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Abstract

Machine learning is becoming a part of everyday life and has an indisputable 

impact across large array of industries. In the financial industry, this impact 

lies particularly in predictive modelling. The goal of this thesis is to describe 

the basic principles of artificial intelligence and its subset, machine learning. 

The most widely used machine learning techniques are outlined both in a 

theoretical and a practical way. As a result, four models were assembled 

within the thesis. Results and limitations of each model were discussed and 

these models were also mutually compared based on their individual per

formance. The evaluation was executed on a real world dataset, provided 

by Home Credit company. Final performance of machine learning methods, 

measured by the KS and GINI metrics, was either very comparable or even 

worse than the performance of a traditional logistic regression. Still, the 

problem may lie in an insufficient dataset, in the improper data prepara

tion, or in inappropriately used algorithms, not necessarily in the models 

themselves.



Abstrakt

Machine learning, neboli strojové učení, se stává součástí každodenního 

života a má nepopiratelný vliv na celou čadu odvčtví. Ve finančním odvčtví 

tento dopad spočíví zejména v prediktivním modelovíní. Cílem této príce 

je popsat zíakladní principy umčelíe inteligence, pčredevčsím její podmnočziny, 

strojovíeho učcení. Nejpoučzívančejčsí techniky strojovíeho učcení jsou v tíeto príaci 

nastínčeny teoretickou i praktickou cestou. V ríamci príace byly sestaveny čctyčri 

praktickí modely. Byly diskutovíny vísledky a limitace kačdího z modelů a 

zíarovenč byly modely mezi sebou vzíajemnče porovníany na zíakladče jejich indi- 

viduaílních vyíkonůu. Modelovíaní bylo provedeno na reíalnyích datech, poskyt- 

nutyích společcností Home Credit. Vyísledníy vyíkon metod, zaločzenyích na 

strojovíem učcení a mčečrenyí pomocí metrik KS a GINI, byl bud' velmi srovn- 

atelnyí, nebo dokonce horčsí nečz vyíkon tradičcnče poučzívaníe logistickíe regrese. 

Pčresto mohl tento vyísledek spočcívat napčríklad v nedostatečcníem datovíem 

souboru, v nespraívníe pčrípravče dat, nebo v nevhodnče poučzityích algoritmech, 

tedy ne nutnče v samotníych modelech.
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Motivation:

Credit scoring as a quantitative method is continuously becoming a topic attracting attention 

in the world of finance. It serves as an application of financial risk forecasting or as a basis for the 

credit granting decision, and therefore should be as accurate as possible to conduct as a reliable 

source. Although it seems easy to divide clients into either good or bad box, the antecedent 

process is complex and can contain many obstacles. Nearly all banking and financial institutions 

working with consumer financial data are facing these obstacles every day.

Due to the competitive environment, different approaches are still emerging in the market. 

Particularly when unfavorable economic conditions and vague deployed models lead to an insti

tution collapse, or generally due to the growing credit industry, or more precisely differentiated 

loan portfolios. Simple parametric statistical methods are therefore being slowly replaced by 

more complex and challenging nonparametric approaches, classification trees or lively technolo

gies such as neural networks. Models that are going to serve as a better prediction of both near 

and distant future credit conditions are, not only for that reason, very welcome.

For the purpose of this thesis, the prominent established models will be compared to both 

each other and to oncoming advanced techniques. Several different models will be separately 

built (interim plan is Logistic regression, Support vector machine SVM, some form of Random 

forest and Neural networks). Further focus of the thesis is to invent innovative signals (variables) 

using both client data and external sources (KPMG Signals Repository platform). Built models 

will be composed into the ensemble using specific ensemble methods based on the assumption 



that combining multiple models together could in the end produce a more robust model. The 

ultimate model success or failure of the implemented methods will be investigated by integrating 

the solutions into the clients workflow.

Contribution:

I will focus on exploring and testing credit scoring models by approaching advanced tech

niques and by combining them cautiously. The comparison of both existing and advanced models 

could serve as a basis for anyone in the need of credit evaluation or a near-future prediction of a 

consumer bad debt. The main advantages and disadvantages of each approach will be mentioned 

in the thesis, which will be further supported by facts, including established statistical metrics.

Hypotheses:

1. Hypothesis #1: Credit scoring models that use advanced techniques serve as a better 

source of prediction.

2. Hypothesis #2: Ensemble methods improve the quality of the model.

3. Hypothesis #3: It is possible to integrate the solutions into the real world clients data.

Methodology:

Many financial institutions are still using simple parametric models as a reliable source for 

predicting the probability of a consumer default which can lead to distorted results and poor 

decisions. In the meantime, many novel methods are emerging in the financial world.

By participating in the KPMG pro ject which is, among other things, focusing on the credit 

scoring issue, I will be able to test several methods on both real and artificial data. The testing 

part will be done after building models by using different approaches, variables and rigorously 

selected data. Common statistical metrics will help to determine the best model. After all models 

will be reviewed individually, multiple models will be chosen to compose a complex model by 

using ensemble methods in order to create a powerful model. In the end, clients data or data 

gained from trustworthy sources will be deployed and will therefore serve as a basis for drawing 

conclusions.



The main goals of implementing mentioned advanced techniques is to be more consistent and 

accurate, to eliminate human error and to be able to rely on the mechanical approaches and 

computer processes. When models are built precisely, resulting number of bad debt losses should 

be also reduced noticeably.
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1 Introduction

Financial industry disposes of new innovations every year. Constant advances in artificial in

telligence, including machine learning, are undoubtedly among these innovations. In the credit 

scoring sector, the main goal of financial institutions is to distinguish a good from a bad bor

rower, to avoid declines in their profitability and also to learn from the past models and use the 

acquired knowledge in the future.

Previous research focusing on the credit scoring modelling in connection with machine learn

ing techniques particularly concentrated on comparing advanced methods with traditional and 

commonly used methods. The power of machine learning models is thus being frequently invest

igated in comparison to routine methods. Results of these researches are generally proving that 

traditional techniques can be well compared to the new and advanced ones. In addition, new 

methods are still being developed, which is also addressed in a large number of academic articles.

Using traditional methods to determine whether the client will repay his or her loan is still the 

most usual way. However, more and more institutions are getting inclined to seek alternatives. 

As the whole world is constantly modernizing, the financial industry will also gradually adapt 

and start to work more efficiently with modern techniques. Throughout this thesis, a theory 

background and a practical insight will help to demonstrate both pros and cons of the machine 

learning.

The main contribution of this thesis is to shed a light on advanced machine learning techniques 

dedicated to credit scoring and to either confirm or refute the stated hypotheses. The analysis 

is performed on a unique dataset provided by Home Credit company. Unique data are always 

valuable when outlining new results and observing the problem from different angles, than those 

being already available on the market. All results are supported by a proper testing process and 

by established statistical metrics.

This thesis will be structured as follows. In Chapter 2, the whole concept of credit scoring 

modelling and the economic background is presented, followed by outlining concrete credit scoring 

techniques with an emphasis on artificial intelligence. Chapter 3 describes the most famous 

machine learning algorithms in detail, including its basic division, testing and valuation, explains 
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the possibility of ensemble methods and outlines potential machine learning obstacles. Chapter 4 

is dedicated to the literature review, mapping relevant publications on the topic. Chapter 5 maps 

the data origin and its preparation process, which is useful further in Chapter 6, where the author 

describes the applied methodology and all four models specificities. Chapter 7 summarizes the 

achieved results and finally, Chapter 8 concludes.
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2 Credit scoring

2.1 Economic background

Over the past years, a global economy has seen a further decline. Many trade wars took place 

or are still taking place all over the globe. Due to this worldwide condition and other crucial 

economic factors, such as the currently spreading coronavirus, central banks are cutting interest 

rates and are followed by other financial institutions by doing that. All in all, year 2020 is 

predicted to be ”thinner” in many ways, if not the ”thinnest” in a long time horizon. As the 

director of the International Monetary Fund said to the virus account, ”a global recession we have 

not seen in our lifetimes”. This relationship between interest rates at which banks raise funds 

and rates at which they lend to borrowers is simply put an essence of banking. This relationship 

is under a great pressure when rates are very low, that is close to zero or even negative, which 

as of 2019 was the case of many European banks.

When the global growth is rather slow, both small and big companies will limit their ties 

with financial institutions in terms of fewer loans, less trade finance and other business connec

tions. A negative interest rate basically means that you pay back less than the amount borrowed. 

For instance, when interest rates on the short-term government debt obligations turn negative, 

investors such as mutual funds and banks pay to a government for taking their money, as the 

government represents a borrower in this scenario. Many companies, individuals but also banks 

already took advantage of it. Investors surprisingly often agree on these seemingly disadvantage

ous conditions in order to put their money somewhere safe even if at loss, as at the time of a crisis, 

investors are becoming risk-averse and rather tend to run for safe and liquid instruments. From 

the opposite point of view, the notion of negative rates should in reverse mean more borrowing, 

thus more spending, thus a healthier economic growth in general [61].

During the completion of this thesis, which is in the spring of 2020, the situation in the finan

cial world is further blurred and uncertain due to the global pandemic caused by the coronavirus 

COVID-19. The global GDP is predicted to be lower by 3% in 2020 by the International Mon

etary Fund, taking into account that all projections might be far from the final realistic product 

[63]. In any case, the virus pandemic is anticipated to cut the GDP of 170 world countries, even 
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though the pre-outbreak situation in the beginning of 2020 was to improve GDP per capita in 

160 world countries. As of now, major economies are unleashing trillions of dollars and central 

bank easing. On the Figure below, the world growth in GDP per capita and also a share of 

countries with negative per capita growth can be seen. It can be observed that both metrics 

have been quite stabilized since the last global financial crisis, but at the moment the jumps are 

even more pronounced (Figure 2.1).

Figure 2.1: World growth in GDP per capita and recessions

Source: International Monetary Fund (2020) [75]

The mentioned interest rates are strongly intertwined with the pandemic, as well as other 

main economic instruments, therefore they are having an impact on credit scores in the US and 

credit scoring in general. By the time this thesis was published, China was the only country 

that has recovered partially from the worst part of the pandemic. China's central bank has 

cut the interest rate of short-term funding in the end of March and in the middle of April has 

further injected medium-term funding into the financial system [64]. Interest rate on one-year 

medium-term funding (MLF) and corresponding cuts is to be seen on the following Figure 2.2:
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Figure 2.2: China: Medium-term lending facility interest rates

Source: Bloomberg (2020) [64]

To sum up the current financial state, a situation in the US is even more striking, considering 

the interest rates. Interest rates on short-term Treasury bills have turned negative already in the 

end of March. Since then, it went back up, however it still moves chiefly around zero. For that 

reason, both the corporate US, and the whole world at large, needs to get used to zero-to-negative 

rates, at least in the near future.

All previously mentioned is naturally connected to the credit scoring industry. A borrower 

with a high credit score has a chance of achieving a lower interest rate, saving his or her money 

over the course of the loan, as loan payments consist of a principal and a corresponding interest. 

The creditworthiness is used as a key deciding element when setting the interest rate, thus its 

modelling is considered to be highly valuable.

2.2 Credit scoring modelling

Credit scoring modelling is nowadays an important practice due to many different reasons. 

Firstly, financial companies rely on insights collected from customers' data in order to make 

a right decision, often directly linked to the prosperity of the company. Secondly, also strategic 

decisions of banks and other institutions quite frequently directly unfold from outcomes of credit 

scoring models. In other words, their business strategy is connected, among other factors, to the 

factor of credit risk. And the main goal of banks and other financial institutions is to maintain 

an optimal level of that credit risk.

However, although a low risk seems as the best possible scenario, when the level of risk 
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is too low, it can be limiting in many way, some of them already mentioned. As there is a 

negative relationship between risk and return, a low risk also results in a lower profit and as 

a consequence it limits the institutions from subsequent innovations, knowledge sharing, and it 

brings higher service charges as well. On the other hand, when the risk is too high, institutions 

face business difficulties which can eventually even end with bankruptcy. Not just because of 

that it is important to differentiate bankrupt from non-bankrupt institutions in time. That is 

usually performed based on their fundamental characteristics such as liquidity, size, leverage, 

profitability and measures of growth [45].

The outcomes of credit scoring models are also directly used to decide upon capital buffer, a 

required level of capital to be hold by financial institutions, and equity as banks need to be well 

capitalized otherwise they bring savings depositors into problems. Minimum equity that a bank 

holds is directly determined by credit scoring and other evaluation models. In order to implement 

these models, financial institutions are struggling with the problem of big data and analytics, 

where the data should have a sufficient quality level, as model errors and other common drawbacks 

affect profitability, solvency and also a shareholder value. Additionally, analytical models are 

becoming a subject of regulation and a bad debt is a growing social problem.

