
Self-Organizing Maps for Fraud Profiling in 

Leasing 
 

Mirjana Pejić Bach*, Nikola Vlahović* and Jasmina Pivar* 
*University of Zagreb, Faculty of Economics & Business, Zagreb, Croatia  

mpejic@efzg.hr, nvlahovic@efzg.hr, jpivar@efzg.hr 

 

 
Abstract - Fraud is intended and planned activity aimed 

at achieving material or immaterial gains against interests of 

an organization or a person. It often occurs in financial 

industries, such as banking, insurance, and leasing. The goal 

of this paper is to present a novel approach to profiling 

fraudulent behavior in leasing companies, using self-

organizing maps. Dataset of one leasing company that 

consists of both fraudulent and non-fraudulent transactions 

has been analyzed. Cluster analysis has been applied using 

the self-organizing maps algorithm, with the support of 

Viscovery SOMine software. Five clusters were identified, 

that have a different structure according to an industry of the 

client, previous experience with a client, type of a leasing 

object, and status of a leasing object (new or used). Clusters 

were compared using chi-square test according to proportion 

of fraudulent and non-fraudulent transactions, resulting in 

profiles of clients and leasing objects that are more prone to 

fraudulent behavior.  
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I. INTRODUCTION 

The focus of this paper is frauds and defaults in leasing 

industry committed by clients. According to the Basel 

Committee [1] frauds are “losses due to acts of a type 

intended to a defraud, a misappropriate property or a 

circumvent regulation, a law or a company policy which 

involves at least one internal or third party”, where former 

denotes internal and later denotes external fraud. External 

fraud can be committed by a customer or a supplier. 

Internal fraud can be committed by an employee in a front 

office, an employee in accounting, back office and so on. 

In reality, fraud is occasionally a mixture of both types.  

Leasing industry is suspected of a high risk of fraudulent 

behavior. Understanding of circumstances, conditions and 

repercussions of fraud in leasing industry is therefore of 

high importance. Frauds committed by a third party often 

happen due to financial problems and opportunities due to 

omissions in procedures.  

Two fraud scenarios that describe a client act are (i) 

intentional fraud and, (ii) refusal to return a leasing object. 

Leasing companies are not able to contact a client or trace 

an asset if fraud is intentional. When a client refuses to 

return a leasing object, a leasing company can contact the 

client and knows the location of the leasing object. 

However, due to a client refusal based upon different 

explanations, regaining or repurchase of a leasing object is 

not possible without a struggle. For this purpose, we will 

define term fraud as every act of a client that results in 

decreased possibility to regain a leasing object or a 

payment during collection.  

When it comes to fraud management, leasing companies 

need to be aware that business environment is highly 

dynamic. Fraudsters change their strategies to be ahead of 

leasing companies and regulators, so leasing companies 

need to take actions to prevent frauds by investing in data 

analytics and artificial intelligence for fraud detection as 

much as possible.  

Data analytics solutions and built-in fraud detection 

algorithms can handle large amount of data and discover 

patterns which also can be visualized in an easily 

understandable format. A useful method is clients’ 

segmentation and profiling based on their demographic 

characteristics, behavior patterns, a risk profile, and so on. 

For this purpose data generated from various sources, 

including corporate data such as clients’ database can be 

used. This way a leasing company can analyze 

transactions, recognize and predict a fraud/default 

happening, and develop an appropriate response system 

for fraud specific patterns noticed. 

Fraud and default detection and prediction systems are 

based on different data mining methods. Some of the 

standard data mining methods used for financial fraud 

detection are neural networks and clustering methods such 

as self-organizing maps.  

Here are some examples of applications of neural 

networks for researching frauds in insurance and finance. 

Gómez et al. [2] and Dorronsoro et al. [3] used neural 

networks for fraud scoring in card payments and 

operations. Zakaryazad and Duman [4] used neural 

networks for fraud detection on real-life data sets about 

bank’s direct marketing. Viaene et al. [5] explored 

“capabilities of neural network classifiers for personal 

injury protection in automobile insurance claims fraud 

detection”. Fuzzy neural networks were used to assess risk 

of fraudulent financial reporting [6]. Van Vlasselaer et al. 

[7] presented “APATE, the approach to detect fraudulent 

credit card transactions conducted in online stores”. 

APATE combines data on transactions and customer 

spending and exploits the network of merchants and credit 

card holders.  

