrower. 

5. Borrower views the status of their 

application. 

 

 

 

4.5 System Sequence Diagram 

This dynamic model of a use case shows interactions among classes over a 

certain period (Al-Fedaghi, 2021). It graphically documents the use case by showing 

classes, messages, and the timing of the messages. 
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Figure 4. 3: User Illustration of Sequence Diagram 

 

4.6 Context Diagram 

This is a top-level view of an information system that shows its boundaries and 

scope. It shows the entities of the proposed mobile lending system and how the user 

interacts with it. A context diagram at level 1 in Figure 4.4 breaks down the single 

processes into sub-processes, showing the user's interaction with the system. 
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Figure 4. 4: Level 1 Context Diagram 
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Chapter 5: System Implementation and Testing 

 

5.1 Introduction 

This chapter gives a detailed look at the training results of the credit scoring model 

developed. The model was then deployed in the Streamlit Web Application to make real-time 

predictions. The web application was developed using the CatBoost algorithm. The System 

implementation was done and tested to ensure the research objectives were accomplished. 

 

5.2 Model Training and Results 

After pre-processing, data was trained using five machine learning algorithms, the 

outcomes of which are described below. The best model was used to implement the web-based 

machine learning application. 

 

5.2.1 Random Forest Results 

Figure 5.1 shows the training results achieved on the Random Forest algorithm. The 

accuracy rate, which measures the number of correctly classified instances, was 86. 
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Figure 5. 1: Random Forest Results 

The Confusion Matrix, which evaluates a model with binary outcomes for Random Forest, 

is shown in Table 5.1, and the interpretation is as follows.  

The model correctly classified 86% of the data, whereas 14% was misclassified. 

 

 

Type 1 Error 

The model had a 7.6% False Positive error, meaning 994 defaults were classified as non-

defaults, but they are defaults. If these borrowers are issued a loan, this results in revenue loss for 

the mobile credit lenders. 
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Type 2 Error 

The model had a 6.4% False Negative error, meaning 855 borrowers were classified as 

defaults, but they did not default. This does not lead to revenue loss for mobile credit lenders; 

instead, it restricts these borrowers from being issued a loan despite their ability to fulfill their 

loan obligations.  

Table 5. 1: Random Forest Confusion Matrix 

Confusion Matrix 

N= 13476 

Non-Default Default 

Non-Default True Positive 

5798 (43%) 

False Positive (Type 1 error) 

994 (7.6%) 

Default  False Negative (Type 2 error) 

855 (6.4%) 

True Negative 

5829 (43%) 

 

 The feature importance was done to identify features with the most influence on prediction. 

 

 

Figure 5. 2: Feature Importance for Random Forest 
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5.2.2 XGBoost Results 

Figure 5.3 shows the training results achieved on the XGBoost algorithm. The accuracy 

rate, which measures the number of correctly classified instances, was 85%.  

 

 

Figure 5. 3: XGBoost Results 

The Confusion Matrix, which evaluates a model with binary outcomes for XGBoost, is 

shown in Table 5.2, and its interpretation is as follows.  

The model correctly classified 85% of the data, while 15% was misclassified. 

 

Type 1 Error 

The model had a 7.3% False Positive error, meaning 959 defaults were classified as non-

defaults, but they are defaults. If these borrowers are issued a loan, this results in revenue loss for 

the mobile credit lenders. 
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Type 2 Error 

The model had a 7.7% False Negative error, meaning 1024 borrowers were classified as 

defaults, but they did not default. This does not lead to revenue loss for mobile credit lenders; 

instead, it restricts these borrowers from being issued a loan despite their ability to fulfill their loan 

obligations.  

 

Table 5. 2: XGBoost Confusion Matrix 

Confusion Matrix 

N= 13476 

Non-Default Default 

Non-Default True Positive 

5833 (43%) 

False Positive (Type 1 error) 

959 (7.3%) 

Default  False Negative (Type 2 error) 

1024 (7.7%) 

True Negative 

5660 (42%) 

 

The feature importance was done to identify features with the most influence on prediction. 

 

 

Figure 5. 4: Feature Importance for XGBoost 
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5.2.3 LightGBM Results 

Figure 5.5 shows the training results achieved on the LightGBM algorithm. The accuracy 

rate, which measures the number of correctly classified instances, was 85%.  

 

Figure 5. 5: LightGBM Results 

 

Table 5.3 shows the Confusion Matrix, which evaluates a model with binary outcomes for 

LightGBM. The interpretation is as follows.  