In a financial world defaulting loan is known as a non-performing loan (NPL). A loan becomes 

a NPL when the corresponding payments are either late, irregular or nonexistent. After the 2008 

financial crisis, share of NPLs in the European Union (EU) rose to 7% in 2012 - 2013 and did not 

drop significantly ever since. As of 2019, the share value is 6,2% in the Euro Area, i.e. among 

those member states of the EU that have adopted euro as their currency [62]. Compared to 

Japan and the United States, both having the NPL share of approximately 1%, the European 

NPL value is quite alarming. It it worth mentioning that European countries like Greece, Ireland, 

Cyprus and Italy who went through financial distress recently, have a significant participation 

on the resulting NPL share [59]. All these facts could be to a certain degree tackled by giving 

more information about lending facilitated by exact credit scoring models [46].

Taking the aforementioned into account, credit scoring is a crucial instrument in scores of 

areas, especially in the financial one. By collecting data about individuals, ranging from their 

family conditions to their financial capability, specialized institutions can improve the decision 
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making processes. They usually look for specific patterns in the data and use these patterns 

to predict what is going to happen and also why did it happen. The outcome of the credit 

scoring problem involves assigning each observation an appropriate category. It is often based on 

specificity of discriminant variables and on their individual weights later used in mathematical 

functions that can classify them and determine the final groups [45]. By doing that, they can 

correctly allocate the risk by using different levels of interest rates with different groups and by 

rejecting some loan applications completely. Usually, these predictions are made based on the 

historical data in connection with real time data. By combining two different timelines, it can 

increase a predictive power of the model. Moreover, thanks to the improvements in the nowadays 

technology and science, collecting data and evaluating them takes less effort even though the 

practices are becoming more and more challenging in a way that they are very complex and 

often difficult to grasp. Several machine learning algorithms are commonly referred to as a 

black-box methods, which is described in more detail later in this thesis. These developments 

promote permanent changes, but are also source of financial credit risks, particularly in internet 

finance which is a rising business type including big data, mobile banking or cloud operations 

[47].

Today, both established systems and statistical models are both present in order to explain 

the creditworthiness of individuals. Each approach has its intrinsic limitations and is up to every 

institution to decide on the most appropriate method taking into account its capabilities. For 

instance, the American FICO score created by the Fair Isaac Corporation is used to determine 

the credit risk and to decide whether to continue in the loan procedure or not. The FICO 

score considers five main areas throughout the evaluation, specifically length of credit history, 

payment history, types of credit used, current level of indebtedness and new credit accounts 

[60]. The baseline of the majority of statistical approaches is usually very alike, as the FICO- 

score characteristics are carefully chosen to evaluate the individuals solvency as cautiously as 

possible. In recent decades, machine learning approach aims to automate the decision making 

process, while being able to apply it on large data sets using high performance technologies. 

These properties aim to make the machine learning a suitable substitute for traditional statistical 

mechanisms as will be mentioned later in the thesis, both in theory and also by directly assembling
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several models.

2.3 Credit scoring techniques

The practice of credit scoring and its modelling has been present for decades and yet the common 

approach is still to use statistical methods when building credit scoring models, as many financial 

institutions tend to prefer it. Among the most used industry-standard methods belong the 

Logistic regression (LR) and Linear discriminant analysis (LDA), both being generally considered 

to be classification methods based on linear algorithms. Typically a threshold on the probability 

of default is set in these models and whoever value falls below the threshold is rejected for the loan 

application. Therefore, whether a borrower will default or not is not predicted straight away, 

but a probability estimate is determined instead. In the LDA approach the total probability 

of a wrong classification is minimized. The comprehensibility of LR and LDA is their widely 

mentioned advantage. A very clear value determining the probability of default without the need 

for complex adjustments is achieved. When comparing several methods in one complex study it 

nearly never happens that all of them are performing better than the logistic regression. On the 

other hand, measuring the effectiveness of existing model's rules is generally very expensive. In 

these traditional models, all set rules are working together, hence it is difficult to isolate them 

and to examine their effectivity rule by rule. Adding a rule that looks reasonable on its own can 

affect other already incorporated rules and can end up by giving a bad result.

The field of combining several individual models is recently also gaining traction, usually 

each model already has some predictive power on its own, therefore their combination might 

achieve a forecasting result more accurately and with a better stability. These models are called 

Ensemble methods (EM) or an ensemble classification. Basically it evolves from the fact 

that a single classification can not solve problems most effectively. The ensemble classification 

normally involves generating base classifiers in the first step, and their combination in the second 

step. The base classifiers are usually generated by varying the training data, the parameters of 

specific classifier or the algorithms [48]. In the study by Hsieh and Hung (2010) [48], they first 

examine the concept of data preprocessing into more comparable clusters and after that they 

fit the ensemble classifier. Hsieh and Hung state that this class-wise classification works better 
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than a direct ensemble of classifiers and avoids misclassification patterns at the same time. To 

reach the best possible outcome, the individual classifiers included in the ensemble should be as 

distinct from each other as possible.

The artificial intelligence (AI) is often called a field of thinking machines. The English 

Oxford Living Dictionary defines the AI as: The theory and development of computer systems 

able to perform tasks normally requiring human intelligence, such as visual perception, speech 

recognition, decision-making, and translation between languages [49]. The AI demonstrates the 

fact that it could effectively execute the data shift without need of experts on specific databases. 

Traditional credit scoring models are basically either a rule-based system or an expert system. 

By using his or her know-how a database expert invents a system and unfolding rules to automate 

a process of decision making. The problem is that data change faster than they can keep track 

with the established rules. Not only data shifts, but also market variances are another hurdles 

that come in place when talking about traditional statistical methods. Their given rules are too 

precisely chosen to determine each rule's separate contribution and also their mutual correlation. 

Last but not least, in view of traditional models being too simplistic and by using only the most 

important input variables, it is challenging to determine the hidden pattern in the data. For 

this reason, it is nearly impossible to identify which rule can be conducive to success and which 

to failure as experts are cautious when thinking about modifying the rules. All in all, volume, 

velocity, complexity and variety of the data make traditional methods old-fashioned from the 

artificial intelligence point of view.

A human-based AI credit model is a mathematical model constituted on the basis of the 

historical data. It sets a border between a human-based and a machine-based model. A machine 

evaluates the data on its own and comes up with the rules. Human bases the rules on either 

data, experience or other valuable facts. Subsequently, he or she comes up with the rules. When 

considering this human approach, there is always going to be a human bias. However, this 

method does not always have to be disadvantageous. Next to the setups with human inclusion, 

machine learning is a scalable and a self-learning model. By building the model it should be 

easy to maintain it and to continuously learn from the newly acquired data. When a machine 

learning model gets more data it usually makes it more powerful. Contrarily, a traditional model 
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would need to be rebuild or a completely new model would be built instead. Moreover, a good 

machine-learning model could detect a hidden pattern in the data, even when the pattern is 

non-linear, hence a kind of relationship between two entities where a change in one entity does 

not cause a constant change in the other one. Above that, a human database expert can make 

wrong judgements, he or she can never be infallible and is usually not able to break away from 

the past and from being counter-intuitive. Despite all that, past experience and a human point 

of view can still be a good thing and can definitely add a value to a model.

The AI models are therefore considered to be potentially effective in decision making processes 

taking place in financial companies. By using outdated models, many borrowers can be ignored 

when a company uses a strict cut-off, even if his or her score is right below the threshold. The 

same goes for borrowers who were below the threshold in the past and remain unwanted even if 

their score gets considerably better. But only just these borrowers could create financial potential 

both for the company and for investors seeking a higher risk and return. Thus, by using the 

AI technologies, companies are able to use and collect larger quantity of data, such as digital 

footprint or activity on social platforms. At the same time, they need to learn to operate also 

in times of structural shocks, not only with a stationary environment. Thus, it can be seen that 

although a technology progress is moving day by day, it is still uncertain to what extent a person 

should interfere with modelling, and this uncertainty is likely to persist for some time to come.

3 Machine learning

There is an undeniable impact of machine learning methods across a variety of industries. In 

contrary to statistics focusing on the ability to interpret the relationship between model vari

ables and to evaluate their contribution, machine learning is deemed to be able to make a true 

prediction in all its significance. Machine learning (ML) is seen as a core technique of AI. The 

ML principle is comprehensibly described by Mitchell (1997) as [65]:”A computer program is said 

to learn from experience E with respect to some class of tasks T and performance measure P, 

if its performance a tasks in T, as measured by P, improves with experience E”. For instance, 

in the spam-detection example, task T is to flag spam for new emails, E experience is the data 
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training and P Performance is the one to be defined, whereas it can be a particular cutoff, for 

example a ratio of correctly flagged emails. The performance P is in the classification problems 

usually called accuracy. In an alternative definition by Samuel (1959) [73] :”Machine Learning is 

the field of study that gives computers the ability to learn without being explicitly programmed”. 

Both definitions acknowledge words computer and learn. It is not a coincidence, as these are 

also a core and the most important words when talking about the ML.

Machine learning algorithm involves learning from data, however it still lacks additional 

requirements and techniques commonly used in other AI techniques, for instance logic rules or 

hard coding. Another difference between AI and its subset ML is the presence of manual data 

identification, data testing and human interpretation, and future use of data outcomes. All in 

all, a certain level of human intervention is in practice still needed when using ML techniques. 

Nevertheless, machine learning is picking up a stream already for some time and belongs among 

the most important advances in applied mathematics. The usual procedure of the machine 

learning practice is to look for similar patterns across observations to classify them and to identify 

features that differentiate them from the others. A process of digging into huge amounts of data 

to explore the hidden patterns by applying ML techniques is in general called data mining. Next 

to the implications for classification problems, machine learning studies are also present in other 

research fields, including medicine, engineering and computing [45].

Machine learning is roughly divided into two main categories, namely unsupervised and 

supervised machine learning. There is also semi-supervised machine learning between these two 

categories. Today, the majority of machine learning studies falls into supervised category as a 

wide range of supervised ML algorithms was successfully implemented into credit scoring area. 

Integration of unsupervised learning is still remaining doubtful even though it is also applied in 

credit risk assessment. The main difference between the two categories is whether the examples 

in a learning algorithm are labeled or not [50]. The supervised machine learning is applied 

to labeled examples, whereas examples in unsupervised learning are not labeled. Regression 

ML differs from traditional regression in that it uses regression techniques that allow for a large 

number of variables to be used as independent variables and then automatically discarded if they 

lack explanatory power. It also reduces the extent of theorizing needed to determine suitable 
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independent variables.

Deep learning and neural networks are viewed as being at the forefront of the ML techniques 

and are often classified separately to the ML techniques already described. There are many 

different types of ML systems which can be divided into several broad categories. Whether they 

can learn on fly is distinguished by online versus batch learning. In a batch (also called offline) 

learning, the process is not incremental, thus it is trained on all accessible data. An online 

learning encompasses of an incremental training of data, which means that more and more data 

observations are embodied sequentially. Whether they compare known data to the new data 

or whether it is needed to find unexplored pattern is distinguished by instance-based versus 

model-based learning. A model-based algorithm refines parameters in order to fit the model for 

training data and to be able to correctly predict even new datasets. On the other hand, an 

instance-based algorithm learns all examples and then generalize them to new instances by using 

their similarities. Still, it depends on the presence or absence of the human supervision amidst 

the most widely used and known recognition. Therefore, the main focus of this thesis is on a 

supervised, unsupervised, semi-supervised, or sometimes also mentioned reinforcement learning.

3.1 Supervised learning

A classification problem is frequently called supervised learning because of its functioning under 

supervision. In supervised learning, input data designed for testing are present in order to 

determine the output. This kind of approach is known among traditional statistics methods 

where independent variables are tested to resolve the relationship they have with a dependent 

variable. A necessary component in compiling the algorithm is the training data including so 

called labels that represent desired solutions. In supervised learning, a training set T is formed 

by associating training examples x with targets or labels y, therefore the training set can be 

written as T = [(xi , yi )]iN=1 , where N depicts the total number of training examples. A single 

example can be represented as a multidimensional vector xi = (x11 , ..., x1T ), where T is a number 

of dimensions and xij is an individual feature of the specific example. To put it in the context 

of this thesis, the vector x collects information about a customer applying for a loan (credit 

history, income, age, sex and others). Target y literally represents TARGET in our dataset 
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(more detailed in Section 5.2), therefore consists of only one dimension: 1 if he or she repays the 

loan and 0 if not.