Self-organizing maps are unsupervised neural network 

approach to clustering [8] and are widely used for research 

of different aspects of banking, such as marketing and 

finance. Several authors discussed applications of self-

organizing maps. Pejić Bach et al. [9] used self-organizing 
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maps for market segmentation of business clients of 

Croatian banks. Three clusters were identified and used to 

suggest appropriate marketing activities. Holmbom et al. 

[10] used self-organizing maps for customer portfolio 

analysis. Merkevicius et al. [11] investigated how self-

organizing maps can be used for forecasting of credit 

classes. They generated the model of credit units by similar 

characteristics of the process to determine credit classes. 

Lee et al. [12] compared the back-propagation network and 

self-organizing maps regarding the accuracy of bankruptcy 

prediction.  

Self-organizing maps have been applied to financial 

fraud detection as well. Quah and Sriganesh [13] focused 

on real-time fraud detection and presented a new approach 

based on self-organizing maps for better understanding of 

fraudulent spending patterns. Zaslavsky and Strizhak [14] 

used self-organizing maps to derive the model of typical 

cardholder’s behavior and to find suspicious transactions 

based on the analysis of deviations in transactions. 

Brockett et al. [15] used self-organizing maps to classify 

automobile bodily injury claims by fraud suspicion. 

Olszewski [16] used self-organizing maps for visualization 

of user profiles and comparison of credit card frauds, 

telecommunications frauds, and network intrusion. 

To our best knowledge, there is no previous research 

that would test the usage of self-organizing maps in leasing 

industry. Based on this research gap, we form the 

following goals of the paper: (i) to determine and describe 

client clusters of Croatian leasing industry by using self-

organizing maps based on demographic, behavioral and 

operational attributes, and (ii) to identify attributes that are 

crucial for an explanation of committed frauds and 

defaults. These attributes can be used for further detection 

and prediction of frauds and defaults. The scientific 

contribution of our paper is that the self-organizing maps 

algorithm are applied for profiling fraudulent behaviour 

and tested on the dataset of Croatian leasing company.   

The paper consists of five sections. After the 

Introduction, there is Methodology section in which self-

organizing maps, sample description as well as statistical 

analysis are presented. The third section provides Results, 

including results of cluster identification and cluster 

analysis according to fraud and default. The fourth section 

of the paper discusses results, while the last section is 

Conclusion. This work has been fully supported by the 

Croatian Science Foundation under the project “Process 

and Business Intelligence for Business Performance” - 

PROSPER (IP-2014-09-3729). 

II. METHODOLOGY 

A. Self-organizing maps (SOMs) 

The concept of neural networks presents basic idea 

behind self-organizing maps (SOMs). The architecture of 

the SOM is a “feed-forward neural network with a single 

layer of neurons arranged into a rectangular array” [17]. 

The main characteristic of artificial neural networks, 

including SOMs, “is the property of learning from data 

entered in the network input layer” [9]. SOMs are 

representatives of unsupervised learning, which means 

that they are trained with “no prior knowledge available, 

and no assumptions made about the class membership of 

the data” [18]. Kohonen [19] defined the relationship 

between the input signal and the synaptic adaptation of 

neurons. This relationship is called the learning rule or 

Kohonen algorithm.  

Kohonen algorithm is defined as follows. “When an 

input pattern is presented to SOM, each neuron calculates 

how similar the input is to its weights. A neuron whose 

weights are most similar (minimal distance in input space) 

is declared the winner of the competition for the input 

pattern, and weights of the winning neuron are 

strengthened to reflect the outcome” [17]. “The winning 

neuron receives the most learning at any stage with 

neighbors receiving less, the further away they are from 

the winning neuron” [20]. After learning process is 

completed, neighboring nodes have values similar to 

original data space. This process can mathematically be 

seen as non-linear, non-parametrized regression. Entirely 

few refinements have been made to Kohonen algorithm.  

Clustering allows homogenous groups to be found. In a 

SOM all the data is ordered according to similarity. 

Intuitive representation makes it possible to determine 

homogenous regions manually. In Viscovery SOMine 

software, clusters can be built by using several clustering 

algorithms including classical Ward algorithm, SOM-

Ward algorithm and SOM Single Linkage algorithm. At 

the initial clustering step of Ward algorithm, every cluster 

contains a single point. Such cluster is called singleton. 

Each of the next clustering steps finds and joins a pair of 

clusters that have a minimal distance called Distance 

Niveau [9, 21]. 

Viscovery became the market leader in SOMs by 

employing an optimized version of Kohonen algorithm. 