The model correctly classified 85% of the data, whereas 15% was misclassified. 
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Type 1 Error 

The model had a 7.6% False Positive error, meaning 1026 defaults were classified as non-

defaults, but they are defaults. If these borrowers are issued a loan, this results in revenue loss for 

the mobile credit lenders. 

Type 2 Error 

The model had a 7.3% False Negative error, meaning 978 borrowers were classified as 

defaults, but they did not default. This does not lead to revenue loss for mobile credit lenders; 

instead, it restricts these borrowers from being issued a loan despite their ability to fulfill their loan 

obligations.  

Table 5. 3: LightGBM Confusion Matrix 

Confusion Matrix 

N= 13476 

Non-Default Default 

Non-Default True Positive 

5766 (43%) 

False Positive (Type 1 error) 

1026 (7.6%) 

Default  False Negative (Type 2 error) 

978 (7.3%) 

True Negative 

5706 (42%) 

 

The feature importance was done to identify features with the most influence on prediction. 

 

Figure 5. 6: Feature Importance for LightGBM 
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5.2.4 CatBoost Results 

Figure 5.7 shows the training results achieved on the CatBoost algorithm. The accuracy 

rate, which measures the number of correctly classified instances, was 86%.  

 

 

Figure 5. 7: CatBoost Results 

Table 5.4 shows the Confusion Matrix, which evaluates a model with binary outcomes for 

CatBoost. Its interpretation is as follows.  

The model correctly classified 86% of the data, while 14% was misclassified. 

Type 1 Error 

The model had a 7% False Positive error, meaning 934 defaults were classified as non-

defaults, but they are defaults. If these borrowers are issued a loan, this results in revenue loss for 

the mobile credit lenders. 
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Type 2 Error 

The model had a 7.4% False Negative error, meaning 994 borrowers were classified as 

defaults, but they did not default. This does not lead to revenue loss for mobile credit lenders; 

instead, it restricts these borrowers from being issued a loan despite their ability to fulfill their loan 

obligations.  

 

Table 5. 4: CatBoost Confusion Matrix 

Confusion Matrix 

N= 13476 

Non-Default Default 

Non-Default True Positive 

5858 (43.5%) 

False Positive (Type 1 error) 

934 (7%) 

Default  False Negative (Type 2 error) 

994 (7.4%) 

True Negative 

5690(42%) 

 

The feature importance was done to identify features with the most influence on prediction. 

 

 

Figure 5. 8: Feature Importance for CatBoost 
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5.2.5 AdaBoost Results 

Figure 5.9 shows the training results achieved on the AdaBoost algorithm. The accuracy 

rate, which measures the number of correctly classified instances, was 83%.  

 

Figure 5. 9: AdaBoost Results 

 

Table 5.5 shows the Confusion Matrix, which evaluates a model with binary outcomes for 

AdaBoost. Its interpretation is as follows.  

The model correctly classified 83% of the data, while 17% was misclassified. 
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Table 5. 5: AdaBoost Confusion Matrix 

Confusion Matrix 

N= 13476 

Non-Default Default 

Non-Default True Positive 

5551 (41%) 

False Positive (Type 1 error) 

1241 (9.2%) 

Default  False Negative (Type 2 error) 

1032 (7.7%) 

True Negative 

5652 (42%) 

 

Type 1 Error 

The model had a 9.2% False Positive error, meaning 1241 defaults were classified as non-

defaults, but they are defaults. If these borrowers are issued a loan, this results in revenue loss for 

the mobile credit lenders. 

Type 2 Error 

The model had a 7.7% False Negative error, meaning 1032 borrowers were classified as 

defaults, but they did not default. This does not lead to revenue loss for mobile credit lenders; 

instead, it restricts these borrowers from being issued a loan despite their ability to fulfill their loan 

obligations.  

 

Figure 5. 10: Feature Importance for AdaBoost 
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5.3 Classification Results 

Table 5.5 displays the classification results for the trained models. 

