
 

 

COMPARISON OF DIFFERENT CUSTOMER 

SEGMENTATION MODELS FOR THE FINANCIAL SECTOR 

VERSUS THE TURKISH FACTORING SECTOR AND A 

CLUSTERING MODEL PROPOSAL FOR A SME FOCUSED 

FACTORING COMPANY 

 

A Thesis 

By 

Mehmet Aktuna 

 

Submitted to the 

Graduate School of Sciences and Engineering 

In Partial Fulfillment of the Requirements for 

the Degree of 

 

Master of Science 

 

in the 

Department of Financial Engineering 

 

 

 

 

 

Özyeğin University 

December 2022 

 

Copyright © 2022 by Mehmet Aktuna 



 

 

COMPARISON OF DIFFERENT CUSTOMER 

SEGMENTATION MODELS FOR THE FINANCIAL SECTOR 

VERSUS THE TURKISH FACTORING SECTOR AND A 

CLUSTERING MODEL PROPOSAL FOR A SME FOCUSED 

FACTORING COMPANY 

 

 

 

 

Approved by: 

 

 

Assistant Professor Levent Güntay, 

Advisor, 

Department of International Finance 

Özyeğin University 

 

 

Assistant Professor Emrah Ahi, 

Department of International Finance 

Özyeğin University 

 

 

 

 

Professor Özgür Özlük, 

Department of Industrial Engineering 

MEF University 

 

 Date Approved: 28 December 2022 



iii 

 

 

 

 

 

 

 

 

 

 

 

To my family, 

To my colleagues, 

To all my teachers from elementary school to now 

with respect and thanks… 



 

iv 

 

ABSTRACT  

 

Factoring is the process of transferring a forward receivable arising from 

commercial transactions to a factoring company by assignment. Companies that prefer to 

do factoring, instead of waiting for the due date of the collection of their receivables 

arising from their trade, transfer their receivables to the factoring company with a certain 

discount, with documents such as post-dated cheque, trade invoices and factoring 

contracts. The use of cheque in Turkey is different from that in the world due to the post-

dated maturity written on the cheque and SMEs in Turkey frequently use cheques in their 

trade with maturity. In terms of segmentation, there are many studies for banks in the 

literature, but there is no study in the SME focused factoring segment. This study is the 

first, where a two-stage customer segmentation is implemented using the data of a SME 

focused Turkish factoring company.  

When the clusters generated by the K-Means and Density-Based Spatial 

Clustering of Applications with Noise (DBSCAN) models are compared, it is observed 

that the clusters of the K-Means algorithm are more balanced in terms of distribution of 

the number of customers across clusters. On the other hand, the clusters generated by the 

DBSCAN model are more homogeneous, especially for outlier clusters. Homogeneity 

means an effective segmentation, which is there are few outliers within a cluster as 

defined by the Mahalanobis distance of each observation. The DBSCAN model can 

generate several homogeneous clusters containing a small number of customers if model 

parameters are appropriately calibrated. On the contrary, if few number of clusters are 

preferred, the homogeneity of the DBSCAN algorithm gets worse and the K-Means 

model gives more balanced clustering results. 
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ÖZETÇE 

 

Faktoring işlemi, ticari alışverişten doğan vadeli bir alacağın temlik edilmesi yolu 

ile bir faktoring kuruluşuna devredilmesi işlemidir. Faktoring yapmayı tercih eden 

firmalar, yapmış oldukları ticaretlerinden doğan alacaklarının tahsilatının vadesini 

beklemek yerine, ticarete konu bir ödeme araç olan vadeli çek, ticaret faturası ve faktoring 

sözleşmesi gibi dokümanlar ile aracı faktoring kuruluşuna belirli bir iskonto karşlığında 

devretmekte ve nakit akışı ihtiyaçlarını düzenlemeyi amaçlamaktadırlar. Türkiye’de 

kobiler tarafından yaygın bir şekilde kullanılan çek, üzerinde yazan ileri tarihli vade 

nedeniyle dünyadaki genel kullanımından farklılaşmaktdır. Literatürde bankalar için 

yapılmış bir çok segmentasyon çalışması mevcuttur ancak kobi sektörüne yönelik bir 

faktoring müşterisi segmentasyon çalışması bulunmamaktadır. Bu çalışmada faktoring 

sektöründe faaliyet gösteren bir Türk faktoring firması datası kullanılarak iki aşamalı bir 

müşteri segmentasyon çalışması yapılmıştır.  

Çalışmada kullanılan K-Means ve DBSCAN algoritmaları karşılaştırıldığında, K-

Means algoritmasının, kümeler içerisindeki müşteri adetlerinin dağılımı anlamında daha 

dengeli olduğu gözlemlenmiştir. Öte yandan, DBSCAN modeli tarafından üretilen 

kümeler, özellikle aykırı kümeler için daha homojendir. Her bir gözlemin Mahalanobis 

mesafesi ile tanımlanan homojenlik, küme içerisinde daha az aykırı gözlem olduğu zaman 

etkinlik anlamına gelmektedir. DBSCAN modeli, model parametreleri uygun şekilde 

kalibre edilirse az sayıda müşteri içeren birçok homojen küme oluşturabilir. Aksine az 

sayıda küme tercih edilirse DBSCAN algoritmasının homojenliği bozulmakta ve K-

Means modeli daha dengeli kümeleme sonuçları vermektedir. 
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CHAPTER I 

 

INTRODUCTION 

In the literature, different segmentation models have been developed for banks. 

But in the factoring sector, there is no segmentation study especially for SME focused 

companies. The K-Means model is generally used in the banking sector. Besides, 

Customer Life Time Value, which is carried out for the financial gain of the customer 

throughout his life, and the Recency, Frequency, Monetary Value Model (RFM) is also 

used frequently.  

The use of cheques in Turkey is different from the use in the world. Therefore, a 

different segmentation study is implemented in this study for a SME focused factoring 

company operating in Turkey. In this respect, this study is a first in the literature. 

In this study, 92.757 different SME Company (customer) who applied to a 

factoring firm between January 2021 and November 2022 and 761.891 cheque data 

belonging to different 163.805 drawers are subject to this application data were used. 

Since a customer, and therefore a drawer, may have been the subject of an application 

more than once in the mentioned date range, the last observation they came during this 

period was based on the study in order to get the most up-to-date data. The customer data 

used includes 40% of factoring customers in Turkey in 2021. 

In the second chapter, the factoring transaction process is explained comparatively 

with the bank. Profiles of factoring customers and drawers in the SME segment are 

detailed in this section. In the third chapter, findings of the literature research are 

explained. Turkish SME focused factoring company data is explained in the fourth 

chapter. In the fifth chapter, the used methodology is explained. In the sixth chapter, the 



 

2 

 

drawers and customers are segmented after variable selection. The clusters are interpreted 

in this chapter.  
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CHAPTER II 

 

FACTORING AND FACTORING CUSTOMER 

 

Factoring transactions include three parts as seen in Figure 1; 

- The factoring company, 

- The customer (can be call as seller in terms of factoring literature), 

- The cheque drawer (buyer). 

In factoring, the customer needs and applies for financing to the factoring 

company, and in case the loan transaction is approved and realized, the money outflow is 

made to the customer's account. On the due date, the factoring firm collects its repayment 

from the drawer's account. Figure 1 shows that the transaction process proceed in 3 steps. 