The SOM algorithm is highly efficient in handling large 

amounts of data [22]. SOMs are visually presented so users 

can intuitively analyze dependencies in data. Therefore, 

for the purpose of this research, SOM-Ward algorithm 

implemented in Viscovery SOMine software was used. 

Training parameters of SOM-Ward algorithm are 

tension and training schedule. Tension is related to the map 

adaptation to data space. When tension is small, the map 

adapts better to data space. Typical values are between 0.3 

and 2.0. Training schedule can be set to Normal, Fast and 

Longer. Normal training schedule is used to get standard 

accuracy, Fast is used to get a quick review of the data, 

and Longer is used to get the higher accuracy. 

Disadvantage of Viscovery SOMine is that the number of 

clusters needs to be set before running the algorithm. 

Moreover, characteristics of data are commonly not known 

in advance. Therefore, determining the number of clusters 

is a crucial point of clustering. This problem was solved by 

running the SOM algorithm with varying numbers of 

clusters and selecting the most appropriate clustering result 



using domain knowledge, by consulting the expert in the 

field [23]. 

B. Sample description 

Dataset used in this research is the client base of one 

Croatian leasing company containing the 13.057 SMEs 

and sole proprietorships clients with expired contracts, 

with the limited number of demographic, behavioral and 

operational attributes. Table 1 presents attributes used in 

this research. Demographic attribute of clients is Client 

Sector. Behavioral attributes of clients are Client New/Old 

and Fraud/Default. Operational attributes are Leasing 

Object and Leasing Object New/Used. Modalities of 

attribute Fraud/Default are based on aliases, which are the 

result of data pre-processing. Attribute Leasing Object – 

Detailed was not used for clustering. 

 
TABLE 1. DATASET ATTRIBUTES 

Attribute name Modalities of attributes 

Attributes used for clustering 

Client Sector 
8 modalities: trade, other services, construction, 

agriculture, tourism, public, financial, chemical 

Client New/Old 2 modalities: new, old 

Leasing Object  

12 modalities: car, light commercial vehicle, 
truck_tugboat, machine, equipment, 

trailer_semitrailer, motor, agri_forest, forklift, 

vessel, public, other 

Leasing Object 

New/Used 
2 modalities: new, used 

Fraud attribute 

Fraud/Default 

2 modalities: 1 (1 alias: termination fraud_default; 

0 (5 aliases: financial, pre-term repurchase, 

normal, pre-term termination, harm) 

Attribute used for additional analysis of fraud/default 

Leasing Object 

- Detailed 

brands’ names of leasing object (if available) or 

other detailed description of leasing objects 
Source: Authors 

C. Statistical analysis 

Cluster analysis was performed by using the SOM 

Ward algorithm implemented in Viscovery SOMine 

software. First, map size, training parameters as well as the 

clustering method were defined. Number of nodes 

determines granularity of the map where more nodes result 

in a more detailed map but require more time for training. 

For the described dataset, parameter values were set as 

follows: training schedule was set to Normal and tension 

was set to 0.5. A map with 14000 nodes and the automatic 

ratio was trained. The number of 5 clusters was determined 

and specified. SOM-Ward clustering method was 

requested. Next steps were to explore the map and to 

identify clusters which are presented in the Results section. 

Chi-square tests results were used to discover: (i) 

significant associations between clusters and following 

attributes: 1. Client New/Old, 2. Client Sector, 3. Leasing 

Object, 4. Leasing Object New/Used; and (ii) significant 

associations between modalities of chosen attributes and 

occurrence of fraud/default within clusters. 

III. RESULTS 

A.  Cluster identification 

Five clusters were identified based on the map size, 

training parameters and the clustering method set as 

described in II.C., 1st paragraph. Figure 1 visually 

represents SOM-Ward Leasing client clusters after 

training with their names given according to the most often 

leasing objects and client sectors: C1: New cars / Trade 

(72.18% of clients), C2: Used trucks or tugboat / Other 

services (14% of clients), C3: New machinery / 

Construction (7.28%), C4: New motors / Trade (4.68% of 

clients), and C5: New machinery and tractors / Agriculture 

(1.86% of clients). For each of clusters, average values of 

numerical variables and modal values of categorical 

variables are presented (Table II).  
 