Table 5. 6: Classification Results for Default Class  

 

 

Classification 

Method 

 

 

Correct                     Incorrect   

Classification       Classification                            Score (%)      

 

TP TN FP FN Accuracy Precision Recall F1-Score 

Random 

Forest 

5798 5829 994 855 86 85 87 86 

XGBoost 5833 5660 959 1024 85 86 85 85 

CatBoost 5858 5690 934 994 86 86 85 86 

LightGBM 5766 5706 1026 978 85 85 85 85 

AdaBoost 5551 5652 1241 1032 83 82 85 83 

 

 

 

Table 5. 7: Classification Results for Non-Default Class 

 

 

Classification 

Method 

 

 

Correct                     Incorrect   

Classification       Classification                            Score (%)      

 

TP TN FP FN Accuracy Precision Recall F1-Score 

Random 

Forest 

5798 5829 994 855 86 87 85 86 

XGBoost 5833 5660 959 1024 85 85 86 85 

CatBoost 5858 5690 934 994 86 85 86 86 

LightGBM 5766 5706 1026 978 85 85 85 85 

AdaBoost 5551 5652 1241 1032 83 84 82 83 
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5.4 Model Testing  

The model was split into training and testing sets. 80% was used for training, while 20% 

was used for testing, which aided in model validation. The best accuracy for the model testing was 

86%; this showed how well the trained model would predict new credit scores when presented 

with new data. The CatBoost model was then saved in a joblib file and imported into the code 

editor to create a machine-learning web app to make real-time predictions. 

 

 

Figure 5. 11: Best Test Results 

 

Figure 5. 12: Saving the Trained Model 

5.5 Streamlit Web Application for the Credit Scoring Model 

The credit scoring model was deployed using the open-source framework to build a 

machine learning application that makes real-time predictions based on borrower input. 

Figure 5.14 shows the user interface for the mobile credit scoring system when run on a 

local server. Streamlit allows users to deploy their machine learning applications for free using 

their GitHub account. As such, the Credit Scoring model can also be accessed via the link below 

and seen in Figure 5.13. 

https://statuspred.streamlit.app/  

https://statuspred.streamlit.app/
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Figure 5. 13: Deployed Credit Scoring Application 
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Figure 5. 14: User Interface for the Credit Scoring Application 
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5.6 Model Usage for Prediction   

The model can then be used to make real-time predictions using some data provided by the 

borrower, as seen in Figure 5.15. 

 

Figure 5. 15: Model Usage for Prediction 
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Chapter 6: Discussions 

6.1 Introduction 

This chapter briefly discusses the research findings and reviews the solution compared with 

the research objectives highlighted in Chapter 1. The main aim of this research was to develop a 

credit scoring model for mobile lenders. The research reviewed the challenges experienced in 

credit scoring and the existing methods. Finally, a machine learning web application was 

developed where borrowers can input prediction data and receive real-time output. 

6.2 Model Validation 

The data sourced from a verified online source was used for the study. The data was split 

into 80% training and 20% testing, used for model validation, with Random Forest and CatBoost 

achieving the highest results of 86%. The data cleaning and feature engineering process was well 

documented. The performance metrics used to evaluate the credit scoring model included 

Accuracy, Recall, Precision, F1-Score, AUC-ROC curve, Confusion Matrix, MCC, and 

Informedness. The highest accuracy obtained was 86% by both Random Forest and CatBoost 

algorithms, while AdaBoost had the lowest accuracy of 83%, representing how the model performs 

when fed with prediction data. Due to its high accuracy and low False Positive rate, the CatBoost 

model was used to create the Streamlit machine-learning web app. The performance metrics for 

all the models are presented in Table 5.6. 

 The importance of features for all the models was carried out. This measures the 

contribution of each feature towards the target variable, which helps interpret the model's behavior. 

The machine-learning code was uploaded to GitHub for verification and availability; the link is 

available in Appendix D. 

The AUC-ROC curves were also deployed to measure each model's performance in binary 

classifications. An AUC-ROC range between 0.5 and 1 suggests that the model can distinguish 

between positive and negative classes. 

The results and model evaluation metrics signify the importance of using different models 

for credit scoring. Selecting a model based on one metric would lead to borrower bias and potential 

loss to mobile lenders. Striking a balance between the evaluation metrics is crucial for credit 
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scoring. A model with a low false positive rate and high accuracy can be effective for credit scoring 

to ensure that mobile lenders do not incur losses when lending. 