In Step 1 a trade has taken place between the customer and the drawer (buyer of 

the trade). In return for this trade, the drawer, instead of paying cash to the customer 

(seller), writes a cheque with a future dated maturity date on it. Suppose there is a cheque 

that promises a repayment 90 days after the trade. Buying goods with this method, the 

drawer undertakes to pay the price of the goods to the seller 90 days after the transaction 

to the customer (seller).  

In Step 2, the customer (seller of the trade) applies to a factoring firm with this 

cheque and demands cash in return for a certain interest deduction. In this application 

process, the drawer's is not involved at all, the factoring firm only comes face to face with 

the customer.  

In Step 3, when the cheque is due at maturity date, the factoring firm will take the 

repayment from the drawer's account, not from the customer. Therefore, the factoring 
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firm's ability to collect the repayment depends on the drawer's strength or financial 

position on the payment day. So, the factoring firm should consider the drawer's financial 

and behavioral characteristics at the time of application, (especially on the risk assessment 

side). Because when the cheque is due, it is important whether there will be money in the 

account of the drawer who bought the goods in the first day of trade (not the customer to 

whom the factoring company made the payment on the first day). However, the interest 

deduction to be applied by the factoring company will be accepted or rejected by the 

customer. Therefore, in the transaction, the factoring firm should have a structure that 

evaluates the customer as well as the drawer. 

 

Figure 1: Factoring Company and Customer Transaction Cycle 

Figure 2 shows the relationship between a customer who wants borrow a bank 

loan and the bank. There are only two parts in this transaction;  

- The bank,  

- The customer  
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The bank makes the money outflow to the customer account on the day the loan 

will be used, and on the day the loan is due (at maturity or installment days), the customer 

is obliged to make the repayment or payments to the bank. The customer's data at the time 

of application or the transactions that he or she has made with the bank in the past period 

is the main factor in the assessment of the bank. 

 

Figure 2: Bank and Customer Transaction Cycle  

 

There are also differences between customer and drawer’s profile of a factoring 

transaction. Figure 3 shows bank limit statistics of 87.514 customers who applied to the 

factoring firm between January 2021 and August 2022. The bank limits of 40% of these 

customers at the time of application are below 50.000 TL which is insignificant amount. 



 

6 

 

 

 

Figure 3: Histogram of the Distribution of the Customer Bank Limits 

In the same applications, there are 154.507 drawers. Figure 4 shows drawer bank 

limit statistics. Unlike customers, only 6% of the buyers have a bank limit of less than 

50.000 TL and about 57% of them have a bank limit of 1 million TL and above. 

 

Figure 4: Histogram of the Distribution of the Drawers’ Bank Limits 

 Table 1 shows both data comparatively. The drawers have significantly 1525% 

higher limit in banks rather than customers. 
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Table 1: Comparison of Customer and Drawer in Terms of Bank Limits 

 

  

 

 

 

Figure 5 and Figure 6, shows factoring customer and drawers bank limits and 

“credit utilization ratio” on a monthly and per company basis. As of October 2022, the 

average bank limit of the customers is 1.3 million TL and the drawer limits is 36.2 million 

TL. The limit usage ratio of customers is higher than that of drawers, which indicates that 

customers have a higher financing need and try to use their limits more effective.  

 

Figure 5: Trend of Monthly and per Customer Bank Limit and Limit Utilization Ratio 

 

Figure 6: Trend of Monthly and per Drawer Bank Limit and Limit Utilization Ratio 
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Factoring is a more expensive product than bank loans. The basis of this is the 

ability of the customers to reach the bank loan. As seen in the right pie chart of Figure 7, 

29% of the customers out of total 17.091 customers (that the factoring company made 

transactions for the first time in 2021), were established in the last 12 months. As a natural 

consequence of this, banks cannot make a risk assessment to these customers. This results 

in banks not allocating credit limits to these customers. Left pie chart of the Figure 7 also 

shows for the same customer groups bank limits on the application date. 39% of these 

customers do not have any bank limit on application date on which they can use loans 

from banks. So they need factoring financing, a more expensive product, in order to 

manage their cash flows.  

 

Figure 7: Customers’ Bank Limits and Age Distribution 

 

Considering both the difference between the factoring bank processes and the fact 

that the customer and the drawers of a factoring transaction have different profiles from 

each other, in the factoring sector, drawers should also be segmented as well as customer 

segmentation. 
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CHAPTER III 

 

LITERATURE RESEARCH  

 

In sales, commerce and economics, a customer (sometimes known as a client, 

buyer, or purchaser) is the recipient of a good, service, product or an idea, obtained from 

a seller, vendor, or supplier via a financial transaction or exchange for money or some 

other valuable [1]. This definition consists of two sides: 

- Customer (sometimes known as a client, buyer, or purchaser) 

- Seller, vendor, or supplier 

Seller, vendor, or supplier, can be generally called as companies. All companies 

aims to get benefit within this existing relationship, they also try to maximize this benefit.  

Another important element in the definition is good, service, product or an idea 

that bring these two parties together and make a relationship. These elements bring 

together the parties of the relationship at a common point. Maximizing the utility is 

accomplished through these common elements. The customer will prefer the company 

that provides the most benefit from the products him /her purchases. Besides, the more 

sales companies can make, the more they will be able to increase their benefits. But the 

following questions are also important: 

- Does every customer have the same level of risk? 

- Does every customer expect the same from a product? 

- Is every customer has the same need for every product? 

- Is every customer always willing to give the same price for every product? 
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The answer to all these and similar questions reveals the concept of categorizing 

customer. Segmentation or clustering is grouping a collection of objects into subsets or 

“clusters,” such that those within each cluster are more closely related to one another than 

objects assigned to different clusters [2]. So, customers need to be grouped for benefit 

maximization purposes. A company that wants to categorize its customers to achieve the 

following objectives: 

- Price to apply, 

- Campaign to offer, 

- Maintain and increase customer loyalty, 

- Measuring the level of risk. 

 

Algorithm is a set of rules that precisely defines a sequence of operations for 

solving a given problem. It starts from an initial input of instructions that describe a 

computation that proceeds through a finite number of well-defined successive states, 

producing an output and a final ending state [3]. In simpler terms, it is a procedure for 

solving a mathematical problem in a finite number of steps that frequently involves 

repetition of an operation by using computer science. Basically, algorithm is a procedure 

or formula for solving a problem, based on conducting a sequence of specified actions. 

Computer science is the study of algorithmic processes and computational machines but 

it is not just about computers. Computers can only be considered as an assistant element 

in big and time-consuming operations that are difficult to calculate by human hand. 

Beside this, each algorithm has a structure that can be explained on paper without the aid 

of a computer.  
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In order to better understand that why customer segmentation should be done with 

the help of algorithm, a few examples are given below: 

- The number of internet users in only in the United States who are Amazon Prime 

members was 124 million in 2019, expected to be 142.5 million in 2020 and 153.1 

million in 2022 [4]  

- Facebook has over 2.9 billion monthly active users as of the second quarter of 

2022 [5] 

- Coca-Cola reached to 2.2 billion in Europe, 650 million in Latin America, 360 

million in North America, 4.5 billion in Asia Pacific, different consumers in 2019 

[6]  

- AliBaba’s annual active consumers on online shopping properties in China 

reached 903 million by the first quarter of 2022 [7] 

- Spanish banking giant Banco Santander reached to at approximately 153 million 

customer in 2019 [8] 

According to the examples given in different sectors, the number of customers 

reached can be expressed in millions or even billions and when we convert these numbers 

to transaction basis and it is obvious that manual calculations will not work effectively. 