As there are only two potential values, resultant tasks are narrowed. One of the major tasks 

of supervised learning is classification. In the case of binary classification and one dimensional 

y, y G {1,2}. It is a classification problem, where we want to learn a function f that gives us 

a probability distribution over all classes. In other classification problems, a function f assigns 

inputs x to described categories. As was already mentioned, this category contains a lot of 

already known algorithms. Among them are Support vector machines (SVM), decision trees 

(DT), random forest (RF), or artificial neural network (ANN). These algorithms are usually 

used in order to capture the relationship between credit risk default and customer characteristics 

and further predict default in a standard binary format. Models of this kind often prove to be 

quite accurate.

The other possible task is Regression, where the aim is to predict the output y given inputs 

x. As y G R, a specific input x is assigned to the output y which represents a real value. Usually, 

in a regression task, the aim is to predict a numeric target, given a set of features. It should 

be noted that both classification and regression tasks can be interchanged (one can be used in 

a task where the common approach is to use the other one). For instance, even if the logistic 

regression, as the name suggests, completes primarily regression tasks, it is also often used in 

classification tasks. That is because of the probabilities of being in a particular class, which is 

commonly stated as the output.

3.1.1 Support vector machines

Support vector machines is a very adaptable and powerful algorithm which was derived and 

proved by Vapnik in 1979. Several papers have been published recently, assessing the performance 

and appropriateness of SVM for credit scoring. Baesens et al. (2003) [51] apply SVM, along 

with other classifiers to several data sets. As a result, Baesens et al. report that SVM perform 

well in comparison with other algorithms, but do not always give the best performance. Huang 

et al. (2004) [52] compare SVM with a specific type of neural network to predict corporate 

credit ratings but find inconsequential differences in performance. Lee (2007) [53] arrived to a 
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homogeneous outcome considering corporate loans. In another study, Huang et al. (2007) [54] 

came to a conclusion that SVM is similarly accurate as ANN, decision trees or genetic algorithms, 

and compared the relative importance of using features selected by GA and SVM along with ANN 

and genetic programming. However, they use data sets far smaller and with fewer features than 

would be used by a financial institution and do not compare the features selected by SVM alone, 

nor do they compare with methods used in practice such as LR.

SVM is a method that can be applied in all a regression, both nonlinear and linear classifica

tion tasks and is also useful when detecting outliers. The advantage of this method is that even 

a large number of variables does not make an obstacle for the optimization problem. The model 

is built by transforming a mathematical function to another function which is called kernel. The 

greatest distance between the most comparable, oppositely classified observations, is identified 

by the kernel function [45]. In other words, SVM are trained by finding a hyperplane linearly 

separating the data. SVM models thus often require the examined groups to be separable as the 

complete separability ensures SVM to build a model with 100% accuracy. The linear separability 

is often inflected in machine learning problems and thus it is very challenging and improbable to 

achieve that state in finance. In the case of non-separable data, data are commonly mapped into 

another Euclidean space, meaning that the linear separation is still performed, however later in 

a different space. Variables capturing financial phenomena are subject to volatility and therefore 

contain noise and are often biased. As the partial separability is a usual barrier of classification 

problems, the SVM method allows the inclusion of a margin of error.

It the linear-separability condition is met, a simple classifier can be created. When the data 

is linearly separable, there is an infinite number of so called hyperplanes. Hyperplane is a ”line” 

that separates dataset into specific classes as efficiently as possible in a sense of a generalized 

separator. The closest data points to the hyperplane are called support vectors (hence the name). 

We are interested in the distance between these vectors and the chosen hyperplane, where the 

distance is called margin. Unsurprisingly, these points are also the most difficult to classify. In 

result, we are looking for a hyperplane where the margin is maximized and by that makes the 

optimal hyperplane. The maximum will ensure that the classes are as far apart as possible. One 

of the best known technique in a classification task of SVM is the Maximal-Margin Classifier 

14



which is a hypothetical classifier requiring boundaries between classes to be linearly separable.

If the condition of linear separability is not fulfilled, a margin is allowed to make a small 

number of mistakes and a technique with relaxed requirements called a soft margin classifier is 

used instead. This non-separable scenario is more common in the real world as only rarely we 

have enough information about classes to properly separate them from each other. In this case, 

conditions can be relaxed by allowing SVM to make certain mistakes and keep the distance as 

far as possible at the same time, therefore points are allowed to be within the margin or on the 

other hyperplane side. The result should however still be that the majority of points remain to 

be correctly classified. In addition, if there is a classification problem that is inappropriate to 

be modelled by linear boundaries, we can map the original space to a new space by applying a 

specific function to every single observation in the training set. Kernel function should transform 

the input data into a required form based on a certain algorithm. A technique called a kernel 

trick can be used by SVM. It is used when the result of adding more polynomial features is the 

same when do not actually have to add them.

As mentioned, SVM separates binary classified data by a hyperplane such that the margin 

width between the hyperplane and the examples is maximized. Statistical learning theory shows 

that maximizing the margin width reduces the complexity of the model, consequently reducing 

the expected general risk of error. For problems where data is not separable by a hyperplane, 

typical of most real-world classification problems, a soft margin is used. In this case, training 

examples are allowed some slack to be on the wrong side of the margin. However, they accrue 

a penalty proportional to how far they are on the wrong side. The sum of the penalties is 

minimized whilst maximizing the margin width.

Both a separable and a non-separable scenario is depicted on the following figure (Figure 3.1). 

In the separable case on the left, decision boundary compounds a solid line. In the non-separable 

case (also called an overlap case) on the right part of the Figure, the sum ][2 £j represents a total 

distance of points labeled that are on the wrong side of their margin by amount = M(j 

(whereas points on the right side = 0) (Hastie et al. 2009 [71]).
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Figure 3.1: Separable and nonseparable SVM classifiers

Source: Hastie et al. (2009) [71]

The training data contains N pairs (x1, y1),..., (xN, yN), where xi eRp, y e {-1; 1}. Hyper

plane is defined in Equation below (3.1), where || fi ||= 1 is a unit vector and a classification rule 

of f (x) is G(x) = sign[xTfi + fi0]:

{x : f (x) = xTfi + fio = 0} (3.1)

In the case of non-separable input feature space, the option is to transform it into an extended 

space, as boundaries that are linear in an extended space might be originally non-linear in the 

input feature space. If a fitting function is applied to map the data into a higher-dimensional 

space, classes can be then separated by a linear hyperplane. The decision boundary can be 

calculated by using the SVM algorithm. To sum up, both linear and non-linear methods can 

be used with SVM, whereas linear cases do not need much intervention and non-linear cases do. 

However, they can be adjusted so that they are eventually also in a sense transformed into a 

linear case.

3.1.2 Artificial neural networks

Artificial neural networks (ANN or NN) became a hotspot in the financial industry just 

recently, however in some form they have been around since 1943 when they were introduced 

by McCulloch and Pitts. In their paper they presented a simplified model connecting an animal 

brain with complex computations. The artificial beauty of ANN lies in a fact that they are 

being compared to the human brain. It usually contains two stages. At first, a neural network 
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is learning how to put the in and out signals together. At second, a NN receives the input 

and based on the accumulated insights it generates the output. Learning ability of a neural 

network is one of the main advantages of this method in a sense that the relationship between 

the dependent and explanatory variables does not have to be linear and at all known before the 

building procedure [55].

Despite the limited number of assumptions, the NN still offers accurate outcomes when 

considering the probability of default. On the other hand, the NN has also several disadvantages 

where the most pronounced is a poor comprehensibility which means that it is demanding to see 

the internal relationship among input variables network (Martens et al. (2007) [56]). Another 

drawback is a computational complexity and also the overall design of a network in general. 

In order to overcome the aforementioned drawbacks, additional techniques were introduced, for 

instance an Extreme Learning Machine (ELM). The ELM eased some of the NN obstacles, 

however it did not get rid of the poor comprehensibility, as grasping the relationship between 

input variables is still very demanding.

Even though there already exists a wide range of NN types, they all share some common 

features. Each type of NN has a set of nodes which are interconnected, similarly to a human brain 

interconnected by neurons. The nodes represent a place where the computations are executed, 

thus their task is to receive and process input in order to obtain a final output. These phases 

represent common layers, to which belong an input layer, an output layer and also a few hidden 

layers. Each layer consists of neurons which quantity depends on the amount of predictors. The 

modelling task determines an amount of output neurons.

In credit scoring, a binary classification problem is the most common one. In this scenario 

there is usually only one output neuron and the number of neurons in hidden layers should 

be determined by the researcher. The parameters of a resulting NN model are the connection 

weights between the neurons of all different layers. One of the easiest ANN structure is called a 

Perceptron. Inputs and outputs are made up of numbers and every single input has a particular 

weight. A typical multilayer perceptron architecture is depicted in the following Figure (3.2):

17



Figure 3.2: Typical perceptron architecture

Source: Ahmed et al. (2017) [19]

A learning rule of perceptron is expressed in the following formula (Equation 3.2), where wnj 

is a weight between the nth input and jth output, xi is the input value, yj is the output of jth 

output, yj is the target output of jth output and finally y is the learning rate:

j step) = wnj + Y(yj - yj )xn (3.2)

The multilayer perceptron (MLP) depicted on the above Figure (3.2), also called feedforward 

Neural Networks, is probably the most used type of the NN family. The MLP is created by 

stacking more perceptrons together. The MLP consists of one input layer, several hidden layers 

and a final, output layer. All layers but the final one encompasses a bias neuron and is thoroughly 

connected to the next layer. A so called Deep neural network (DNN) arises when there are two or 

more hidden layers. The aim is to look for a function that maps a feature space to the output y. 

During the MLP model estimation, mentioned weights are at first randomly suggested and later 

iteratively adapted in order to minimize the function, for instance the sum of squared errors.

Neural networks work with the input data in a two-way process. After the input data are 

transformed into linear combinations constituting of distinct weights, they are processed by 

particular activation functions. These functions, also called transfer functions, are used to arrive 

to an output of node. The resulting values depend on the characteristics of the chosen function. 

By and large, these can be either linear or non-linear. In the case of a linear activation function, 

output is not generally restricted by any range and therefore not very practical. On the other 

hand, non-linear activation functions are far more used in the real-world problems, as models 

can better adapt to them. The most widely used is a logsigmoid (logistic) function, tansigmoid 
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function, Gaussian function, or for instance a step function.

To describe at least one other type out of many, Radial basis function networks (RBFN) are 

a type of three-layer feedforward neural networks. RBFN contain all input, hidden and output 

layers. In this case, an activation function in the hidden layer is called a radial basis function (for 

instance Gaussian function) and is centered on a point with the same dimensions as the predictor 

variables. It means that if we have e.g. ten predictor variables then each Gaussian function will 

be centered on a point which is ten-dimensional. Every unit in the input layer corresponds to 

one predictor variable in our data and the output layer has a weighted sum of outputs from the 

hidden layer to form network of the outputs. The basic idea is that a predicted target value 

of an item is likely to be about the same as other items that have close values of the predictor 

variables.

To summarize, the ANN algorithm is similar as the SVM in a sense of its ”black box” char

acteristic. The neuron mechanism and hidden layers form together a non-transparent procedure. 

However, despite its complex nature, their usage is nowadays somewhat usual. NN take in data, 

train themselves to recognize the patterns in this data and then predict the outputs for a new 

set of similar data. NN are made up of layers of neurons, which are the core processing units 

of the network. Most of the computations required by the network are performed in the hidden 

layers. A so called activation function determines if the particular neuron will get activated or 

not. If activated, it transmits data to the neurons of the next layer over the channels. Some of 

the prime applications of neural networks is facial recognition, forecasting, or also actions such 

as music composition.

3.1.3 Decision trees and Random forests

Decision trees (DT) use a model of decisions that reminds of a tree as the name suggests. The 

main goal of all credit scoring models is to separate a bad from a good loan and at the best case 

to get rid of the bad loans in the future at the highest possible rate. Just the same as the SVM 

algorithm, DT can perform both regression and classification problems.

Decision trees are known since 1980s and are widely used ever since (Frydman et al. [57]). 

The DT algorithm is very intuitive and easy to interpret. In general, these algorithms are often 
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called white-box models. It starts with a root node which is basically the whole set of bad and 

good loan applicants. Further from the root there are binary splits that aim to put mostly bad 

creditors on one side and mostly good creditors on the other side. The typical drawback of DT 

is their instability. Every wrong classification can cause a very different outcome. This obstacle 

is often overcome by growing a forest of decision trees.