 
Figure 1.  SOM-Ward Leasing client clusters (Source: Authors, using 

leasing dataset and Viscovery SOMine software) 

TABLE II. AVERAGE VALUES OF NUMERIC VARIABLES AND MODAL 

VALUES OF CATEGORICAL VARIABLES ACCORDING TO CLUSTERS 

Cluster C1 C2 C3 C4 C5 

Client - New 48.5% 44.3% 42.5% 38.6% 67.9% 

Client -  Old 51.5% 55.7% 57.5% 61.4% 32.1% 
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Fraud/ 

Default 

10.7% 12.3% 17.1% 9.8% 18.5% 

Source: Authors, using leasing dataset 

Each cluster is described based on the Leasing object 

attribute used in the analysis: Cluster 1 is labeled as Cars, 

Cluster 2 as Trucks and trailers, Cluster 3 as Machines, 

Cluster 4 as Other leasing objects and, finally, Cluster 5 is 

labeled as Agricultural machines and tractors.  



The highest percentage of old clients is in Cluster 4 

(61.5%), and highest percentage of new clients is in 

Cluster 5 (67.9%).  

In Cluster 1 41.9% of clients perform trade activities, 

and in Cluster 4 there is 46,8% of such clients. In Cluster 

1 clients performed other services activities (27.9%), 

construction activities (17.3%) and others were in a 

smaller percentage. Cluster 2 contains the highest 

percentage of clients that performed other services 

activities (56.2%). This percentage is high for Cluster 3 

(31.4%) as well. Construction activities are the most 

common activity of clients of Cluster 3 (43.3%). Cluster 5 

contains the highest percentage of clients that perform 

agricultural activities (75.3%), followed by trade (16.5%).  

Clusters differ significantly according to attribute 

Client Sector. The highest percentage of new leasing 

objects is present within Cluster 4 (84.5%), and the highest 

percentage of old leasing objects is present within Cluster 

2 (80.6%).  

B. Cluster analysis according to fraud and default 

In this section cluster members according to chosen 

attributes and occurrence in fraud/default are presented.  

Table III presents members of each cluster according 

to the status of clients (new/old) and occurrence of fraud 

or default. For Cluster 1 there is 60.1% of cases in which 

fraud/default occurred in contracts with new clients. 

Within Cluster 5 there is even higher percentage of new 

clients with fraud or default. Chi-square test indicates that 

these differences are statistically significant for both 

Cluster 1 and Cluster 5 at 1% and 5% level respectively. 

TABLE III. CLUSTER MEMBERS ACCORDING TO STATUS OF CLIENT 

(NEW/OLD) AND OCCURRENCE OF FRAUD OR DEFAULT 

Fraud/default  

Clu- 

ster 
Client 

new/old 

No Yes Total Chi-

Square/ 

 p-value 

C1 New 47.1% 60.1% 48.5% 61.096 
(0.000**) Old 52.9% 39.9% 51.5% 

C2 New 44.3% 44.2% 44.3% 0.001 

(0.971) Old 55.7% 55.8% 55.7% 

C3 New 42.5% 42.6% 42.5% 0.000 

(0.985) Old 57.5% 57.4% 57.5% 

C4 New 38.1% 43.3% 38.6% 0.622 

(0.430) Old 61.9% 56.7% 61.4% 

C5 New 64.6% 82.2% 67.9% 5.197 
(0.023*) Old 35.4% 17.8% 32.1% 

Total 100 % 10% 100 % 
 

Source: Authors, using leasing dataset 
Note: ** statistically significant at 1%; * 5% 

 

Table IV shows members of each cluster according to 

client sector (trade, other services, construction, 

agriculture, tourism, public, financial, chemical) and 

occurrence of fraud/default according to client sector. In 

Cluster 1 highest percentage of frauds or defaults were 

committed by clients doing business in trade sector 

(31.8%), other services (26.4%) and construction sector 

(26.4%). Results related to construction sector are 

especially interesting since clients from this sector make 

17.3% of the cluster. For Cluster 2 it is noticeable that 

clients doing business in construction sector committed 

highest percentage of frauds or defaults (44.4%), followed 

by other services sector 30.2%. Cluster 5 contains the 

highest percentage of clients from agricultural sector 

(75.3%) who committed 97.8% of frauds or defaults. Chi-

square value shows a significant association between the 

occurrence of frauds or defaults and clients’ sector for 

Clusters 1 and 5 at 1%, and for Cluster 4 at 5% level. 