For example, in the financial sector where price differentiation between customers is an 

important issue, it is not possible for a bank with 153 million customers to decide which 

customer it will offer which price by manual methods. So, algorithms should be used. 

Machine learning (ML) is the study of computer algorithms that improve 

automatically through experience [9]. Machine learning algorithms build a model based 

on sample data, known as "training data", in order to make predictions or decisions. The 

algorithms used in the customer categorization process also have an important place in 
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machine learning. How will machine learning algorithms can find solution from the 

training data offered to produce results? Machine learning, as the name suggests, is a 

learning process, and this process can be categorized in two ways, either supervised or 

unsupervised. In supervised learning, the goal is to predict the value of an outcome 

measure based on a number of input measures; in unsupervised learning, there is no 

outcome measure, and the goal is to describe the associations and patterns among a set of 

input measures [2].  So, unsupervised learning is descriptive and supervised learning is 

predictive; four different types of analytics are: 

- Descriptive analytics: What happened in the past? 

- Diagnostic analytics:  Why did an event happen? 

- Predictive analytics: What is most likely to happen next? 

- Prescriptive analytics: What is the most optimal action given the event happened? 

In the supervised learning system, there is a data so that the algorithms provides 

what output might occur next (predictive); however, in unsupervised learning models, 

algorithms aim to only create similar clusters based on the data. 

The use of unsupervised or supervised study depends on the structure of the data 

available. For the machine learning algorithm, the training data must be suitable for a 

supervised study. In supervised models, the variable targeted for prediction, has its results 

for each past observation within its set. This is a guiding principle that the algorithm can 

train and test on the data. Table 2 is a small example of bank with 10 different customers 

that we have information on age, gender and annual income of these customers as training 

set. The label column in the right table of Table 2 provides the opportunity to conduct a 

supervised study. For the left table, since this data does not contain information about 

customer’s payment performance, the algorithm will not be able to predict a customer's 
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ability to pay according to their specifications. The algorithm developed will only explain 

the differences / similarities between groups or customers, hence it will be an 

unsupervised and descriptive model. But with a labeled data on the right table, which 

shows customer has successfully paid their loan in the past, or has been in trouble, 

machine learning algorithm can predict the probability of paying the loan of any customer 

regarding to the age, gender and annual income. 

Table 2: Unlabeled Data versus Labeled Data 

 

Cluster analysis or clustering is the task of grouping a set of objects in such a way 

that objects in the same group (called a cluster) [10]. Segmentation terminology is also 

used for cluster analysis. The aim of cluster analysis is to divide a collection of objects 

into subsets which are called clusters, where elements in each clusters are more similar 

to each other and differs most from other cluster elements. Figure 8 shows a group of 

clustered data into three separate groups such as blue, green and yellow together with an 

algorithm. In short, segmenting aims minimizing the differences in each clusters, but 

maximizing distances in each cluster. 
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Figure 8: Clustered Customer Visual Example 

Segmentation methods can be divided into classes in more than one classification 

according to the need. For example, a classification is made as partitional versus 

hierarchical clustering where hierarchical clustering algorithms can be summarized as 

iterative loop algorithms by combining small groups or, on the contrary, dividing large 

groups. New clusters are formed with groups that are similar or not similar to each other 

until optimization is achieved at each step on the other hand, partitional clustering starts 

with determining the number of groups to be created first. Then, optimization is tried to 

be achieved by the method of shifting the centers of these groups. K-Means is the most 

common example for the partitional clustering model. 

Figure 9 visually shows the difference between partitional clustering and 

hierarchical clustering [11]. Those close to each other were clustered in three groups 

(which is pre-defined number of group) to provide optimization in partitional clustering 

then two yellow sub-group hierarchically grouped to yellow group.  
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Figure 9: Partitional versus Hierchical Clustering Visual Example 

Another classification is fuzzy versus non-fuzzy classifications. In non-fuzzy 

clustering methods, data is divided into sharp and specific clusters. An observation can 

only be in one cluster. However, in fuzzy models, an element can be in different clusters 

with a total weight of 1. Figure 10 visually shows the difference between non-fuzzy and 

fuzzy clustering [12].  All observations are distributed in cluster A or B with a weight of 

1 or 0. In this model, however, the observation can take place between both groups 

according to the coefficients ranging from 0 to 1. 

 

Figure 10: Non-fuzzy versus Fuzzy Clustering Visual Example 

Partial versus complete clustering are another classification methods. As the name 

suggests, while complete cluster algorithms all elements will be assigned to a defined 

cluster, some elements are not included in a cluster in partial models. The main reason 

for this is the noise and outlier elements in the data set. 
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In this thesis, the following two clustering methods are implemented and results 

are interpreted:  

- K-Means Clustering 

- Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 

Within the statistical results, a clustering algorithm is considered to be good if it 

satisfies the following requirements:  

- Minimum requirements of domain knowledge, 

- Making effective shaped clusters, 

- Good efficiency on large data sets 

- Easy to understand and interpret results 

but none of the existing algorithms can meet these three basic needs [13]. Therefore, each 

algorithm has advantages and disadvantages. 

K-Means clustering is one of the most used methods due to its ease of application. 

It starts with assigning each sample to a cluster by determining the closest distance 

between the sample and centroid [14]. The aim of the K-Means algorithm is to divide M 

points in N dimension into K cluster. In the simplest sense, the clusters each point to the 

k centers it has determined randomly at the beginning, then determines a new center for 

these clusters and makes the same clustering again. This process, which is like the most 

step-by-step iteration, continues until the group centers remain unchanged. [15]. In 

addition to being easy and fast to apply, the biggest disadvantage of this method is that it 

is not known in the first place how many K groups the group will be divided into. Also, 

the negative effect of outliers on this model is one of its disadvantages [16]. 

The key idea of Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN) is that for each object of a cluster the neighborhood of a given radius (Eps) 
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has to contain at least a minimum number of objects (MinPts) [17]. This model groups 

objects according to specific density objective functions like other Density-based 

clustering algorithms. [13]. Thanks to the specified Eps and MinPts, this model carries 

noise and outliers together with the clusters it eventually forms. However, although this 

method is advantageous in determining the outliers, it is also possible to use methods 

other than clustering for determining outliers. In this direction, for the detection of 

anomalies; there is a study made by a Turkish factoring company using Mahalanobis 

distance, Minimum Covariance Determinant (MCD) and Orthogonalized Gnanadesikan-

Kettenring (OGK) methods based on specific scenarios rather than clustering [18]. 

The literature research reveals that financial institutions, including banks, use the 

main clustering models described above, especially K-Means [19]. K-Means and 

DBSCAN models are also applicable for a factoring company. However, along with the 

customers, the drawers should also be taken into account at the segmentation stage. In 

this thesis, K-Means and DBSCAN algorithms are used in accordance with factoring 

needs. 

In the segmentation studies for banks, Customer Life Time Value (CLV) and 

Recency, Frequency, Monetary Value Model (RFM) models are also frequently used. 