       

   (a)      (b) 

Figure 6. 1: AUC-ROC Curve for (a) XGBoost and (b) Random Forest 

 

       

          (a)        (b) 

Figure 6. 2: AUC-ROC Curves for (a) LightGBM and (b) CatBoost 
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Figure 6. 3: AUC-ROC Curve for AdaBoost 

 

Mathews Correlation Coefficient for each model was also calculated; this aided in 

measuring the quality of the binary class. A value of +1 represents a perfect classification; 0 

represents a prediction made by chance, and a -1 value represents an opposite prediction where all 

the positive samples were predicted as negative and vice versa, meaning the model performs worse 

than a random guess. MCC maximizes all four confusion matrix essentials: specificity, sensitivity, 

negative predicted value, and precision (Chicco et al., 2021). Table 6.1 shows the MCC for the 

five machine-learning algorithms. 

 

Table 6. 1: Mathews Correlation Coefficient for each Model 

Rank Classification Algorithm MCC 

1 Random Forest 72 

2 CatBoost 71 

3 LightGBM 70 

4 XGBoost 70 

5 AdaBoost 66 
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The Informedness level, also known as the Youden Index, measures how well the model 

discriminates between positive and negative classes by considering sensitivity and specificity rates 

was also calculated.  

Table 6. 2: Informedness Level 

Rank Classification Algorithm Informedness Level 

1 Random Forest 72 

1 CatBoost 72 

3 LightGBM 70 

4 XGBoost 70 

5 AdaBoost 66 

 

6.3 Merits of the Developed System to Existing Ones 

I. The developed system can give instant results on whether the borrower qualifies 

for mobile credit. This leads to faster lender decision-making on borrower 

creditworthiness. 

II. The model also generates valuable insights into borrower behavior. 

III. The developed system takes various user inputs, such as age, gender, income, 

employment status, and loan duration, and predicts whether a borrower's 

application will be approved.  

 

6.4 Research Flaws 

The research initially planned to use primary data for credit scoring prediction purposes; 

however, due to the cumbersome process and privacy nature of local data, the researcher opted for 

secondary data. 

A decrease in training features consequently makes the model perform poorly. Even with 

the Recursive Feature Elimination process, the best-ranked features do not increase the model 

accuracy as intended.  

Parameter tuning to a higher number of values to increase the model accuracy was not done 

since it was computationally expensive.  
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Chapter 7: Conclusions, Recommendations, and Future Works 

 

7.1 Conclusion 

An increase in mobile usage leads to an upward shift in mobile credit lending. A mobile 

loan is instantaneously available for most phone users. However, defaults are lenders' primary 

concern. Lenders must analyze borrowers' creditworthiness before lending.  

The study aimed to develop a credit scoring model for mobile lending. Reviewing the 

existing methods was crucial to articulating the scope and ensuring the research was guided by the 

objectives. The challenges in credit scoring were also well-reviewed, and a proposed solution was 

implemented. The data for the research was collected from a verified online source; this data was 

pre-processed and split into training and testing sets. The SMOTE technique was used to balance 

the dataset, boosting the default prediction accuracy. Model training used 80% of the data, while 

the remaining 20% was used for validation. The best-performing model with the lowest Type 1 

error, Catboost, was selected to implement a scoring model on Streamlit, which the borrower can 

use to make real-time predictions. The Education, Gender, and Home Ownership features were the 

most relevant for credit scoring using the CatBoost model. Identifying key features is helpful for 

lenders in determining key predictors for potential loss. These features also aid in identifying 

different borrower groups and implementing proper policies, such as allocating resources to attract 

new customers. While the research implemented a valuable scoring model, more is needed for a 

real-world scenario due to the absence of primary data. Based on the discussions and findings, the 

following conclusions can be made: 

I. Random Forest and CatBoost achieved the highest accuracy of 86%, while 

LightGBM and XGBoost presented accuracies of 85%.  

II. CatBoost had the lowest Type 1 error while LightGBM had the highest. This 

justified the model selection for system development. 

III. XGBoost had the highest Type 2 error while Random Forest had the lowest. 

IV. AdaBoost model had the lowest performance on all evaluation metrics. 

V. Model performances on all evaluation metrics are different.  

VI. Feature importance across the five models also differs.  
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VII. A typical lending scenario consists of imbalanced data, making balancing crucial 

to avoid class bias. 

7.2 Recommendation 

The research demonstrates that machine learning can be used to develop credit-scoring 

methods. This can aid cumbersome manual methods and capture borrowers in rural areas with little 

financial history. Based on the study results, the researcher recommends. 

I. A credit range, where a higher range indicates a creditworthy borrower. 

II. Suggestions on improving one's credit score if they fall in the default category.  

III. Model integration to a real-world lending case using a primary dataset for the 

prediction task. 