TABLE IV. CLUSTER MEMBERS ACCORDING TO CLIENT SECTOR AND 

OCCURRENCE IN FRAUD OR DEFAULT 

Fraud/default  

Clu- 

ster 

Client sector No Yes Total Chi-

Square/ 

p-value 

C1 Agriculture 5.5% 6.7% 5.7% 97.087 

(0.000**) Chemical 0.3% 0.1% 0.3% 

Construction 16.2% 26.4% 17.3% 

Financial 0.5% 0.6% 0.5% 

Other Serv. 28% 27.4% 27.9% 

Public 2.2% 0.8% 2% 

Tourism 4.7% 6.2% 4.9% 

Trade 42.6% 31.8% 41.4% 

C2 Agriculture 0.4% 1.3% 0.5% 6.771 
(0.148) Construction 16.7% 11.6% 16.1% 

Other 

Services 

55.9% 58.5% 56.2% 

Tourism 0.7% 0.4% 0.7% 

Trade 26.2% 28.1% 26.5% 

C3 Construction 43% 44.4% 43.3% 0.142 

(0.932) Other Serv. 31.6% 30.2% 31.4% 

Trade 25.4% 25.3% 25.4% 

C4 Agriculture 3.1% 3.3% 3.1% 14.498 

(0.013*) Construction 14% 30% 15.5% 

Other Serv. 29.9% 20% 29% 

Public 0.2% 
 

0.2% 

Tourism 6% 
 

5.4% 

Trade 46.8% 46.7% 46.8% 

C5 Agriculture 70.2% 97.8% 75.3% 15.050 

(0.005**) Construction 2.5% 
 

2.1% 

Other Serv. 6.6% 
 

5.3% 

Tourism 1% 
 

0.8% 

Trade 19.7% 2.2% 16.5% 

Total 100 % 100% 100 % 
 

Source: Authors, using leasing dataset 
Note: ** statistically significant at 1%; * 5% 
 

Table V presents members of each cluster according to 

a leasing object and occurrence of fraud/default according 

to leasing object. For Cluster 1 it is noticeable that cars 

were the subject of fraud/default in 62.5% of cases and 

light commercial vehicles are second with 31.3%. Trucks 

and tugboats (62.5%) occurred most often in frauds or 

defaults of Cluster 2. Finally, within Cluster 4 65% of 

frauds or defaults were related to forklifts. Association 

between the occurrence of frauds or defaults and a type of 

leasing object for Clusters 1, 2 and 4 is significant at 1% 

level. 

 

 

 



TABLE V. CLUSTER MEMBERS ACCORDING TO LEASING OBJECT AND 

OCCURRENCE IN FRAUD OR DEFAULT 

Fraud/default  

Clu-

ster 

Leasing 

Object 

No Yes Total Chi-

Square/ 

p-value 

C1 Car 67.4% 62.5% 66.8% 21.916 
(0.001**) Equipment 5.7% 4.2% 5.6% 

Light  

commercial 

vehicle 

25.2% 31.3% 25.8% 

Machine 0.8% 0.8% 0.8% 

Truck_ 

tugboat 

0.9% 1.3% 1% 

C2 Public 4.2% 0.9% 3.8% 22.395 

(0.000**) Trailer_ 

semitrailer 

23.3% 36.6% 24.9% 

Truck_ 

tugboat 

72.4% 62.5% 71.2% 

C3 Machine 82.9% 17.1% 100% / 

C4 Forklift 34.5% 65% 37.5% 24.635 
(0.000**) Motor 43.7% 15% 40.9% 

Other 0.4% 
 

0.3% 

Vessel 21.4% 20% 21.3% 

C5 Agri_forest 81.5% 18.5% 100% / 

Total 100 % 10% 100 % 
 

Source: Authors, using leasing dataset 
Note: ** statistically significant at 1% 
 

Table VI describes members of each cluster according to 
the status of leasing objects (new/used) and occurrence of 
fraud/default payments according to the status of leasing 
object. New leasing object (86.5%) occurred most often in 
frauds or defaults of Cluster 5. Association between the 
occurrence of frauds or defaults and type of leasing object 
status (new/old) are shown to be significant at 1% level.  