Since these two models do not contain complex algorithms, they are very effective 

methods and can be used also by factoring companies. Although they seem like separate 

methods, CLV and RFM are sometimes seen as intertwined and used together. As there 

are applications of this in the banking sector, there are similar studies in the literature 

[20]. CLV models, aim to measure the financial benefit that a customer will provide to 

the company throughout its life. The goal is estimating future value of different customer 

segments. This modeling can be done using many different methods, one of which 
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includes outputting RFM parameters or RFM model itself. It means that, after calculating 

each customer segment value based on adapted weighted RFM model for example, using 

time series method for prediction of each segment future value (such as ARIMA), 

Customer Lifetime Value can be calculated and customers can be categorized. [21]. The 

RFM generates a score (for ex from 0 to 5) by ranking customers based on the parameters 

of when the customer last purchase (R), how often they purchase (F), and how much 

money they spend (M). The scores obtained from here can be used for purposes such as 

campaign management, pricing, or they can be used in CLV calculation. The RFM model, 

which is relatively simple and understandable, has been developed over time, and it has 

been tried to be made more effective by using different parameters according to the needs. 

For example, in the LRFM models, L (length, loyalty) parameter was tried to be added in 

the calculation, while in the LRFMP model, it was also taken into account whether the 

customers behaved regularly with the variable P (periodicity) [22]. 

On the other hand, this thesis proposes a two-stage clustering model. First, the 

drawers have been clustered, then the customers will are clustered by using the drawer 

clusters. Although there is no example is the banking sector, there are some two-stage 

clustering studies in different sectors. For example, in a research based on a Fintech 

company operating in the field of payment processor, the companies were first clustered 

with the K-Means and LRFMP method, and in the second stage, the clusters were re-

clustered into subgroups to make sense of them. [23]. 
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CHAPTER IV 

DATA SET 

 
Banks and factoring companies operating in Turkey have different licenses and 

are regulated by the Turkish official governmental intuition called Banking Regulation 

and Supervision Agency (BRSA). Due to the different licenses they have, the services 

they can offer to their customers and, accordingly, the information they can obtain about 

their customers through official institutions are also different from each other. In this 

respect, factoring companies have much more limited product possibilities, and on the 

other hand, they can access more limited information than banks. Factoring companies 

have access to the “cheque report” and “risk report” provided by the Credit Records 

Bureau (KKB) thanks to the tax identification number they will obtain from their 

customers (for example, through the tax certificate). Similarly, when customers apply to 

the factoring firm, the tax identification number of the drawer of that cheque is also on 

the cheque that they use. In this way, the factoring company has the opportunity to access 

the risk and check report of the drawer.  

Among the mentioned reports, the risk report; it provides information about the 

financial results of companies arising from their relations with banks, factoring 

companies and leasing companies. The risk report, which contains nearly 100 different 

information, provides information on the following topics, with sub-details of each, and 

three different financial institutions separately (bank, factoring, leasing): 

- The company tax number (identification), 

- The company name, 

- The company type, individual or commercial (Firms operating in Turkey can be 

divided into two; commercial and individual companies), 
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- The number of institutions that the company is associated with,  

- The company's total credit limit information in financial institutions,  

- The company's total credit usage in financial institutions (called "risk" in financial 

institutions terminology),  

- The company's total legal follow-up credit (non-performing loan, NPL) in 

financial institutions,  

- The company's first - last limit allocation date,  

- The company's first last follow-up date, 

- Individual Credit Score calculated by the Credit Records Bureau (KKB) on the 

past credit payment performance of an individual person (not the firm) 

The information provided is generally given in terms of both number and amount, 

depending on the content. Factoring companies, unlike banks, cannot access the 

customer's first or last loan application date. 

The Individual Credit Score is only available for individual companies and shows 

the credit rating of the owner of the company. It takes a value between 1 and 1900, where 

1 indicates the weakest score and 1900 indicates the strongest. In order to have an 

individual credit score, it is necessary that the company have a history of providing data 

within financial institutions related to enabling credit scoring, such as credit or credit card 

usage. For this reason, the individual credit score in the database has been made 

categorical in the following breakdowns with the help of domain information; (N/A, 1-

500, 501-999, 1000-1399, 1400+) 

On the other hand, the cheque report, contains nearly 100 data like the risk report, 

another service provided by the Credit Records Bureau, provides information about the 

payment performance of the cheques used by the firms only in their trade. Therefore, due 
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to the nature of the business, this report does not have a breakdown by bank, leasing or 

factoring company. The use of cheque in its trade by a company and using factoring 

finance are completely independent from each other. While factoring includes only 

cheques given to factoring companies for financing purposes, cheque information 

provides information about all checks issued. In summary, factoring is a small subset of 

the cheque used in Turkey. The information included in the cheque report provided by 

the Credit Records Bureau can be summarized as follows: 

- The company tax number (identification), 

- The company name, 

- Total number and amount of cheques due in the past (with 3, 6, 12 and 12 + month 

breakdowns)  

- Total number and amount of cheques paid successfully in the past,  

- Total number and amount of cheques defaulted and not paid in the past, 

- Date of first and last cheque paid successfully in the past, 

- Date of first and last check unpaid in the past, 

- Total number and amount of cheques to be paid in the future (with 3, 6, 12 and 12 

+ month breakdowns), 

- Cheque Index (Score) calculated by the Credit Records Bureau (KKB) on the past 

36 months cheque payment performance of the company. 

While the Check Index takes values between 0 and 1000, the absence of a firm's 

Cheque Index and its zero are two different situations. Cheque Index is not calculated for 

users who have not drawn (used) 3 or more checks in the last 3 years. Like the Individual 

Credit score, the Cheque Index in the database has been made categorical in the following 

breakdowns with the help of domain information; (N/A, 0, 1-500, 501-750, 751-999, 
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1000), where 0 means all cheques in the past were not paid on time (at maturity or at due 

date) and 1000 means all cheques were paid on time.  

Apart from the cheque report and the risk report, Credit Records Bureau provides 

factoring companies the opportunity to access data on cheque that were due but not paid 

the previous day throughout Turkey every day. In addition to the various information 

contained in this data, for each cheque following data are also available: 

- Cheque identification number, 

- Company (drawer) tax number (identification), 

- Cheque amount, 

- Cheque due (maturity) date, 

Thanks to the cheque identification number and the tax number of the drawer, the 

factoring firm has the information on whether or not each cheque application in the past  

has been paid, whether it accepts the application or not. This information is an important 

resource for a supervised modeling later in the thesis. The same data also shows the 

cheque information that was not paid on due date but was paid later. Since no data is 

shared about cheque paid on due date by Credit Records Bureau, cheque that are not 

included in this report are considered to be paid on due date. Table 3 shows the summary 

of the monthly report published by the Turkey Risk Center. According to this report, a 

total of 152.576 cheque were not paid on due date in 2021, and 40.026 of them were paid 

later [24] . Based on these data, it is seen that for the year 2021, the Credit Records Bureau 

shares an average of 850 cheque data per day (in 226 working days). 
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Table 3: Turkey Cheque Payment Performance in 2021 

 

As of September 2022, there are 49 different companies operating in Turkey. 