Breiman (2001) [38] introduced so called Random forests as: random forests are a com

bination of tree predictors such that each tree depends on the values of a random vector sampled 

independently and with the same distribution for all trees in the forest. Whenever the number 

of trees is sufficient, this method basically allows trees to vote for the most popular class. In 

contrast to decision trees, Random forests also belong to the group of black-box models, therefore 

more complex but with a higher predictive power. However, researchers are usually unable to 

explain origin and a course of the predictions. Random forrest can also be took as an ensemble 

of a group of decision trees. As opposed to the basic decision trees, the RF algorithm brings an 

additional randomness. The advantage of RF is that there is no overfitting, as the use of mul

tiple trees reduces that risk. RF also dispose of a high accuracy, meaning that it produces highly 

accurate predictions for large datasets. Last but not least, random forests estimate missing data.

Classification and regression trees (CART) are based on sequential partitioning of the input 

data in order to find out the conditional distribution of the output variable y = (y1, ..., yn)T. 

Suppose that the set of features can be depicted by a matrix X = (x1,..., xp) where xj = 

(x1j,...,xnj)T and j e {1,...,p}. By correctly dividing the output y conditional on input x, in 

terms of homogeneity of ouput variable subgroups, CART can produce valuable results. Data at 

the node s can be represented by ys = (y1s, ..., yns) and Xs = (xs1, ..., xsp).

3.1.4 Adaptive and Gradient boosting

An Adaptive boosting method, also called AdaBoost, is among the most frequently used and easily 

grasped ML boosting methods. It represents a first stepping point across boosting methods. Its 

power lies in creating a strong learner from many individual weak learners. Its original focus was 

on binary classification. Commonly used algorithm with AdaBoost are a one-level decision trees, 

where these short decisions are usually called decision stumps. In an AdaBoost algorithm, a lot 
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of machine learning models are trained one by one by which the final model is created. Weights 

of the records get updated.

In general, machine learning techniques learn to minimize a loss function on a training set. 

The loss function measures how well the model coefficients fit the data, or represents a degree of 

error in the model. Hence the greater loss function has a higher probability of model miss. As 

our goal is to do a classification of credit defaults, the loss function would tell us how good the 

model can predict a bad loan. In other words, how well it manages the crucial classification.

The Gradient boosting (GB) method was developed by Friedman in 2001 [69] and belongs 

to a group of boosting forms. The name gradient comes from a step-by-step gradient reduction of 

the loss function performed in the preceding models. The process is sequential and additive and 

the aim is to minimize the loss function, therefore a sequential descent of the function seems as a 

right approach. Boosting converts weak learners into strong ones, thus every new tree represents 

a fit on a modified version of earlier data set. The analysis starts with the original data which 

are sent to the first model. From that first model, the loss between the targeted value and the 

predicted value is taken and any patterns in those errors are aimed to be found. The focus is 

thus on the areas where it is not performing well. A threshold where residuals are very close to 

zero, or the error rate is very low, is to be reached. Finally, models' predictions are added up. 

Friedman later also develops a so called gradient boosting decision tree (GBDT), where gradient 

boosting is combined with the regression tree to create a decision tree following a clear algorithm. 

Each tree among multiple decision trees gradients down by learning from n - 1 trees. The final 

result is achieved by aggregating all the trees.

A model based on a loss prediction function and a use of GBDT was introduced by Guelman 

(2012) [67]. It was determined for financial and insurance institutions. In the comparison to 

traditional methods, the Guelmans approach seemed to be suitable for these industries as it 

produced stronger classification results. Chen and Guestrin [70] further improved the GBDT ap

proach by normalizing the loss function, and hence making the algorithm more appropriate to the 

real-world usage in classification tasks. By the loss-function normalization, both model variances 

and complexities should be mitigated. Their method got name eXtreme gradient boosting tree 

(XGBoost). By comparison with Guelmans GBDT dealing just with a first derivative, XGboost 
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uses a Taylor expansion to further improve the loss function.

To sum up, in gradient boosting algorithm the first model is giving us prediction and rest 

of the models are predictions of errors. Initial prediction is then modified based on what we 

learned from these errors and all of these predictions are added up. The AdaBoost algorithm is 

a simplified basis form used mainly on binary classification problems.

3.2 Unsupervised learning

As opposed to supervised learning where the procedure is quite given, in unsupervised learning 

there are only input data in the beginning and the aim is to let the machine learn about the 

data structure on its own. As opposed to the setting of supervised learning, the set of unsuper

vised learning can be written as T = [(xi)]iN=1, therefore the examples xi are not labeled. The 

unsupervised machine learning contains k-means, hierarchical clustering, DBSCAN, Kohonens 

self-organizing maps (SOM) and isolation forest. Unsupervised algorithms are generally connec

ted to clustering algorithms. This approach consists of grouping similar objects together rather 

than predicting them directly. The main purpose is to improve the group similarity while trying 

to achieve the highest dissimilarity between any other cluster [58].

Unsupervised ML can be used to build consensus models and also to avoid the risk of over

fitting. The goal is to look for some pattern in a dataset, which can be challenging as we do not 

know what kind of pattern we should find. The clustering technique shares a similar features with 

SVM as both methods involve mapping characteristics on plane. Therefore the main difference 

is that SVM is trying to predict outcome whereas unsupervised clustering aims to create groups 

with similar patterns. The use of unsupervised learning is less used in a financial sector than 

the supervised learning. That is mainly due to the fact that we are usually looking for value 

predictions rather than finding a pattern in a data. A known example is the spam detection 

which is often based on clustering technique. Shortly, when an email shows features as another 

different email previously defined as spam then the probability of it being a spam too is quite 

high. The spam filter is also one of the first official ML applications that became mainstream in 

1990s.

Additionally, thanks to the clustering feature, the supervised and unsupervised algorithms 
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are often used together, in a sense that unsupervised approach represents a complement to the 

supervised approach. By combining unsupervised and supervised learning, we can use unsuper

vised learning in the beginning through the explanatory data analysis. For instance, a divisive 

hierarchical k-means algorithm holds the training set as a group that will be later divided into 

subgroups, still in the training phase. Unsupervised algorithms can be further divided into an

other two categories, particularly partitional and hierarchical clustering algorithms. Partitional 

clustering is being widely used in many business problems. K-means and expectation maximiz

ation algorithms belong to this category. On the other hand, hierarchical clustering constructs 

a hierarchy of clusters by using agglomeration algorithm. It is a bottom-up algorithm primarily 

treating each object as a single cluster and then step by step merge similar clusters until all 

clusters are successfully merged into one cluster containing all objects.

3.3 Semisupervised and Reinforcement learning

Semisupervised learning takes a middle ground between supervised and unsupervised learning. It 

uses a combination of supervised and unsupervised learning techniques as there is a combination 

of both labeled and unlabeled data. Labeled data are easy to use however difficult to get. On 

the other hand, unlabeled data is often plentiful and more complicated to work with after.

As compared to previously mentioned, reinforcement learning is very different. A learning 

method, called an agent, observes environment and correspondingly selects and performs appro

priate actions, for which it gets rewarded. The better the strategy or policy is, the larger is the 

reward. In other words, a chosen policy defines agents particular actions in a given situation. 

For instance, often robots learn how to walk by using reinforcement learning algorithms.

3.4 Ensemble methods

Among the ways to improve the overall performance is to combine the models that already 

performed well on their own. The ensemble is meant to have a better performance than the best 

single model and is suitable if the error types are very different across the individual models. 

In 2004 book The Wisdom of Crowds by J. Surowiecki, the concept of wisdom of crowds was 

popularized showing that larger groups of people as a whole are collectively smarter than expert 
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individuals. Surowiecki popularized the concept, however its first thought reaches back to a 

collective-judgement theory introduced by Aristotle.

Based on the historical thoughts and a general knowledge, the ensemble method lies in a 

process of aggregating individual predictors into a group of predictors in order to get better final 

predictions. One of the well known ensemble is an ensemble of decision trees forming a random 

forrest. A group of DT classifiers can be trained on each different random subset of the training 

set. After getting all individual predictions, the class with most votes constitutes the final 

prediction. Not only decision trees can be combined. If several different classifiers achieved at 

least some percentage of accuracy, even techniques like LR, SVM and others might be combined 

to achieve the best possible classifier in the end. That is the one with most received votes. All 

in all, even if each individual classifier performs only moderately better than random guess, the 

ensemble can still reach higher accuracy. This works at best when classifiers are independent of 

each other, achieving a different types of errors.

Ensemble methods are usually used at the end of the analysis, once a several well-performing 

predictors are built. Among the most popular ensemble methods belongs boosting, bagging and 

stacking. In bagging, a same training algorithm is used for each predictor, which is further trained 

on different randomly chosen subsets of the training data. A so called bootstrap aggregating, 

or bagging, occurs when the sampling practice is performed with replacement. In other words, 

it is allowed to sample more times with the same predictor. A hypothesis boosting, or simply 

boosting, represents a method when a group of weak individuals collectively create a strong 

group. It refers to a practice when predictors are trained back-to-back with a goal of being 

better than the preceding predictors. The most popular methods belonging to the boosting 

group is Adaptive boosting (AdaBoost) and General boosting.

Next to the boosting and bagging, another popular ensemble method is stacked generaliza

tion, also called stacking. This method does not use trivial functions in order to aggregate all 

predictions, but aims to train the model to perform the aggregation on its own. Therefore, each 

predictor gives a different value. These are then took by the final predictor, called blender, as 

inputs and processed in a way that it outputs the final prediction. Blender needs to be trained 

for the results to be as accurate as possible.
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3.5 Model testing and Model valuation

The machine learning task should not be finished by solely presenting results of the model. A 

resulting model needs to be tested on new or at least on a different part of data in order to find 

out if the generalization was successful. The most common approach is to split the dataset right 

in the beginning into a training set and a test set by a predetermined ratio. All initial work is 

done on the training set and then consequently tested on the test set. As we are interested in how 

well the model is generalized, the error rate appearing on different cases is called a generalization 

error, estimated when evaluating model on the test set.

Sometimes also validation set is used to achieve the best model performance. This set is held 

back from the training process too, however it should give an unbiased estimate of the final model 

strength, when deciding between multiple models. It is not necessary to choose the validation 

set directly from the training set and lose its valuable potency. A common method is to do a so 

called cross-validation, in which the training set is split into subsets and when selecting the best 

model, each one is trained on a non-identical subset combination and validated on the remaining. 

After the best model is chosen, it is trained on the full training set and the generalized error is 

further measured on the test set.

3.6 Machine learning obstacles

The best results in machine learning algorithms are usually achieved when the right technique 

is used correctly on a convenient dataset. It follows that two main problems can arise: either 

wrong algorithm, or an inconvenient dataset.

3.6.1 Inappropriate data

For Machine learning algorithms to work properly, it usually takes something in return. One 

of the leading requirements is usually a large enough dataset. Even very simple problem needs 

a huge amount of examples, therefore more complicated problems require millions of examples. 

The dataset magnitude has been proving to be important when analyzing data. As Microsoft 

researchers Banko and Brill (2001) [74] stated in their paper:”these results suggest that we may 

want to reconsider the trade-off between spending time and money on algorithm development 
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versus spending it on corpus development.” They showed that even very distinct ML algorithms 

showed a similar performance if they were given large amount of data.

Next to the insufficiently large dataset, another data shortcoming can be its unrepresentat

iveness. For instance, this is a case where presumably significant observations are missing in the 

dataset. If the incomplete dataset was used, the results would be most probably inaccurate or 

biased. If the sampling method is defective, even a large dataset does not have to be repres

entative, which is called a sampling bias. On the other hand, a sampling noise arises when the 

dataset is too small.

Even a large dataset without missing observations can be an obstacle if it contains outliers, 

noise, or errors. In that case, it is difficult for a computer to detect a correct pattern, when the 

data itself is incorrect. That is why cleaning the data when preparing them for a core analysis 

is a crucial part of every research. Among other considered barriers is when there are too many 

variable features. If these are all relevant, it is not an obstacle. However, if they contain irrelevant 

features, systemic learning will be complicated or even impossible. Thus a correctly chosen set 

of features represents a crucial part of the ML project. This part is collectively called as feature 

engineering and includes feature selection, extraction and feature creation.

A dimensionality might also make the data analysis much more challenging. It represents a 

fact when there are too many features for individual training instances. If there are too many, 

analysis can get very slow and burdensome to draw a conclusion. Still, this can usually be easily 

prevented by manually reducing immaterial features. A known algorithm for dimensionality 

reduction is called Principal component analysis (PCA), where the closest hyperplane to data is 

identified and further projected onto it. Another established method is Forward selection where 

the selection occurs sequentially, variable by variable. In the beginning, the set of input variables 

is empty and each potential input variable is examined. By using a one-by-one principle, n models 

are assessed after the first exploitation round. Whatever variable has the best performance is 

put into the temporary model. The next step is to evaluate n- 1 models, that are now composed 

of two input variables (the previously chosen variable and a randomly chosen variable from the 

set of n - 1 remaining variables), in order to again choose the best performing one. The same 

procedure is applied for any length of time depending on the analyst. Often it ends at a certain 
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number of variables or at a specified value of any performance measure.