7.3 Future Works 

Extending the research using other models would increase the model's accuracy. This can 

be done through optimization methods using primary dataset features and applying privacy-

preserving techniques such as Differential Privacy to ensure the privacy of primary data while 

maintaining valuable data. This can be achieved through a privacy budget to manage the privacy 

provided. This research used five machine-learning algorithms; other supervised and unsupervised 

algorithms can be implemented to improve the model's accuracy. 

Due to the change in social environment and increased online information, social media 

and phone usage data can be integrated into the primary data features to get predictions.  

Testing the model in a real-world setting would be helpful to ensure feasibility and utility. 

For instance, it would examine how much data the model can process, whether it can process new 

datasets accurately or poorly, and measure the utility of the results. The model can be monitored 

to establish performance indicators.  

Using One-Shot learning and Stochastic Gradient Descent, where a model is trained to 

make predictions using only one class, can increase the training time of the model and the use of 

Parameter Tuning to improve model accuracy. 

 Credit risk assessment uses survival analysis, a statistical tool, to predict default time. 

Since the time of default is crucial, this can provide invaluable insights to lenders. 
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Finally, model explainability is achieved by using LIME to interpret and explain the 

decisions of the developed model. The feature importance provided in Chapter 5 provides limited 

insight into model explainability; an in-depth exploration would be necessary in the future. This 

will make the credit scoring model more transparent and lead to equal opportunities.  
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Appendix D: Code Used in the Research 

 

This is the GitHub Link for the machine-learning classification task.  

https://github.com/ORB-7/Credit-Scoring-Task 

The screenshot contains the code for User Interface.  

 

import streamlit as st  # import the module for the websites 

import joblib  # module to load model data 

import pandas as pd 

 

# ------- SETTINGS----------- 

page_title = "Credit Scoring Application" 

page_write = " Fill the Form Below for Prediction" 

page_icon = ":moneybag:" 

layout = "centered" 

# ----------------- 

 

 

st.set_page_config(page_title=page_title, page_icon=page_icon, layout=layout) 

 

st.title(page_title + " " + page_icon) 

 

st.write(""" ### Fill the Form Below for Prediction:money_with_wings:""") 

 

st.sidebar.selectbox('Explore or Predict', ("Predict", "Explore")) 

 

education_list = ["Basic", "Primary", "Vocational", "Secondary", "Higher"] 

marital_list = ["Married", "Cohabitant", "Single", "Divorced", "Widow"] 

employmentStatus = ["Unemployed", "Partially", "Fully", "Self", 

"Entrepreneur", "Retiree"] 

homeTypeOwnership = ["Homeless", "Owner", "Living_With_Parents", "Tenant", 

"Prefurnished_Property", 

                     "Unfurnished_Property", "Joint_Tenant", 

"Joint_Ownership", "Mortgage", "Owner_with_Encumbrance", 

                     "Other"] 

occupationArea = ["Other", "Mining", "Processing", "Energies", "Utilities", 

"Construction", 

                  "Retail_and_Wholesale", "Transport_and_Warehousing", 

"Hospitality_and_Catering", 

                  "Finance_and_Insurance", "Real_Estate", "Research", 

"Administrative", "Civil_Service_and_Military", 

                  "Education", "Health_Care_and_Social_Help", 

"Arts_and_Entertainment", 

                  "Agriculture_Forestry_and_Fishing"] 

useOfLoan = ["Not_Set", "Loan_Consolidation", "Real_Estate", 

"Home_Improvement", "Business", "Education", "Travel", 

             "Vehicle", "Other", "Health", "Finance_and_Insurance", 

"Research", "Administrative", 

             "Civil_Service_and_Military", "Education_2", 

"Health_Care_and_Social_Help", "Arts_and_Entertainment", 

             "Agriculture_Forestry_and_Fishing"] 

https://github.com/ORB-7/Credit-Scoring-Task
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loanDuration = ["less_than_a_month", "1 Month", "2_Months", "3_Months", 

"4_Months", "5_Months", "6_Months"] 

 

col1, col2, = st.columns(2) 

 

Age = col1.slider('Enter Age', 0, 100) 

Gender = col2.radio("Select Gender", ["Male", "Female", "Other"]) 

MaritalStatus = col1.selectbox("Choose which best describes your Marital 

Status", marital_list) 

Education = col1.selectbox("Education Level", education_list) 

NewCreditCustomer = col2.select_slider('Is This Your First Time Applying for 

Credit', ['Yes', 'No']) 