While 12 of these companies are subsidiaries of banks, the remaining 37 companies are 

called non-bank factoring companies. The SME focused factoring company used in the 

thesis is also takes place among the non-bank factoring companies. According to the 

BRSA reports, the total amount of factoring receivables on the balance sheets of factoring 

companies in 2021 year and is TL 59.9 million [25]. Considering the amount of cheques 

due in Turkey in 2021, which is in the second column of Table 3, it is observed that less 

than 1% of the cheques used in Turkey are subject to factoring. So, factoring is a small 

subset of the cheque used in Turkey. On the other hand, according to the Risk Center 

data, 92.000 different companies made factoring transactions in 2021. The factoring 

company, whose data are used in the thesis, made transactions with 36.000 different 

factoring companies in 2021 and made transactions with 39.1% of the factoring customers 

in the sector. According to this data, the data used includes the data of a very important 

part of the factoring companies in Turkey. On the other hand, in terms of factoring 

receivables (total 59.9 million in sector), the factoring firm has a share of only 3.2% in 

the sector. This is due to the fact that the factoring firm carries out SME focused 

transactions, that is, with small amount of transactions, but a large number of transactions. 
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The whole study of this thesis is based on the data of between January 2021 and 

November 2022, where 92.757 different customers applied to the factoring company with 

761.891 cheques. There are 163.805 different drawer cheques in these applications. As 

of November 2022, 643.480 of the same cheques are due, so the factoring firm has the 

information whether these cheques have been be paid or not. 23.130 of these cheques 

have not been paid on due date (4.7%). This data is used in the supervised study in 

determining variables of the drawers in the later parts of this thesis. 

Out of total of approximately 200 variables, as stated above, 45 variables in Table 

4 and Table 5 were selected from with the help of business knowledge. Due to their 

different profiles, the same variables were not used in customer segmentation and drawer 

segmentation. So, the drawers were segmented and these clusters were used as a variable 

in customer segmentation. At this stage, while determining the drawer variables; thanks 

to the cheque payment information provided by the Credit Records Bureau, a supervised 

study is conducted, but variables have been selected with business information on the 

customer side.  

The Python program and the following libraries were used in the study: Pandas, 

Numpy, Sklearn, Matplotlib, Min Max Scaler, Plot Confusion Matrix, Train Test Split, 

Decision Tree Classifier, Random Forest Classifier, Kneighbors Classifier, SVC, XGB 

Classifier, Extra Trees Classifier, Accuracy Score, Classification Report, Logistic 

Regression, Cross Val Score, Cx Oracle, Os, Tree, Metrics. 
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Table 4: Drawer Variables Selected with Domain Information 

 

Variable Explanation Source Drawer Customer

CEKENDEKSI
The firm's check score produced by Credit Bureau (based on past cheque 

payments)
Cheque Report √

KSD_IBRAZ_EDILEN_ILK_CEK_GUN
The date between the first cheque paid by the drawer and the application 

date in days
Cheque Report √

BKTOPLAMTAKIPBAKIYESI Total number of non-performing personal loans of the drawer in TL Cheque Report √

SON3BTURUCEKSAYISI
Total number of cheques not paid on due date of the issuer in the last three 

months in TL
Cheque Report √

KSD_TK_ILK_KREDI_KULLANIM_GUN
The number of days between the drawers first loan usage date and the 

application date in days
Cheque Report √

KSD_TK_SON_KREDI_KULLANIM_GUN
The number of days between the drawers first loan usage date and the 

application date in days
Cheque Report √

KSD_ODENEN_SON_CEK_GUN
The number of days between the date of the last paid check by the drawer 

and the date of application in days
Cheque Report √

KARSILIKSIZBTURUTOPLAMCEKSAY The number of checks that the drawer did not pay in the past at matuirty Cheque Report √

KARSILIKSIZBTURUTOPLAMCEKTUT The amount of cheques that the drawer did not pay in the past in TL Cheque Report √

TOPLAMODENMISCEKSAYISI
Total number of cheques matured and the drawer has paid successfully  in 

the past
Cheque Report √

SON3ODENENCEKSAYISI Total number of cheques the drawer has paid in the last 3 months Cheque Report √

KSD_ILERI_3AY_ODEYECEGICEKADEDI Total number of cheques the drawer will pay in the next 3 months Cheque Report √

TOPLAMVADELICEKADEDI Total number of checks the drawer will pay in the future Cheque Report √

TOPLAMCEKSAYISI
Total number of cheques which has matured in the past whether it is paid or 

not
Cheque Report √

KSD_ILERI_3_AY_CEK_TUTAR_ORAN
Total number of cheques the drawer has paid in the last 3 months / the total 

number of cheques the drawer will pay in the next 3 months
Cheque Report √

KSD_ILERI_3AY_ODEYECEGICEKTUT Total value of cheques the drawer will be bay in the next 3 months in TL Cheque Report √

SON3ODENENCEKTUTARI Total value of cheques the drawer has paid in the last 3 months in TL Cheque Report √

KSD_ILERI_3_AY_CEK_ADET_ORANI
Total value of cheques the drawer has paid in the last 3 months / the total 

value of cheques the drawer will pay in the next 3 months
Cheque Report √

TOPLAMODENMISCEKTUTARI
Total value of cheques the drawer has paid in the past at the maturity date in 

TL 
Cheque Report √

BKKREDINOTU
Credit score generated by the individual firm's past loan payment produced 

by Credit Bureau
Risk Report √

KSD_GERCEKTUZEL_T Firm type (individual/commercial) Risk Report √

KSD_TK_EN_GUNCEL_LIMIT_TAHSIS_GUN
The day between the last limit date allocated to the drawer by the bank and 

the application date in days
Risk Report √

BKTAKIPBILBULKRMSAY Number of financial institutions with non-performing loan in individual loans Risk Report √

KSD_LEASING_TOK_TOPLAM The drawers total leasing usage in TL Risk Report √

KSD_FAK_TOK_TOPLAM The drawers total factoring usage in TL Risk Report √

BKKURUMSAYISI
Number of financial institutions that the drawer has financial statements on 

individual loans
Risk Report √

BKKREDILIHESAPSAYISI The number of financial accounts of the drawer in individual loans Risk Report √

KSD_TOPLAM_BANKA_LIMIT_TUM
 Total bank limit of the drawer in TL Risk Report √

KSD_BANKA_LIMIT_KULLANILIM_ORAN The drawers' bank loan usage ratio (bank loan/ bank limit) Risk Report √
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Table 5: Customer Variables Selected with Domain Information 

 

 

 

 

 

 

 

 

 

Variable Explanation Source Drawer Customer

STC_BKKREDILIHESAPSAYISI The number of financial accounts of the customer in individual loans Risk Report √

STC_BKTOPLAMTAKIPBAKIYESI Total amount of non-performing personal loans of the cstomer in TL Risk Report √

STC_BKKREDINOTU
Credit score generated by the individual firm's past loan payment produced 

by Credit Bureau
Risk Report √

STC_TOPLAM_BANKA_LIMIT_TUM Total bank limit of the customer in TL Risk Report √

STC_TOPLAM_BANKA_RISK_TUM Total bank loan of the customer in TL Risk Report √

STC_LEASING_TOK_TOPLAM Total leasing usage of the customer in TL Risk Report √

STC_LEASING_TAK_TOPLAM Total leasing non-performing loan of the customer in TL Risk Report √

STC_FAK_TOK_TOPLAM Total factoring usage of the customer in TL Risk Report √

STC_FAK_TAK_TOPLAM Total factoring non-performing loan of the customer in TL Risk Report √