On the contrary, in Backward selection the initial set is composed of all potential input 

variables and in each step, similarly to the previous method, the most prominent variable is 

chosen. In this case, it is an input variable with the worst performance and it is excluded from 

the set. As in the previous case, the procedure is repeated until no exact stop rule. To sum 

up, PCA is used mainly in unsupervised learning where the aim is not to predict but rather 

identify related groups. Forward and backward selection are used in supervised learning where it 

determines input variables relating the best with the output variable in order to make predictions 

using given inputs.

3.6.2 Inappropriate algorithms

One of the trickiest machine learning deficiencies is overfitting the training data. In the real 

world, this represents a scenario when we evaluate the whole on the basis of one experience 

or only a few experiences, and therefore the result can be misleading. In the sense of ML, it 

means that generalizing from the training data to yet unseen data is not done correctly, even 

if it performs well on training data. Overfitting problem occurs when the amount and noise in 

training data is too large. It can be avoided by either gathering more data, simplify the complex 

model, or diminish noise in training data.

The opposite of overfitting is underfitting, arising when the model is too simple to find the 

underlying data pattern. The other way round, reality might be too complex to be depicted 

by a plain model. Once again, this can be overcome by choosing more parameters and by that 

increase model strength, or perform a high level feature engineering.

To sum up, there are a lot of requirements that can significantly improve the algorithm per

formance. Also, if these are not fulfilled, it may lead to the results being completely unusable. 

This is when the training set is not comprehensive, or when it contains data that are unrepresent

ative, polluted, or noisy. In addition, it is not useful to employ either too complex (overfitting), 

or too simple (underfitting) model.
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4 Literature review

The credit scoring industry is very vivid and serves as a useful illustration of how new technologies 

influence traditional techniques, both in a good way and in a bad way. It is driven by the fact 

that financial institutions and other concerned companies want to diminish the credit risk of 

their customers which is strongly correlated with the overall risk of the institution. Reliable 

evaluation models built to measure the credit risk play an important role in loss control and 

revenue maximization (Chen [1], Luo and Kong [3]). To achieve the best possible model reliability, 

many recent studies are rather devoted to an implementation of the new potential methods 

than again and again testing the traditional ones. Due to the still rising attention to credit 

scoring industry, new useful techniques known as credit scoring models are being introduced, 

resulting in a wide range of options to be used and there is no ending to that. Not only usual 

statistical methods, but also nonparametric statistical methods and approaches using artificial 

intelligence have been introduced in order to support the decision-making process (Thomas [4]). 

Aforementioned approach of assigning either good or bad label to the customer or in other 

words, credit scoring problem is in essence in the scope of broad classification and discrimination 

problems (Dillion and Goldstein [4], Morrison [6]).

This chapter aims to summarize the main academic papers mapping the credit scoring in

dustry, their findings and outcomes, focusing on the industry history and mainly paying attention 

to innovative papers discovering both traditional and mainly new conceivable methods. The em

phasis is put on methods used in the practical part of this thesis.

4.1 Two-purpose direction by Durand

It is worthy to mention that the nature of credit risk and linked credit scoring problems is already 

present for centuries in the human population. The first mentions of the modern credit scoring 

is however connected with the paper of Durand (1941) [8] where he presents the main ideas of 

credit analysis and the need of the credit investigation in order to define the risk properly and 

distinguish between the applicants who are likely to repay and who rather likely to default, based 

on their characteristics, reputation, financial condition and other character traits. It is also one 
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of the first academic studies using a statistical approach which has not been used to any great 

extent before the publication of this paper. In a way, Durand determined the direction of many 

papers written after that by introducing two main purposes of his study. This recognition also 

serves as a benchmark for following paragraphs.

Firstly, the significance analysis of credit factors generally treated as the critical ones, their 

interconnection with a bad-loan windup and the ability of using them to predict the future, was 

investigated. It can be executed on the specific-market level, on the global level or theoretically. 

Zhang et al. (2017)[10] used data from the largest Chinese peer-to-peer platform to examine 

which characteristics are crucial in determining whether a loan will be funded or not. According 

to his findings, significant factors were repayment period, annual interest rate, credit grade, 

description, failed loan number, successful loan number, gender, and a credit score. Next to the 

general information about loan applicants and a loan itself, demographic and macroeconomic 

information is also usually collected. Li et al. [8] examined the Chinese market as well, using 

customers' credit card in order to explore which factors have an influence on default. Li et al. 

included the demographic characteristics, customers' behavior data, macroeconomic environment 

data and customers' social capital data. Therefore, all diversity, independence and social factors 

were employed. Using proportional hazards model, their study proved that defaults are not 

related to the amount of individuals' income, however strongly related to the work and life 

stability. Another paper by Lin et al. (2017) [12] used a credit risk evaluation model to analyze 

borrowers' demographic characteristics. According to their discoveries, significant variables were 

gender, age, marital status, educational level, working years, company size, monthly payment, 

loan amount, debt to income ratio and delinquency history. Moreover, Lin et al. claimed that 

the inclusion of personal characteristics improves the overall model quality.

To go back to the Durand twofold purpose study, in the second stage there were experiments 

focusing on the use of statistical methods which could solve the problem of credit risk selection. 

A review of statistical classification methods in credit scoring is very popular throughout an 

academic sphere. Authors Abdou and Pointon (2011) [13] made a summary of many different 

methods that are regularly used for the credit scoring purpose. They made a review of 214 

papers focusing on application of individual credit scoring methods and comparison of their 
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results. Besides that, they proposed evaluation criteria for further models' assessments.

Predictions of binary outcomes is still being dominated by the logistic regression model 

(Wiginton [14]) and yet considered as the most appropriate technique (Lee et al. [15]). The LDA 

approach (Altman [16]) is also used and more to that, Harrell and Lee [17] found that the logistic 

regression is the same as the LDA when focusing on efficiency. These traditional methods are 

primarily used for their straightforward interpretability and a simple implementation, however 

building a credit scoring model involves many problems, namely model identification or the 

difficulty of variable selection. Basic variable selection is described by Derksen and Keselman 

(1992)[18]. Peng et al. (2005)[20] introduced a refined variable selection exploiting variable 

relevancy and redundancy.

4.2 Machine learning

Desai et al.[21] investigated the power of particular machine learning methods in comparison to 

traditional methods and supported the fact that traditional techniques can be well compared to 

the new ones. West [22] made a comparison of five neural networks' models with traditional meth

ods. He found out that LR is a good alternative but that neural networks can still improve the 

credit scoring accuracy. Baesens et al. [23] performed a comparison involving discriminant ana

lysis, logistic regression, logic programming, support vector machines, neural networks, Bayesian 

networks, decision trees and k-nearest neighbor. Similarly to West, the authors concluded that 

many classification-techniques performances are comparable with each other.

Chorn-yong et al. (2) devoted their work to genetic programming (GP) used to build a credit 

scoring models and compared them to other techniques. In sorption with Desai, authors of this 

paper concluded that GP can provide a better outcome than other evaluated methods. One of the 

faced obstacles when using more challenging techniques is that it can perform rather poorly when 

is is being used on irrelevant or small data sets (Catillo [24]). Poor predictive performance notable 

on large data sets with many feature dimensions limit their use as even a slight improvement 

usually presents a rising profit of financial institutions (Abellan and Castellano [25]).

The main advantage of neural networks is the powerful ability to classify a group of poor 

loans which is considered to be the most challenging task. As new technologies evolve, artificial 

30



intelligence methods, namely neural networks, proved to have a better scoring capability than 

both LDA and LR (Desai et al. [26], Jensen [27], Piramuthu [28]). On the other hand, one of 

the AI drawbacks is a long training process when designing the optimal network (Chung and 

Gray [29]). In 2014, Tsai et al. [30] focused on four machine learning algorithms to find out 

which one is the best when predicting default. Authors came to a conclusion that the modified 

logistic regression is the best for a prediction, when compared to Random Forest, Naive Bayes 

or Support Vector Machines (SVM).

On the contrary, Malekipirbazari and Aksakalli (2015) [32] proposed the Random Forest 

method as the best one to predict borrower's status. In 2017, Wang et al. [33] proposed a 

novel behavioral scoring model to predict the dynamic probability of default. Model of this 

nature aims to predict the probability of default. Also, when the default is true, it tells when 

it is going to happen. West [22] put emphasis of his work mainly on specific neural network 

models by testing them and again comparing them to traditional methods. According to him 

the logistic regression was the most appropriate method across traditional approaches and that 

both the mixture-of-experts and radial basis function models should be considered for credit 

scoring applications across neural network models. More specifically, he suggested that neural 

network models can improve credit scoring accuracy ranging from 0.5 up to 3%.

Support Vector Machines are gaining a lot of attention as well. Cortes and Vapnik (1995) [34] 

were the first ones to describe the SVM credit scoring method. Elizondo (2006) [35] then followed 

Cortes and Vapnik in introducing the topic in general. For instance Souza (2010) [36] described 

the mathematical foundation of SVM, however published papers are usually less descriptive in 

this sense.

Regression and classification trees are quite simple to grasp which is the reason why there is 

not much theory needed when explaining this topic. The foundation of regression and classifica

tion trees was performed in 1984 in a paper by Leo Braiman who proposed the random sampling 

to train classifiers as a concept of bagging [37]. The extension to Random Forests was introduced 

by the same author in 2001 [38]. The Random Forest properties were further described by e.g. 

Biau et al. (2008) [39]. Another technique, called a boosting technique, was later introduced 

by Freund and Schapire (1996) [66]. These two techniques differ in a sampling process, where 
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boosting assigns weight to each observation and after the classifier training it further changes 

the weight. When the observation is classified wrongly, its weight is increased and vice versa. 

Observations with modified weights are then used for testing the next classifier. Friedman (2001) 

introduced the Gradient boosting method (GB). The GB method is based on gradient reduction 

of a loss function presented in the preceding models.

Xiao-Lin and Zhong [40] introduced an ensemble learning model and focused on change from 

static to dynamic behavioral scoring. On the other hand, even if ensemble learning has generally 

a better classification ability and more accurate predictions, they suggest the challenges of more 

complex models. The complex ensemble models are also competed by more challenging models in 

their nature. Lee at al. [41] introduced a discriminant neural model, Hoffman et al. [42] focused 

on a boosted genetic fuzzy model, Gestel et al. [43] examined a SVM model within Bayesian 

evidence framework and Hsieh and Hung [44] performed a combination ofneural network, support 

vector machine and Bayesian networks methods.

In conclusion, the leading classification methods in credit scoring are neural networks, sup

port vector machines, logistic regression, FUZZY, DA, BN, GP, hybrid and combined ensemble 

methods. As shown, academic papers usually take traditional methods as a baseline and contrast 

it with the predictive power of newly proposed approaches.
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5 Data

It is still demanding to acquire a sufficient dataset that would have a high explanatory power, 

large enough default ratio, reasonable explanatory variables and other advantageous properties 

determining the data quality appropriate for a credit scoring modelling. Even though the world 

is currently in a big-data period where global leaders are beginning to dominate the world by 

”just” owning the data, they are still in their hands and they usually have no reason to share 

them with public since the customers' credit data is confidential. Due to the fact that provided 

services by these leaders are usually for free in a money sense, people pay much more in the 

sense of privacy and their digital footprint. Because of this existing trade off it is not easy to 

acquire data as they represent one of the most fragile asset of the involved financial institutions. 

For instance, in banks this data asset can constitute an important part of a business strategy 

determining the future direction and prosperity of the institution.

On the other hand, even when there is still an option to acquire data from established finan

cial institutions, researchers permanently face data inaccuracies and incompleteness. The data 

incompleteness is one of the most common problems when evaluating the dataset. Incomplete

ness in general means that some observations are blank by cause of uncollectible data, altering 

collecting systems or unfilled optional items [50]. Nevertheless, if there is enough data and these 

operations are not harmful to the final results, obstacles can be usually overcome by several 

simple steps.

At all events, if the data collection will not be in the future somehow subtly regulated or 

remade to be more challenging and costly, the credit scoring models are expected to be improved 

fundamentally. It is also due to the fact that a data footprint that each of us leave behind will 

be undoubtedly used by many financial institutions and corporate firms. By having more data, 

and in general more reliable data, it will be easier to just rely on well-trained models.