EmploymentStatus = col1.selectbox('Choose Which best describes your 

Employment Status', employmentStatus) 

HomeOwnershipType = col2.selectbox('Choose Which Best Describes Your Home', 

homeTypeOwnership) 

EmploymentDurationCurrentEmployer = col1.slider('How Long have you been 

Employed', 0, 50) 

OccupationArea = col2.selectbox('Select Your Occupation Area', 

occupationArea) 

UseOfLoan = col1.selectbox("What is the use of the loan?", useOfLoan) 

LoanDuration = col2.select_slider("How long do you intend to take to pay off 

your credit", loanDuration) 

Interest = col1.number_input('The percentage of Interest') 

IncomeTotal = col2.number_input('Whats your Total Income?') 

NoOfPreviousLoansBeforeLoan = col1.slider('Number of Previous Loans', 1, 20) 

AppliedAmount = col1.number_input("The amount you wish to apply", 1234) 

Amount = st.number_input('Amount you Received', 1000) 

 

Rating = 10 

ExistingLiabilities = 0 

DebtToIncome = 0.12 

Restructured = 1 

CreditScoreEsMicroL = 0.9 

ModelVersion = 2 

VerificationType = 1 

LanguageCode = 9600 

df_pred = pd.DataFrame([[Age, LoanDuration, NewCreditCustomer, 

VerificationType, Gender, 

                         AppliedAmount, Interest, UseOfLoan, Amount, 

Education, 

                         EmploymentDurationCurrentEmployer, Rating, 

MaritalStatus, 

                         EmploymentStatus, OccupationArea, HomeOwnershipType, 

ExistingLiabilities, 

                         DebtToIncome, IncomeTotal, 

                         Restructured, NoOfPreviousLoansBeforeLoan, 

CreditScoreEsMicroL, ModelVersion]], 

 

                       columns=['Age', 'LoanDuration', 'NewCreditCustomer', 

'VerificationType', 'Gender', 

                                'AppliedAmount', 'Interest', 'UseOfLoan', 

'Amount', 'Education', 

                                'EmploymentDurationCurrentEmployer', 

'Rating', 'MaritalStatus', 

                                'EmploymentStatus', 'OccupationArea', 

'HomeOwnershipType', 'ExistingLiabilities', 
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                                'DebtToIncome', 'IncomeTotal', 

                                'Restructured', 

'NoOfPreviousLoansBeforeLoan', 'CreditScoreEsMicroL', 'ModelVersion']) 

 

 

def transform(data): 

    if data in marital_list: 

        return marital_list.index(data) 

    elif data in education_list: 

        return education_list.index(data) 

    elif data in employmentStatus: 

        return employmentStatus.index(data) 

    elif data in occupationArea: 

        return occupationArea.index(data) 

    elif data in useOfLoan: 

        return useOfLoan.index(data) 

    elif data in loanDuration: 

        return loanDuration.index(data) 

    else: 

        return 0 

 

 

df_pred['Gender'] = df_pred['Gender'].apply(lambda x: 1 if x == 'Male' else 

0) 

df_pred['NewCreditCustomer'] = df_pred['NewCreditCustomer'].apply(lambda x: 1 

if x == 'Yes' else 0) 

df_pred['Education'] = df_pred['Education'].apply(transform) 

df_pred['EmploymentStatus'] = df_pred['EmploymentStatus'].apply(transform) 

df_pred['MaritalStatus'] = df_pred['MaritalStatus'].apply(transform) 

df_pred['HomeOwnershipType'] = df_pred['HomeOwnershipType'].apply(transform) 

df_pred['UseOfLoan'] = df_pred['UseOfLoan'].apply(transform) 

df_pred['LoanDuration'] = df_pred['LoanDuration'].apply(transform) 

df_pred['OccupationArea'] = df_pred['OccupationArea'].apply(transform) 

 

 

def make_predictions(pred_data): 

    model = joblib.load('catboost_model.pkl') 

    pred = model.predict(pred_data) 

    return pred 

 

 

prediction = make_predictions(df_pred) 

if st.button('Predict'): 

    if prediction[0] == 0: 

        st.write('<p class="big-font">Your Credit Score is High.You can apply 

for a Loan.:thumbsup:</p>', 

                 unsafe_allow_html=True) 

    else: 

        st.write('<p class="big-font">Your Credit Score is Low.You are Likely 

to Default.:thumbsdown:</p>', 

                 unsafe_allow_html=True) 

 