STC_BANKA_LIMIT_KULLANILIM_ORAN The customers' bank loan usage ratio (bank loan/ bank limit) Risk Report √

STC_SON_KANUNI_TAKIP_GUN
The day between the last legal follow up dade of the customer and the 

application date
Risk Report √

STC_TK_EN_GUNCEL_LIMIT_TAHSIS_GUN
The day between the last limit date allocated to the customer by the bank 

and the application date
Risk Report √

STC_BK_SON_KREDI_KULLANIM_GUN
Number of days between the customers last commercial loan usage date and 

the application date
Risk Report √

STC_TK_SON_KREDI_KULLANIM_GUN
Number of days between the customers last personal loan usage date and 

the application date
Risk Report √

CALISTIGI_KURUM_TOPLAM
Number of financial institutions that the customer has financial statements on 

individual loans
Risk Report √

TAKIP_KURUM_TOPLAM
Number of financial institutions with non-performing loan in individual and 

commercial  loans
Risk Report √
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CHAPTER V 

METHODOLOGY 

  

The aim of the thesis is to segment the customers of a factoring firm effectively. 

However, this process is carried out in two steps; in Step 1, the drawers subject to the 

factoring transaction have been segmented, and in Step 2, the customers have been 

segmented by using these drawer segmentations. In both segmentation processes, 

unsupervised work have been carried out and K-Means and Density-Based Spatial 

Clustering of Applications with Noise (DBSCAN) models were used. Figure 11 simply 

illustrates these two steps.   

 

Figure 11: Two Steps of Customer Segmentation 

Different variables were used in customer and drawer segmentation, both due to 

the data structure available and because customers and drawers have different profiles 

from each other. While determining the variables used in Step 1 of Figure 11, that is, in 

the drawer segmentation, a supervised study was implemented first, as it is known 

whether the cheque used in the past applications are paid by the drawers. To determine 

variables for the drawers, 6 different algorithms (Logistic Regression, Decision Tree 

Classifier, Random Forest Classifier, Extra Trees Classifier, K-Nearest Neighbor’s 

Classifier and XGBoost Classifier) will be used. As stated in the dataset chapter, 643.480 

cheque data which has matured (which means that can be labeled as 0 or 1) will be 
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allocated as 70% training sample and remaining 30% test sample. The results of the test 

data for each 6 model will be compared and significant variables have been used in the 

drawer segmentation according to the most appropriate model results. 

While determining the variables to be used in Step 2 in the Figure 11, that is, in 

the customer segmentation, variables have been selected with the help of domain 

information, since the cheque payment performance data which allows to conduct 

supervised work is not meaningful to the customer. However, in customer segmentation, 

the drawers segmented in the previous step also added as a variable among other 

variables. Therefore, the Figure 11 summarized above is like the Figure 12 below when 

we add these variable selection steps: 

 

Figure 12: Two Steps of Customer Segmentation Including Variable Selection Process 
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 Figure 13 shows the same process in three steps including the models used, the 

methods used, data source and evaluation processes. The results obtained by customer 

and drawer segmentation are interpreted separately. 

 

Figure 13: Flowchart of the Methodology 
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CHAPTER VI 

RESULTS OF CLUSTERING ANALYSIS 

6.1 Clustering Drawers 

6.1.1 Variable Selection for Drawer Clustering 

Before clustering drawers, variables to be used must be selected. The factoring 

firm can access more than hundred data belonging for both customer and drawer from 

Credit Records Bureau at the time of an application. Apart from the domain information 

about which of these data to be used, there is also the possibility for a statistical model 

for drawers. Even the drawer segmentation is a clustering (unsupervised model), the 

factoring firm has the information whether the matured 643.480 cheques in the past 

applications are paid or not when they are due (at payment day). Therefore, with the help 

of a supervised forecasting model, it is possible to gain knowledge about the factors 

affecting a drawers’ payment performance, which are the variables used for the 

segmentation model. Then, Step 1 determines the best supervised model, using a 

randomly selected training sample, 70% of the total data, and 30% of which is the rest 

part of the data as the test sample. Step 2 chooses the set of independent variables for the 

estimation of this model. 

The following six commonly used prediction models have been studied with their 

basic features explained below. 

Logistic Regression: Logistic regression is a method of estimating a binary 

outcome with the help of a list of independent variables. The estimation provided by the 

logistic regression is a probability which predicts the binary outcome variable equals 1, 
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given the baseline state is labeled as 0. In addition to being easily understandable and 

interpretable, it is one of the most preferred models due to its speed. 

Decision Tree Classifier: Decision tree model is the process of separating large 

data sets into smaller data sets, thanks to the decision stages it applies. In this model, we 

can say that the more effectively the variables used separate the data set at each stage, the 

more significant that variable is. The Gini Coefficient produced by these models helps in 

interpreting how pure the separated group is. Random Forest Classifier, Extra Trees 

Classifier, XGB Classifier are actually decision tree algorithms and there are slight 

differences between them. While these algorithms essentially reach the final result by 

producing more than one tree model, there are differences such as trees working 

independently from each other or each tree providing information transfer to another tree. 

K-Nearest Neighbors (KNN Classifier): This method assigns results based on the 

results of the observations closest (similar to) it. Each data point receives a prediction 

value based on the closest cluster to that point.  Alternative distance measures such as 

Euclidean or Mahalanobis distance can be used in the measurement of proximity. 

Figure 14 gives the structure of a confusion matrix, which is used to evaluate the 

results of a predictive model. With the help of confusion matrices, we can evaluate a 

model within itself and also effectively compare performances of alternative models. The 

fields specified in the sample matrix below can be explained as follows: 

True Positive: True prediction for true actual result 

True Negative: False prediction for false actual 

False Positive: True prediction for false actual 

False Negative: False prediction for true actual 
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Figure 14: Confusion Matrix Example 

The confusion matrices of all models are shown in Figure 15. The sum of 190.044 

data in the whole matrix show how each model predicted true and false results in the test 

sample. 

 

Figure 15: The Comparison of Confusion Matrices for Six Models 

Three different metrics are used to interpret the models in the matrix and make 

them comparable, calculated using the data in the matrix. 

Precision: The ratio of true predicted data to total true prediction data or the ratio 

of false predicted data to total false predicted data.  
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

True Positive

True Poisitive + False Positive
 (1) 

 Recall: The ratio of true predicted data to total true actual data or the ratio 

of false predicted data to total false actual data. 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =

True Positive

True Poisitive + False Negative
 (2) 

F1 Score: Harmonic mean of precision and recall results. As in our example used, 

there is a cost in estimating the paid cheque as not paid, as well as correctly estimating 

the cheques payable in the cheque payable model. Therefore, the F1 Score is an important 

metric as it takes into account the cost other than false negative and false positive. 

 
𝐹1 𝑆𝑐𝑜𝑟𝑒 =

2 x Precision x Recall

Precision +  Recall
 (3) 

Table 6 comparatively shows the evaluation metrics calculated from the confusion 

matrix of the six different models used. In Table 6, Random Forest Classifier has the best 

statistics of precision, recall and F1 Score for 0 and 1. Hence, Random Forest Classifier 

is chosen in the rest of this analysis for the purpose of variable selection. 