5.1 Data background

Home Credit company was found in 1997 and as of today is part of the global fintech group, 

one of the largest in its industry. Home Credit not only helps people make installment purchases 

33



directly in stores and on the internet, but also offers cash and car loans, consolidation of existing 

loans or credit cards. The Home Credit Group is also behind a number of other brands that are 

shifting and changing the market, for instance Air Bank or Zonky.

5.2 Data used

In general, when borrower comes to a financial institution, one of the prices he or she pays is 

his or her personal data. These data are usually further merged with historically acquired data, 

both from the current home institution and from other previously visited institutions or credit 

bureaus. In order to demonstrate a potential use of artificial intelligence in finance, including its 

machine learning subset, and the comparison of these advanced methods to routine approaches, 

unique models will be built based on carefully chosen subsets from available dataset. If models 

are assembled correctly, their outcome can constitute a tool to decide whether a loan should be 

approved, or for instance models can predict corresponding potential earnings of a company.

The objective of this section is to analyze the dataset properly in order to perform the first 

step of data preparation, explore the main variables, and also present their mutual correlations 

to a reader. This will be performed on two levels, informational level and a visual level. For the 

purpose of this thesis a unique and comprehensive dataset provided by Home Credit has been 

used. It is a huge dataset offering many potential variables, however not all of them are suitable 

for the presented analysis, therefore a thorough preliminary treatments were made. The dataset 

comprises of 7 tables in total, whereas the main table is called ”Application”. Application table 

is further broken into a Train file and a Test file. The train file is the sole table including the 

target variable that we want to predict, therefore it is also a focus point of this thesis.

Tables named Bureau and Bureau_balance contain clients' previous credits, monthly balances 

of previous credits and other information that was provided by other financial institutions than 

Home Credit, or were reported to a Credit Bureau. For the purpose of our analysis, only specific 

variables from the Bureau table will be used and will be described in more detail below in the 

text. Tables Installments_payments, Credit_card_balance and Cash/POS_balance (where POS 

represents Points of sales) contain previous credit applications of the same particular clients 

currently connected to Home Credit. Chosen variables from these tables will also be further 
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described in following paragraphs. A more detailed overview of a complete dataset can be seen

in the figure below (Figure 5.1):

Figure 5.1: Overview of the Home Credit dataset

Source: Home Credit (2018)

In the training set of raw data, there are 307 511 observations with a total of 122 columns, 

therefore the dimension of the training set is 307 511 to 122. The test set has a dimension of 

48 744 to 121 as it lacks the target column and contains much less data in general. If we merged 

these two sets together, a portion of test observations in the merged set would be 13.68%. The 

training set contains three data types, namely factor, integer and numeric types. The numeric 

type occurs most often, integer type is the second most common group and the smallest data

type group consists of factor data. A following bar plot depicts the resulting decomposition of 

three different data types (Figure 5.2).
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Figure 5.2: Data types in the training set

Source: Own processing in R Studio

A variable determining whether a particular client is solvent or insolvent, or in other words, 

if he or she has any troubles repaying the loan, is captured in the ”TARGET” variable. Payment 

difficulties are defined as a specific delay with installment payments of x days with more than y 

repayments. Most of the researches dealing with credit risk models are working with imbalanced 

data, as the number of default cases is usually much smaller than non-default cases. There is no 

exception in this case either, however 8.07% of defaults is a sufficiently high ratio for subsequent 

modelling. The resulting distribution of a ”good” and a ”bad” loan can be seen in the figure

below (Figure 5.3).

Figure 5.3: Target distribution

Source: Own processing in R Studio

In the Table 7.1 below there is a summary of several selected variables. There is much more 

variables in the dataset, however the author has included only those where a reader can imagine 
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what is behind the data and does not need to have a deeper data knowledge.

If we would consider mean or median values of listed variables, a typical borrower applying 

for a loan is about forty-three years old, has an income of 168 798, his or her credit amount of a 

loan is 599 026, loan annuity is 27 109 and he or she has around 2 family members.

Table 5.1: Numeric variables - Summary statistics

Variable Median Mean SD Min Max

Age 43.15 43.94 11.95 20.52 69.12

Income 147 150 168 798 237 123.1 25 650 117 000 000

Amount credit 513 531 599 026 402 490.8 45 000 405 0000

Loan annuity 24 903 27 109 NA 1 616 258 026

Family members 2 2.16 NA 1 20

Now we focus on the total income distribution in connection with the target variable. As we 

look on the total income distribution on Figure 5.4, we can see that it is skewed to the right and 

does not correspond to a normal distribution. Moreover, an inability to repay the loan is more 

common across individuals with rather low income, which is quite expectable.

Total income distribution

Figure 5.4: Distribution of Total income

Source: Own processing in R Studio
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Another variable of interest is an educational attainment of a debtor and the corresponding 

power of a mutual correlation with the target variable. We can see that borrowers with either

higher education or secondary education form the most comprehensive groups (Figure 5.5).

Figure 5.5: Distribution of Education type

Source: Own processing in R Studio

A variable tracking the age of debtors is originally written in days since birth. For easier 

manipulation with data and their better interpretability, the days have been transformed into 

years by dividing days by negative 365. These transformed data points were further grouped 

following specific breaks. The final group division is to be seen on the following figure (Figure 

5.6). People in a middle age are among the most frequent appliers for a loan. The default rate 

is gradually growing, until it stops before the last two groups marked as the oldest.
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Figure 5.6: Distribution of Age

Source: Own processing in R Studio

A summary statistics was performed basically on all interpretable variables in order to better 

understand the data structure and to choose final variables appropriately. To mention a few 

more findings, it was discovered, that prevailing loans are revolving loans, whereas cash loans 

represent a small portion of the sample, i.e. 9.5%. A lot bigger part of females rather than males 

applying for a loan come across quite surprising, specifically 65.84% of the sample consists of 

women. Approximately the same share of applicants, as a share of women in the sample, does 

not own a car, therefore a one third of the sample does own a car. Following paragraphs (Section 

5.3) describe the process by which the data had to be prepared for subsequent modelling.

5.3 Data preparation

If we would consider all observations from all provided tables by Home Credit, the running of the 

whole set would be very demanding and most probably unbearable by an installed R software on 

a notebook. To prevent that occurring, some preparation steps were made. In the beginning, the 

course of action was mainly about getting acquainted with the data which was chiefly the subject 

of the previous section (Section 5.2). Primary analysis of input variables is crucial for a resulting 

success so a lot of attention was paid to it. In the moment, when the fundamental summary 
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statistics and data visualizations were completed, it got easier to determine which explanatory 

variables should be included into the final model.

Input variables having a substantial discriminating power have been selected in the manner 

described below in this thesis. This selection does not prevent us from building the model, or 

from their subsequent comparability. After loading all data tables to R Studio, side data tables 

were examined in order to select variables that will then be included in the merged dataset. After 

a careful consideration, I decided to include one variable from each side data table that could 

help to explain the model and hence improve its performance.

From the table Bureau, stating previous provided credits by other financial institutions, 

variable that represents current credit amount for the Credit Bureau has been chosen. More 

specifically, a sum of all these observations linked to the particular borrower's ID. From the table 

POS_CASHbalance, stating previous cash loans or point of sale of clients at HC, variable that 

represents installment payments left to pay on the previous credit has been chosen. As with the 

previous variable, all observation were taken into account and the resulting total amount was 

linked to the appropriate ID. Credit~cand.balance data table, stating credit-card data of clients 

at HC, was explored next. A variable depicting a balance during the month of previous credit 

was included, specifically again the sum of all applicable. Finally, a last side-table variable was 

selected from previous-application (previous loan applications at HC considering only clients from 

application data table) data set and it represented a number of previously refused applications. 

In summary, a total of four more variables was added to the final dataset by linking it with 

borrower's ID and merging observations with the already merged train and test set.

When a raw dataset already contained all selected variables, missing data were to be detected 

and appropriately sorted. A threshold of 5% of missing values among all observations at a par

ticular variable was chosen. Variables having more than 5 percent of missing values are initially 

plotted on the graph (Figure 5.7). All these depicted variables have more than 5%, therefore 

the author has decided not to include them into the model. Unfortunately, even variables from 

mentioned side tables proved to be full of missing values, thus their inclusion was eventually re

jected. Variables that are on the other side of this 5% threshold were further examined and their 

majority was thoroughly included into the predictive model. Remaining missing values among 
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included variables were further replaced by either median value or other suitable replacement,

depending on the variable's nature.

Figure 5.7: Missing data (>5%)

Source: Own processing in R Studio

All things considered, a total of twenty four variables was included into the first step of 

model considerations. Thus as of now there were 307 511 observations and 24 variables, already 

counting in the TARGET variable. After selecting those 24 variables, the dataset was split into 

the training set and a test set with a ratio 0.8. It means, that data were randomly divided 

into the 80% training set and the 20% test set, while maintaining the default ratio. A resulting 

dataset distribution can be seen in the following table (Table 5.2):

Table 5.2: Dataset split

Ratio Count

Training set 0.8 246 009

Test set 0.2 61 502

Total 1 307 511
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By considering particularly the most important numeric variables and their mutual correla

tions we can detect potential violations of model assumptions. We can see that some variables 

are strongly correlated with each other. For instance, a variable amt_goodsjprice and amt_credit 

are nearly perfectly correlated. All performed correlations between variables can be seen on the 

correlation plot below (Figure 5.8).

Figure 5.8: Correlation between numeric variables

Source: Own processing in R Studio

Further off, by exploring the mutual correlations and by evaluating variables of other data 

types in detail, the total of 18 variables were chosen to serve as an input for the final model. The 

basic overview of all selected variables is shown in the following table (Table 7.3):

42



Table 5.3: Final list of used variables

Variable Class Levels Specification

target factor 2 0, 1

days_birth num - Client's age in days at the time of application

days_employed num - how many days before the application the client started current employment

days_registration num - how many days before the application did client change his registration

amt .annuity num - loan annuity

amt_credit num - credit amount of the loan

amt_income_total num - income of the client

amt_goods_price num - for consumer loans it is the price of the goods for which the loan is given

region_population_relative num - normalized population of region where client lives (higher number = more populated region)

cnt_children factor 16 number of children the client has

cnt_fam_members num - how many family members does client have

flag_mobil factor 2 did client provide phone (no = 0, yes = 1)

flag_work_phone factor 2 did client provide phone (no = 0, yes = 1)

flag_phone factor 2 did client provide phone (no = 0, yes = 1)

flag_emp_phone chr - did client provide phone (no = 0, yes = 1)

code_gender factor 3 gender of the client (F, M, XNA)

flag_own_car factor 2 does the client owns a car (no = N, yes = Y)

flag_own_realty factor 2 does the client owns a house or flat (no = N, yes = Y)

The threshold of 5% serving as a filter for variables having too many missing observations 

was earlier set. However, this does not prevent variables that were left in the set having any 

missing values. Both in the training set and the test set, missing values of numeric variables were 

replaced by a median value of the particular variable. A total of 230 observations, or 0.09%, were 

still missing in the training set. Specifically, 221 missing values at a variable amt_goods_price, 8 

missing values at a variable amt_annuity and 1 missing value at a variable cnt_fam_members. A 

total of 62 observations, or 0.1%, were still missing in the test set. Specifically, 57 missing values 

at a variable amt_goods_price, 4 missing values at a variable amt_annuity and 1 missing value at a 

variable cnt_fam_members. Moreover, variables depicted in days were either transformed to years 
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or at least multiplied by minus one in order to obtain a positive number of days. The TARGET 

variable was modified in order for the output to show us a ”good” loan rather than bad. Other 

inspected variables usually just needed to be converted to a desired data type. Before putting 

the variables into the model, only numeric and factor data types were present.
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6 Methodology

Following analysis is primarily dedicated to the process of building individual models, identifying 

the most significant variables, exploring the corresponding credit scores, and evaluating the 

applied models. In general, the goal of all credit scoring models is basically the same, as each 

single model tries to rank the potential applier based on his or her characteristics. Based on 

that, financial institutions decide whether to grant a loan or not.

The first step, after the data are thoroughly prepared for analysis, was to split the dataset 

into a training set for building a model and a test set for testing the outcomes on an independent 

data. It has been done in order to accurately predict the outcome and eventually not to rely on 

potentially biased results in case that it has a low predictive power. If the testing procedure would 

be based on the same set as the data training, results might be overly optimistic. Therefore, 

testing the model on yet unscathed data should in the end offer more accurate results that can 

be relied on.

To decide which model will be the best for prediction is a very important task. Usually it is 

quite demanding to choose a candidate model with the best performance given specific data. All 

following models have been built in the R Software using both ready-made packages and custom 

functions.