Table 6: Precision, Recall and F1 Score Comparison of six Models 

 

 The Gini Coefficient used as feature importance item in evaluating the variables 

to be selected in random forest model. The closer the Gini Coefficient is to 0, the more 

similar the elements in that group are. In parallel with this, since Gini Coefficient close 

to 0 have no distinguishing feature. Variables with a Gini Coefficient of 0.35 and above 
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are considered significant and 11 variables marked below red dotted line below Table 7 

were selected to be used in the drawer segmentation. 

Table 7: Gini Coefficients of Random Forest Classifier 

 

6.1.2 K-Means Clustering for Drawers 

One of the disadvantages of the K-Means clustering model is the determination 

of the K (number of clusters) that needs to be determined at the beginning. One of the 

Feature importance items (Gini Coefficient)

BKKREDILIHESAPSAYISI': 0.016

BKKREDINOTUcut_a4': 0.002

BKKURUMSAYISI': 0.012

BKTAKIPBILBULKRMSAY': 0.004

BKTOPLAMTAKIPBAKIYESI': 0.001

CEKENDEKSIcut_a5': 0.003

KARSILIKSIZBTURUTOPLAMCEKSAY': 0.002

KARSILIKSIZBTURUTOPLAMCEKTUT': 0.002

KSD_GERCEKTUZEL_T': 0.002

KSD_IBRAZ_EDILEN_ILK_CEK_GUNcut_a5': 0.005

KSD_LEASING_TOK_TOPLAM': 0.009

KSD_ODENEN_SON_CEK_GUNcut_a5': 0.001

KSD_TK_EN_GUNCEL_LIMIT_TAHSIS_GUNcut_a5': 0.002

KSD_TK_SON_KREDI_KULLANIM_GUNcut_a5': 0.002

KSD_TOPLAM_BANKA_LIMIT_TUM: 0.02

KSD_FAK_TOK_TOPLAM': 0.033

KSD_BANKA_LIMIT_KULLANILIM_ORAN': 0.039

TOPLAMODENMISCEKSAYISI': 0.042

SON3ODENENCEKSAYISI': 0.05

KSD_ILERI_3AY_ODEYECEGICEKADEDI': 0.05

TOPLAMVADELICEKADEDI': 0.052

TOPLAMCEKSAYISI': 0.057

KSD_ILERI_3_AY_CEK_TUTAR_ORANI': 0.063

KSD_ILERI_3AY_ODEYECEGICEKTUT': 0.072

SON3ODENENCEKTUTARI': 0.074

KSD_ILERI_3_AY_CEK_ADET_ORANI': 0.083

TOPLAMODENMISCEKTUTARI': 0.091
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most common methods in determining K, is the "Elbow Method”. The Elbow Method 

defines number of clusters by looking at the percentage of the comparison between the 

numbers of clusters that will form an angle on the curve. In essence, this method 

determines a center for each cluster it creates, and evaluates the distances of all elements 

in the cluster from this center with Within-Clusters Sum of Squares (WSS). Equation 4 

calculates WSS for each cluster, where greater the number of clusters k, the WSS value 

will be smaller or vice versa. [26] 

 
𝑊𝑆𝑆 = ∑𝑗=1

𝑘 ∑𝑖=1
𝑛 ∥ 𝑥𝑖

(𝑗)
−  𝑐𝑗 ∥ ² (4) 

n = the number of objects,  

xi = ith element in the cluster,  

cj = the centroid of jth cluster. 

 In Figure 16, the point at which the WSS effect of an additional cluster is not 

significant (regarding to the slope of the curve) is determined as the optimum number of 

clusters which is 5. Drawers segmented into 5 separate clusters with the K-Means method, 

together with the variables chosen. 

 

 

 

 

 

 

 

Figure 16: Elbow Method Result for Drawers 
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The K-Means model is run with 5 clusters, and the results are given in Table 8 

and Figure 17. A three-dimensional space representation is needed to visualize a 

clustering algorithm in which more than two variables are used. Alternatively, 

transforming the existing variables into two synthetic variables by Pricing Component 

Analysis (PCA) provides the opportunity to fit this data into a two-axis superimposition. 

Figure 17 were created with this method in order to visualize the distribution of the 

explorer clusters in Table 8. In Figure 17, the scale of the graph is arranged to leave out 

the extreme points and it is aimed to show the separation of the clusters better. 

Table 8: K –Means Clustering Results for Drawers 

 

 

 

 

 

 

 

 

 

 

Figure 17: Drawer Clusters Distribution Visual 
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While we investigate the current analysis in the figure and the table, it is also 

useful to interpret each cluster. Table 9 is a summary table of the mean statistics of each 

variable classified by clusters.  

Table 9: Variable Means for Interpreting Drawer Clusters 

 

Interprets about drawers from Table 9 are as follows: 

- Cluster 5, the smallest group (in terms of number of drawers), is the group of 

drawers that use cheques the most in their trade. 

- Relatively high percentages of next three months cheques pay ratio is observed in 

Clusters 2, 3 and 4. It is inferred that they have grown in the last three months 

with slightly more in cheque usage. 

- The average cheque size is significantly different across clusters. According to 

this variable, Cluster 5 drawers’ uses the largest size cheque size among the  

As a further analysis, we evaluate the clusters in the model within themselves. We 

investigate and compare the homogeneity of the clusters in Table 10 using the z-scores 

calculated by the equation 5. 

 
𝑧 − 𝑠𝑐𝑜𝑟𝑒 =

cluster standard deviation − cluster mean

cluster standard deviation
 (5) 
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Table 10: Variables Z-Scores of Drawers 

 

Table 10 shows that: 

- Cluster 5, the smallest group, and Cluster 1, the largest group are two clusters that 

differ significantly within themselves compared to the other 3 clusters. A possible 

explanation is that, among the existing drawers, outliers are probably gathered in 

these two clusters. 

Further statistics about cluster characteristics are given in Table 11 and they can 

be a guide for a more detailed drawer cluster analysis. 
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 Table 11: Drawer Cluster Statistics 
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6.2 Clustering Customers 

In this section, customers are clustered with the help of K-Means and Density-

Based Spatial Clustering of Applications with Noise (DBSCAN) algorithms. Then, two 

model compared within themselves to find the more effective clustering model.  

6.2.1 Variable Selection for Customer Clustering 

One of the independent variable used in clustering customers, is the categorical 

drawer cluster number obtained from the analysis of the previous section. Other 15 

clustering variables, are selected based on domain knowledge from SME factoring and 

displayed in Figure 18.  

 

 

 

 

 

 

 

 

 

 

Figure 18: The Correlation Matrix of Customer Variables  
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6.2.2 K-Means Clustering for Customers 

The number of clusters for customers is found to be 4 by the elbow method as 

seen Figure 19.  

 

 

 

 

 

 

 

 

Figure 19: Elbow Method Result for Customers 

Table 12 shows the cluster numbers and customer distribution by the K-Means 

model. 

Table 12: K –Means Clustering Results for Customers 

 

 

 

 

6.2.3 DBSCAN Clustering for Customers 

 In the DBSCAN algorithm, Eps and MinPts parameters must be provided. MinPts 

parameter determines the number of minimum observations in a cluster. The Eps 
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parameter, establishes the maximum distance two points can be from one another while 

still belonging to the same cluster. The default parameters of PHYTON are Eps = 0.5 and 

MinPts =5. Initially, Eps = 3 and MinPts=100 parameter values are chosen and the 

clustering model gives the results in the table. The model has divided the sample into 8 

clusters and the first two clusters include 99% of all customers. 