6.1 First model: Logistic regression

A famous logistic regression (LR) is nowadays extensively considered as an industry standard, 

which is for instance confirmed by Ala'raj and Abbod (2016) [58]. As discussed earlier in this 

thesis, there are situations where it may be suitable to employ both classification and regression 

algorihhms. Logistic regression is one of these cases. Even when the regression is originally 

intended for a regression method, the classification method is also widely used to estimate the 

probability of a particular observation belonging to a specific class.

The fundamental logistic regression is used as a baseline for more challenging models, sup

porting the claim of Tsai et al. (2014) [72] that this model aims to be the most appropriate 

for the prediction. Besides that, for instance a Deloitte research (2016) denotes the method as 
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a prominent and one of the most successful methods when dealing with credit scoring, among 

others due to its transparency and simplicity [7]. For example, when determining the probability 

of default of corporate firms, usually balance-sheet variables, such as capital structure, liquidity, 

or operational performance , are considered.

For a deeper understanding of the method, suppose (xi,yi),i = 1, ..., n is a sample of size 

n where observations are IID (independent and identically distributed). xi represents a vector 

x of predictors with dimension p (x = x0,..., xp)‘, yi is a binary variable, where yi e {0; 1}. 

Simply put, the LR is a function that inputs the information xi about borrower i and outputs 

the probability of default, called a binary response model p(yi = 1|xi) [7]. It is an estimate of a 

probability that the ith borrower defaults given his or her features xi. Usually, the probability p 

is then compared to a threshold t in a sense that the loan is rejected whenever p(yi = 1|xi) > t, 

otherwise accepted. A center of interest is the linear function f (6.1), where k denotes the 

number of explanatory variables, xi is an explanatory factor i and = (/30,..., fik) e Rp+1 is an 

unknown p-dimensional vector of parameters, of that explanatory factor i:

p

f (xi) = fio + PiXil +------ + PkXik = fio + PkXik (6.1)
k=1

With the aim of separating good from bad loans, a model of binary choice is needed with 

possible outcomes either zero or one. This numerical restriction is among the biggest advantages 

of this model. Compared to the linear probability model (LPM) where the outcome presents a 

binary variable as well, its fitted probabilities can also be negative or greater than one, therefore 

out of the eligible range. Hence, in an attempt to predict the probability of default, results of 

the regression function need to occur between these two numbers. Luckily, this requirement is 

obtainable by implementing an increasing logistic function h (6.2), which fulfills the restrictive 

condition for all real numbers z e R [9]:

h(z) = exp(z)
1 + exp(z)

(6.2)

By combining the regression function f (6.1) with the logistic function h (6.2), we get the resulting 

probability function (6.3) bounded by zero and one:

p(y = 1|xi) = exp(f (xi))
1 + exp(f (xi))

_exp(fio+fiiXii+^22+fik^:k)_
1 + exp(fio + fiiXii +------------+ fikXik)

(6.3)
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Next to the logistic transformation, logit, there is also a binary model called probit, however 

it is not that easy to compute and does not contain that simply interpretable parameters. To 

estimate the logistic regression, a maximum likelihood estimation (MLE) can be used.

The empirical model was built in the R Software. When all variables were transformed to 

dispose of appropriate data types for the data training, a stepwise logistic regression was adopted 

in order to gradually drop variables that are not significant. In general, in a stepwise model 

selection, its essence lies in sequentially comparing multiple models with different predictors and 

in the end choosing the best model lowering prediction error.

An information criterion balances the number of employed variables to the fitness of a model. 

The AIC (Akaike information criterion) is a goodness of fit measure that will help to choose the 

best model (Equation 6.4). The criterion can be achieved when the log-likelihood is at its 

maximum, which should hold in this case as we use an approach called maximum likelihood 

estimation (MLE). In a nutshell, the MLE transforms the target variable into a log function. 

The smaller the AIC, the better the fit.

AIC(model) = — 2LL(model) + nv(model) * 2 (6.4)

In the Equation 6.4, LL represents the model log-likelihood and nv depicts the number of 

considered parameters. The goal is to find a model with the lowest AIC achieved by adding or 

removing variables in our scope. The AIC assess whether the variable improves the predictive 

power of the model. There is a function in R performing the step function on its own, therefore it 

does not include any manual selection. As a result of a stepwise model selection, only significant 

variables should persist in the summary of the final model.

6.2 Second model: Random forest

A random forest algorithm belongs to one of the most used machine learning techniques. As it 

is an ensemble by its nature, by a process of combining individual decision trees, its compilation 

does not belong to the more challenging ones. All individual trees, also called weak learners, are 

gradually combined to develop a strong learner, the random forest. Random forests are able to 

solve both classification and regression tasks, where in classification task, the output variable is
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categorical and in regression task, y is continuous.

An individual tree splits the data by if-else rules that are defined by variables' contribution 

to each consequent nodes. All in all, the terminal node should be as pure as possible to achieve 

the lowest feasible uncertainty. In the Section 3.4 dedicated to ensemble methods, the principle 

of bagging was introduced. This bootstrap aggregating algorithm is the first step when creating 

a random forest as it creates random samples. It creates a new subset from the original set 

on which model is trained. Every single tree is basically grown on a different subset from the 

original data. The main advantage of the random forest algorithm is that it has an ability to 

detect interactions between variables. These can improve the overall predictability of the model.

To correctly build all of the following machine learning models, a so called grid search was 

used in order to select appropriate parameters for the building procedure. These parameters are 

in this sense usually denoted as hyperparameters. This is mainly due to the fact that they are not 

to be confused with standard parameters representing the inner model features. A definite value 

of an inner parameter can be estimated from the data. On the other hand, hyperparameters 

represent external characteristics of the model that are impossible to be estimated directly from 

the data. Hyperparameters need to be set before the start of the learning process and further 

optimized, or also called tuned (tuning parameters), during the process. By running the model 

multiple times and during each instance trying different hyperparameters, a desired result might 

be approached quite closely. To conclude, building a model by including hyperparameters can 

be considered to be a process in which both artificial and human intelligence are involved in its 

creation.

To build a random forest model, a built-in R package caret was used. Initially, data were put 

into a data frame. The caret package includes a lot of methods to choose from. For the purpose 

of this thesis a method called ”cforest” was chosen for building a random forest. The method 

is designed both for classification and regression tasks. A tuning parameter in this method 

contains only hyperparameter mtry which controls number of randomly selected predictors at 

each cut in the tree. By default, the train function with no arguments runs the model through 25 

bootstrap samples and over three options of hyperparameters. By carefully using the function, 

this method offers a model-specific variable importance metric. This metric picks the most 
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important interaction term by gradually narrowing all interactions down. The resulting values 

are shown in the Results Section (Table 7.2).

6.3 Third model: Gradient boosting

The gradient boosting model can be expressed as follows:

M

F(x; P) = F(x; {o,„ } M) = fimh(x; am) (6.5)
m =i

In equation 6.5, F(x; P) represents a prediction function of x consisting of p parameters 

[68]. a is a model parameter and fi represents individual weights of each modes. When the set 

{fi; a} is optimized, the prediction function F should be improved. The likelihood function of a 

model parameter P is given as ^(P). By putting these together, a resulting loss function can be 

depicted as follows (Equation 6.6):

^(P) = Ey,xL(y,F(x; P)) (6.6)

When m - 1 models are derived, the mth model can be constructed by the first derivative. By 

that, we can identify the loss-function direction of the fastest model to be dropped, gm (6.7).

gm = {gjm} = {[ d'.'pP ]p=pm-1 } (6.7)

After the gm is determined, the gradient direction of likelihood function P for a new model needs 

to be established. pm depicts the distance of each gradient (Equation 6.8):

pm = argmin^(pm-i - pmgm) (6.8)

As a result, the function fm(x) of the mth model can be expressed as follows (Equation 6.9):

fm(x) = -pmgm(x) (6.9)

A Gradient Boosting is another type of an ensemble technique that lies in a principle of 

gradient descent. Its sequential manner makes each weak learner the best in detecting errors, 

compared to its precedents. Similar as for the random forest algorithm described in the previous 

paragraphs, the caret package installed in R is used for building a gradient boosting model as 

well. In this case, method ”xgbTree” is applied, representing an abbreviation for the eXtreme 
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gradient boosting. This specific implementation should be using more accurate approximations 

when looking for the best model. Its usage is twofold, as it can be used both for regression and 

for classification problems.

In this specific instance, there are more hyperparameters to pick from, as opposed to the 

random forest method. Possible tuning parameters consists of number of rounds, or also called 

boosting iterations, a maximum depth of the tree, a shrinkage parameter, minimum loss re

duction, subsample ratio of columns, minimum sum of instance weight and lastly a subsample 

percentage. Numerous combinations of all hyperparameters were tested several times before 

leaving the most satisfactory ones in a final code. The output's interpretation remains the same 

as in the random forest scenario, therefore we can explore a model-specific variable importance, 

stated in the Results section (Table 7.3).

6.4 Fourth model: Neural network

Even though the dataset is quite large, neural network is more likely to overfit. Several hyper

parameters were used in order to increase the generalization performance. As opposed to the 

easily interpretable linear approximations, neural networks always include at least one hidden 

layer before they transform input variables into output. Although neural network algorithm 

seems quite difficult to comprehend, its main advantage lies in modelling relationships that are 

non-linear.

The R package caret is once more employed, however the particular method changes again. 

In this specific case of a neural network, method called ”nnet” was implemented. It is possible 

to specify a desired number of hidden layers by parameter ”size”. Another modifiable parameter 

is ”weight decay” which prevents the weights from becoming too high. Because of that, these 

values aiming to gradually decay to zero are usually on a logarithmic scale. A reasonable para

meter usually ranges between 0 and 0.1. By running the function train including these specific 

parameters, the variable importance is to be explored. Resulting values are presented in the 

Results section (Table 7.4).
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7 Results

The goal of this thesis was to focus on advanced credit scoring techniques used in the credit 

scoring industry for determining whether a particular borrower will default and how likely it is to 

happen. There is a wide variety of options when evaluating a binary classifier. Therefore, several 

models were built in order to draw a corresponding conclusion. Initially, a very large dataset 

has been significantly narrowed by applying various familiar techniques previously described. 

After this lengthy process, the data was sufficiently cleaned and the whole dataset was randomly 

divided into the training set and the test set by a specified ratio. The assembly of four specific 

models followed.

The first implemented model, a logistic regression, is the basis of every credit scoring research, 

and therefore it could not be missing in this thesis. The process of its assembly was described in 

the preceding paragraphs. Data that was processed into the first model continued to be used to 

the same extent in other, more demanding models. This again points to the importance of data 

preprocessing. Among inserted variables, sixteen variables proved to be significant on at least 

10% level to which we came to by the stepwise selection procedure. These were included in the 

final model presented in the Equation 7.1.

f (xi) = + fti(DAYS_BIRTH) + ^2 (DAYS -EMPLOY ED)+

frlDAYS-REGISTRATION) + fafAMT-ANNUITY) + &( AMT.CREDIT)+ 

06(AMT .GOODS-PRICE) + ^REGION-POPULATION-RELATIVE  ) + ^8(CNT_CHILDREN)+ 

Pg(CNT-FAMJMEMBERS) + 01O (FLAG_EMP_PHONE1) + 011(FLAG_WORK_PHONE1)+ 

012(FLAG_PHONE1) + ̂ 13(CODE.GENDERM) + Pi4(CODE.GENDERXNA)+ 

015 (FLAG .OWN _CARY) + 016(FLAG_OWN_REALTYY) + et

(7.1)

As described in previous sections, a logistic function was chosen as a core technique for 

implementing the final regression. Because of that, resulting coefficients are estimated by MLE 

and hence their interpretability is not that straightforward due to the non-linearity of an input
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***p < 0.001, **p < 0.01, * p < 0.05 , . p < 0.1

Estimate Std. Error z value Pr(> |z|)

(Intercept) 4.157e+01 1.734 23.976 <2e-16***

DAYS BIRTH 1.364e-02 8.770e-04 15.556 <2e-16***

DAYSEMPLOY ED 1.092e-04 4.703e-06 23.213 <2e-16***

DAY S REGISTRATION 1.843e-05 2.398e-06 7.687 1.50e-14***

AMTANNUITY -8.471e-06 8.432e-07 -10.046 <2e-16***

AMT_CREDIT -3-364e-06 1.174e-07 -28.657 <2e-16***

AMT GOODS PRICE 4.203e-06 1.350e-07 31.132 <2e-16***

REGION POPULATION RELATIVE 8.717e 5.890e-01 14.800 <2e-16***

CNTCHILDREN -5.674e-02 2.217e-02 -2.560 0.0105*

CNTFAM MEMBERS 6.833e-02 1.734e-02 3.941 8.11e-05***

FLAGRMPPHONE1 -4.019e+01 1.732 -23.213 <2e-16***

FLAG WORK PHONE1 -2.987e-01 1.941e-02 -15.389 <2e-16***

FLAGPHONE1 1.482e-01 1.843e-02 8.041 8.91e-16*

CODEGENDERM -4.139e-01 1.633e-02 -25.348 <2e-16***

CODE-GENDERXNA 7.191 3.891e+01 0.185 0.8534

FLAGGWNGARY 3.633e-01 1.750e-02 20.762 <2e-16***

FLAGGWN REALTYY -2.364e-02 1.638e-02 -1.443 0.1489

Table 7.1: Final Logistic regression

logistic function. However, a sign on coefficient and its relative magnitude can be investigated 

and can tell us which variables affect repayment and what is a relative magnitude of that effect. 