Table 13: DBSCAN Clustering Results for Customers, with Eps = 3 and MinPts = 100  

  

 

 

 

 

 

 

By trial and error method, the model parameters are changed to Eps = 126 and 

MinPts = 250, so that there are 4 clusters comparable to the K-Means model. Other 

parameter values also tried but did not significantly change the allocation into two 

clusters. It is interpreted that the density-based DBSCAN algorithm creates small clusters 

for outlier observations away from the center. 

The clustering results are shown is Table 14 and it is observed that although four 

clusters were obtained, the concentration in the two clusters did not change. 
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Table 14: DBSCAN Clustering Results for Customers, Eps = 126 and MinPts = 250 

 

 

 

 

 

 These results imply that the customer profile is concentrated in a certain center, 

therefore, the density-based DBSCAN algorithm includes many customers in the same 

two groups, and defines the remaining customers as outlier and noise, and includes them 

in small clusters. 

Table 15: Comparison of Two Clustering Models Distributions for Customers

  

 

 

Figure 20: Comparison of two Clustering Models of Customers Visualy 
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Figure 21 is a hypothetical representation created to better analyze the results of 

the two models. Accordingly, centroid-based K-Means separated the three groups close 

to a specific center within itself with the parameter K = 4, and clustered the two outlier 

groups as a single group. But with the given parameters, DBSCAN has separated the two 

outlier groups into small groups separately. When DBSCAN parameters are entered as 

Eps = 3 and MinPts = 100 as in the example above or PHYTON default Eps = 0.5 and 

MinPts =5, it is normal for the number of outlier groups to increase and to have many 

small clusters. 

 

Figure 21: Hypothetical representation of of the two algorithms 

In order to compare both models, the Mahalanobis distances (which is among the 

"distance-based" cross-sectional outlier methods for outlier detection) of the observations 

in the clusters of each model were also calculated. In its simplest terms, Mahalanobis is 

a measure of the distance between a multidimensional point X and the D distribution [18]. 

Table 16 shows the Mahalabonis Distance statistics for both models. Weighted average 

of Mahalanobis means of K-Means is 2.57 which is slightly better than the weighted 

average of means of DBSCAN of 2.61. This means that the clusters of the K-Means 

algorithm is more homogenous in total. It has been interpreted that Cluster 3 and Cluster 

4, which are two separate small outliers in DBSCAN (with low Mahalanobis scores of 

2.86 and 1.51, which is a good indicator), gathered in a single Cluster 4 in the K-Means 
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model, and because these two clusters are far from each other, the combined cluster's 

Mahalanobis score is high for K-Means (11.64). With different parameters to be selected 

in the DBSCAN model, various amount of different small clusters will be obtained. It is 

expected that these small groups will have low Mahalanobis values, that is, they will be 

efficient in terms of homogeneity, but this will cause the company that performs the 

segmentation to be faced with a large number of clusters with small customer numbers. 

Table 16: Comparison of Two Models’ Mahalanobis Distances for Customers 

 

Table 17, is a summary table showing K-Means model mean statistics of each 

customer cluster.  

Table 17: Variable Means for Interpreting Customer Clusters 

 

Interprets about customers from Table 17 are as follows: 
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- Customers in Cluster 4 have significantly more credits and limits in banking, 

leasing and factoring intuitions compared to other clusters. This suggests that the 

customers in Cluster 4 are financially strong companies. 

- The same cluster has the lowest mean data as Individual Credit Score (BKN). The 

fact that the Individual Credit Score (BKN) will be high for companies with high 

credibility contradicts the previous comment. However, at the same time, the 

Individual Credit Score (BKN) is calculated only for individual firms, and 

commercial firms do not have Individual Credit Score (BKN).  

Table 18 and Figure 22 shows the distribution of all customers in the dataset according 

to company type. Although the individual and commercial distribution is almost equal in 

total (54% vs 46%), 95% of the companies in Cluster 5 are commercial companies. 

 

Table 18: Customers Breakdown According to Company Type 
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Figure 22: Distribution of Customers According to Company Type 

  

Table 19 shows the number of customers in the cluster customers separately as 

individual and commercial. Clusters are interpreted differently according to the company 

type in the following Table 20. 

 

Table 19: Cluster Breakdown to Company Type 
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Table 20: Variable Means for Interpreting Customer Clusters on Company Type Basis 

 

 

- For both types of companies, it is observed that Cluster 1 has the least relationship 

with banks. Individual customers’ works with more financial credit institutions. 

- On the contrary, Bank limits and risks of commercial customers are higher in 

Cluster 2, 3 and 4 than individual customers. 

- It is interpreted that individual customers meet their financial needs by working 

with small limits but more institutions due to weaker financial strength than 

commercial customers. 

- The Individual Credit Score individual customers increases significantly from 

Cluster 1 to Cluster 4. This indicates that customers in Cluster 4 are in a stronger 

financial position. 

The drawer cluster variable that was used was in customer clustering not added to 

the analysis in Table 20. Instead, in Figure 23, the drawer clusters in each cluster were 

analyzed. It is observed that the drawer distribution among customer clusters does not 

change and remain in line parallel with the drawer cluster distribution handled in the 

drawer cluster. 
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Figure 23: Drawers Cluster Distribution in Customer Clusters 

Customers are aware of the quality of the cheque they bring (from the drawer) 

during the factoring process. Even though a customer with low credibility like Cluster 1, 

brings a cheque of a very strong drawer (Cluster 5 in our model) knows the quality of this 

cheque and for example, a price strategy should be made accordingly. 

Further statistics about cluster characteristics are given in Table 21 (for individual 

companies) and Table 22 (for commercial companies). They can be a guide for a more 

detailed customer cluster analysis. 
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Table 21: Individual Customer Cluster Statistics 
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Table 22: Commercial Customer Cluster Statistics 
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CHAPTER VII 

CONCLUSION 

This study is a first in the literature, clustering Turkish SME factoring customers. 

Since the factoring company whose dataset is used represent 39.1% of the total companies 

using for financing, an important data for the sector is included in the study.  

This thesis has been applied as two-stage clustering methods for the first time in 

the area of factoring sector. In order to produce meaningful or interpretable results, first 

the drawers were clustered and then these clusters were used as a variable in customer 

segmentation. 

When the clusters generated by the K-Means and Density-Based Spatial 

Clustering of Applications with Noise (DBSCAN) models are compared, it is observed 

that the clusters of the K-Means algorithm are more balanced in terms of distribution of 

the number of customers across clusters. On the other hand, the clusters generated by the 

DBSCAN model are more homogeneous, especially for outlier clusters. Homogeneity 

means an effective segmentation, which is there are few outliers within a cluster as 

defined by the Mahalanobis distance of each observation. The DBSCAN model can 

generate several homogeneous clusters containing a small number of customers if model 

parameters are appropriately calibrated. On the contrary, if few number of clusters are 

preferred, the homogeneity of the DBSCAN algorithm gets worse and the K-Means 

model gives more balanced clustering results. On the other hand, it has been observed 

that the drawer clusters within the customer clusters created did not differentiate from the 

total drawer cluster distribution.  
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