When the sign is positive, it is more likely that these borrowers will repay the loan. On the other 

hand, if the sign is negative, these debtors will more often have some difficulties when repaying 

the loan. The explanation can be also performed through an exponential, but the interpretation 

of coefficients remains the same, only the threshold changes from 0 to 1. Thus coefficients higher 

than one behave the same as positive values described above.

Following this method, namely categories days_birth, days-employed, days-registration, amt-goods-price, 

region-population_relative, cnt-famCmembers, code-genderxna, flag-own-cary and flag-phone1 have 

a positive sign at the coefficient, therefore it shows a positive effect on the repayment of a loan.
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Diversely, according to the model, categories amt_annuity, amt_credit, cnt_children, flag_emp_phone1, 

flagjworkjphonel, code_genderm and flag-ownjreattyy represent groups of borrowers who are 

likely to not repay the debt.

Thanks to the stepwise function, only variables with a significancy higher than 10% are 

included. It does not follow that variable not included in the final model have no effect on the 

output, however they affect the output in a less substantial manner and thus do not improve the 

goodness of fit of the model. Next to the positive and negative impact of particular input variables 

a credit score can be computed for a specific debtor when we evaluate his or her characteristics. 

Specifying a credit score for each client often creates a more comprehensible output and is used 

by financial institutions to group clients into categories with a similar levels of risk.

As the presented Table 7.1 shows only a positive or a negative impact on the loan repayment 

and a magnitude, it is not appropriate to compare this with the outputs of the machine learning 

models. Instead of that, models were compared by focusing on their performance measures, 

specifically the KS and the GINI values, presented in the Table 7.5 in following paragraphs. In 

terms of performance, it was decided that the best model was built through a gradient boosting 

method, however the resulting values of any model are not overly convincing.

Both positives and negatives can be said on behalf of each model, and it makes it difficult 

to prioritize single one of them. Despite its simplicity, the Logistic regression involves quite 

complex data preparation, but at least the analyst knows exactly what is happening during the 

preparation, tracks the whole process and is able to interpret the data quite easily. In contrast, 

artificial intelligence models carry out a lot of tasks on their own, within a few code lines. 

Unfortunately, the process lasting several hours remains hidden in a black box.

The following table (Table 7.2) helps us to understand which variables contribute the most 

to a final random-forest model performance. As can be seen, the function carrying out this task 

automatically scales the importance between 0 and 100. In a random forest methodology, these 

scores represent aggregate measures. Therefore, it only captures the predictor's impact and not 

the unique effect of a variable, as opposed to the logistic regression. In this scenario, a variable 

amt_annuity seems to be the most important one in the matter of the overall impact. Variables 

days_birth, days_employed, days_registration and amt_credit also possibly contribute to the final 
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performance in a considerable way. Thus, loan annuity, age of the borrower, but also length of 

current employment seem to be important when considering individual importance.

Table 7.2: Model-specific variable performance (RANDOM FOREST)

Variable Performance

AMTANNUITY 100.00

DAYTBIRTH 90.116

DAYTEMPLOYED 69.092

DAYTREGISTRATION 63.344

AMTCREDIT 51.957

AMTINCOMETOTAL 29.309

CNTFAMMEMBERS 23.715

REGIONPOPULATIONRELATIVE 12.390

AMTGOODS.PRICE 4.653

CNTCHILDREN 0.000

The subsequent table (Table 7.3) pays attention to the variables from the gradient boosting 

model. Interpretability of below values remains the same as in the previous table (Table 7.2). 

Similarly as in the preceding model, loan annuity and age of the debtor appears to be important. 

Next to that, a credit amount of the loan, number of days since registration, but also how long 

he or she is employed, adds to the model's performance as well. As the relative impact of these 

variables seemed to be important in both random forest and gradient boosting models, even if 

statistical metrics are not convincing, this result can guide us to partial conclusions and thoughts.
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Table 7.3: Model-specific variable performance (GRADIENT BOOSTING)

Variable Performance

AMTCREDIT 100.00

AMTANNUITY 95.518

DAYS.BIRTH 90.378

DAYS.EMPLOYED 84.657

DAYS_REGISTRATION 82.629

AMTGOODS.PRICE 77.777

REGION.POPULATION-RELATIVE 64.414

AMTINCOMETOTAL 28.386

CNT_FAM_MEMBERS 5.432

CNTCHILDREN 0.000

The neural network model results in values that are a little different from those of the 

preceding models. These are presented in the following table (Table 7.4). Due to the complexity 

of the model and with not many parameters included at the same time, it is quite understandable 

that a model algorithm might work quite differently. According to the resulting values, number 

of days in the current employment, total income of the client, or credit amount of the loan may 

improve the final model performance.

Table 7.4: Model-specific variable performance (NEURAL NETWORK)

Variable Performance

DAYEEMPLOYED 100.00

AMTINCOMETOTAL 70.147

AMTCREDIT 46.576

AMTGOODS-PRICE 26.261

DAYEBIRTH 22.554

DAYS.REGISTRATION 10.331

REGION.POPULATION-RELATIVE 7.244

AMT ANNUITY 4.856

CNT_FAM_MEMBERS 4.260

CNTCHILDREN 00.00
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After all four models were built, several metrics were carried out to evaluate their individual 

strength in terms of performance. In order to arrive to desired statistical metrics, firstly the 

distributions of both ”good” and ”bad” loans are created and consequently also their cumulative 

sums are computed so the cumulative distribution can be obtained. This procedure is applied 

to each model, for both training and test sets, therefore eight times in total. Final cumulative 

distributions of both a training set and a test set for the Logistic regression model can be seen 

on following figures (Figure 7.1 and Figure 7.2), whereas the final cumulative distributions ofthe 

best-performing method, gradient boosting, is to be seen in the Appendix.

Figure 7.1: Cumulative distribution LR (training set)

56



Figure 7.2: Cumulative distribution LR (test set)

Bad clients are depicted by a red line, whereas good clients are represented by the blue line. 

An appropriate cumulative distribution is on the y axis and a coefficient spread on the x axis. 

Each point on the x axis should correspond to a point on the y axis capturing a probability of 

the loan being repaid and a loan not being repaid as well.

Based on the plotted cumulative distributions, better-grained statistical metrics can be com

puted. The Kolmogorov-Smirnov statistics (KS) is a measure of a distance between the 

blue line and the red line to be seen for instance in the Figure 7.1. In other words, it is a max

imum distance between ”good” and ”bad” cumulative distribution functions. Because of that, 

the higher the distance (KS), the better the model. The best fit corresponds to 100 and the 

worst fit corresponds to 0, therefore KS G< 0;100 >.

Next to the KS, the GINI coefficient is also commonly computed by financial institutions 

for measuring the model performance. It is also used to compare several different models and 

their quality in terms of the prediction power. The GINI is capturing a ratio of the area between 

the curve and a diagonal to the total area above the diagonal. Same as with the KS spread, the 

GINI values are also distributed between 0 and 100, where 100 is the best performance.

Both the KS and the GINI plus number of total ”goods” and total ”bads” are to be seen in the 

table (Table 7.5) below. This table also serves as a main comparison guideline to all performed 
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models. All in all, the performance of each individual model is not exceptionally good. We can 

see that although both metrics ranges between 0 and 100, none of the values exceeded a value 

of 50. The best performance, taking into account these metrics, is achieved by the Gradient 

boosting model. Its KS reached a value of 34.91 in the training set and 29.12 in the test set. 

The GINI of this model is 46.85 for the training set and 38.41 for the test set, which is satisfying 

as well. Possible reasons of differences between values in the training set and the test set are 

described below.

Resulting metrics

MODEL KS GINI TB TG TB/(TB +TG)

LRtrain 22.27 29.52 19860 226149 8.07%

LRtest 22.76 30.08 4965 56537 8.07%

RFtrain 24.33 33.12 - - -
RFtest 23.91 35.52 - - -

GBtrain 34.91 46.85 - - -
GBtest 29.12 38.41 - - -

NNtrain 11.27 19.12 - - -
NNtest 21.30 27.02 - - -

TB = total bad, TG = total good

Table 7.5: Resulting statistical metrics

Although the results may not seem sufficient, each of the models has achieved at least some 

decent level of performance. As can be seen in the table, the logistic regression and the random 

forest achieved very similar values for both the training and the test set which means that models 

were most likely trained correctly and the results can be relied on to a fairly high degree. If we 

reconcile with a certain deviation, also values resulting from the gradient boosting method can 

be considered quite comparable and therefore reliable. However, values at the neural network 

method are quite low and also differ a lot between the two sets.

Higher differences across machine learning models point to their black box nature and a 

more difficult implementation. If the resulting metrics on training set does not match the test

set metrics, it is called a model performance mismatch. Some level of overfitting of the training 

set is usually inevitable given the hyperparameter tuning. Moreover, each dataset can be more 

58



suitable for a particular method than for another, so a potential inefficiencies in the dataset can 

distort the results as well. Last but not least, it may happen that the results are also affected 

when the learning algorithm disposes of a stochastic nature. Even though all models were tested 

countless times with variant parameters, it was unfortunately almost impossible to achieve more 

convincing results given the author's proficiency and available environment for the assembly.
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8 Conclusion

The goal of this thesis was to present several advanced machine learning techniques by using a 

unique dataset provided by Home Credit company. For all presented methods, their theoretical 

background was introduced firstly in detail to provide an insight into how and why they can be 

used to improve credit scoring procedures. Also, the fitting procedure and a specific structure 

of these models was described. Secondly, several methods were chosen for specific analysis. In 

addition, the overview of credit scoring methods with emphasis on machine learning algorithms 

and their basic division was thoroughly described.

The core advantage of machine learning methods is their simple implementation, independ

ent processing and often also a better predictability. However, the undeniable disadvantage of 

machine learning methods is their resulting interpretability, length of modelling and also the fact 

that they are in most cases so called black box models, which means that for the most part we 

do not know what is really hidden under the individual algorithms.

A total of four models were built in this thesis. Namely logistic regression, random forest, 

gradient boosting and a neural network. In general, none of the models achieved exceptionally 

good results. On the other hand, all models have reached such values that it can be relied on to 

a certain extent and none of the models was so bad that it could not be used at all. All things 

considered, it is difficult to evaluate which model is the best and it also varies from case to case. 

Statistical metrics determining the predictive power and model accuracy can serve as a useful 

guideline, however the practical usage needs to be selected by each individual entity on its own 

based on its unique needs.

This thesis aims to answer and evaluate the initial hypotheses. The core hypothesis stated 

that credit scoring models using advanced techniques serve as a better source of prediction. 

In our case, this hypothesis was only partially confirmed, as two machine learning methods 

outperformed the traditional logistic regression and one method disposed of worse results. The 

random forest and gradient boosting methods demonstrated a little higher values of selected 

statistical metrics. A method using neural networks rather proved to be a worse predictor when 

evaluating borrowers' characteristics and associated default risk. Second hypothesis stating that 
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ensemble methods improve the quality of the model was to a certain extent confirmed, as just 

these two methods proved to have a better result than the essential logistic regression. Last 

opening hypothesis mentioning the possibility of integrating the solutions into the real world 

clients' data is yet to be determined by applying performed methods on different up-to-date 

datasets and can serve as an impulse for further research.

To conclude, the credit scoring industry will definitely face a lot more obstacles, meet a lot 

more innovations and explore a lot more methods in the future. Newly emerging technologies 

can help the involved institutions to reduce the associated risks and learn from past mistakes. 

Accurate credit scoring models will undoubtedly belong among the most powerful tools of all 

financial institutions.
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Appendix

Figure 8.1: Cumulative distribution GB (training set)

Figure 8.2: Cumulative distribution GB (test set)
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