TABLE VI. CLUSTER MEMBERS ACCORDING TO STATUS OF LEASING 

OBJECT (NEW/OLD) AND OCCURRENCE OF FRAUD/DEFAULT  

Fraud/default  

Clu- 

ster 

Leasing 

object 

New/Used 

No Yes Total Chi-

Square/ 

p-value 

C1 New 66.6% 69.5% 66.9% 3.327 

(0.068) Used 33.4% 30.5% 33.1% 

C2 New 18.6% 25% 19.4% 5.079 

(0.024*) Used 81.4% 75% 80.6% 

C3 New 59.1% 60.5% 59.4% 0.103 
(0.749) Used 40.9% 39.5% 40.6% 

C4 New 84% 86.7% 84.5% 0.249 

(0.618) Used 15.8% 13.3% 15.5% 

C5 New 88.9% 62.2% 84.% 19.352 

(0.000**) Used 11.1% 37.8% 16% 

Total 100 % 10% 100 % 
 

Source: Authors, using leasing dataset  
Note: ** statistically significant at 1%; * 5%  
 
Additional analysis was made based on brand or other 

detailed description of leasing objects. Table V describes 
members of each cluster according to brands of leasing 
object and occurrence of fraud/default payments according 
to it.  For Cluster 1 it is noticeable that VW vehicles were 
leasing object in 11.2% of cases when frauds or defaults 
occurred. Peugeot vehicles appeared in 9.7% of such cases 
and Citroen in 9.1% of such cases. MAN trucks occurred 
most often in frauds or defaults of Cluster 2. For Cluster 4 

it is noticeable that in 6% of cases in which fraud/default 
occurred forklift was subject to leasing agreement. There is 
a significant association between the occurrence of frauds 
or defaults and leasing object-detailed for Clusters 1, 2 and 
4 at 1% level according to brands of leasing objects.   

TABLE VI. CLUSTER MEMBERS ACCORDING TO LEASING OBJECT - 

DETAILED AND OCCURRENCE OF FRAUD OR DEFAULT 

Fraud/default  

Clu- 

ster 
Leasing object 

- detailed 

No Yes Total Chi-

Square/ 

 p-value 

C1 VW 9.3% 11.2% 9.5% 98.707 

(0.000**) Peugeot 8.7% 9.7% 8.8% 

Citroen 7.2% 9.1% 7.4% 

Fiat 3.7% 6.8% 4% 

Renault 7.5% 6.4% 7.4% 

BMW 5.7% 5.8% 5.8% 

Opel 5.1% 4.3% 5.1% 

Other 52.8% 46.7% 52% 

C2 Mercedes-Benz 23.8% 12.1% 22.4% 60.825 
(0.000**) MAN 18.8% 18.3% 18.8% 

IVECO 11.5% 12.1% 11.6% 

Other Trailers 8.2% 14.3% 9% 

Other Trucks 8.4% 2.7% 7.7% 

Schmitz 6.4% 5.4% 6.3% 

Volvo 4.7% 7.6% 5.1% 

Other 18.2% 27.5% 19.1% 

C3 Construction  28.6% 35.2% 29.7% 14.741 

(0.142) JCB 18.4% 19.1% 18.5% 

Komatsu 8.9% 10.5% 9.2% 

Machines Print 8% 6.8% 7.8% 

Catterpillar 5.6% 7.4% 5.9% 

Mach. Metal 5.7% 3.7% 5.4% 

Other 24.8% 17.3% 23.5% 

C4 Motor 43.7% 15% 40.9% 27.751 

(0.000**) Forklift 33.2% 60% 35.8% 

Other 23.1% 25% 23.3% 

C5 Agri Machines 69.2% 57.8% 67.1% 2.163 

(0.141) Tractor 30.8% 42.2% 32.9% 

Total  100 % 10% 100 % 
 

Source: Authors, using leasing dataset 

IV. DISCUSSION AND CONCLUSION 

SOM-Ward algorithm implemented in Viscovery 

SOMine software was used to cluster business clients of 

the leasing company. SOM-Ward algorithm extracted five 

clusters. In analyzing and interpreting the clusters, we first 

described each cluster descriptively according to the all 

clustering attributes. Second, we applied Chi-Square for 

testing association between the attributes’ modalities and 

occurrence of fraud/default within the clusters. We 

detected significant associations between the modalities of 

chosen attributes and occurrence of fraud/default within 

each cluster. Leasing companies can develop their internal 

analysis based on the presented methodology and develop 

profiles of contracts that are particularly suspected of 

fraud. Table VII presents significant associations between 

modalities of attributes and occurrence of fraud/default 

within each cluster. Members of clusters have following 

characteristics, which are related with the fraud/default in 

leasing at 1% or 5% level of significance. In Cluster 1 there 

are mainly new clients that operate in construction and 



trade industries, and buy mainly cars and light commercial 

vehicles, while Cluster 3 contains same industries, buying 

forklifts. In Cluster 2, there are mainly companies buying 

used trailers, semitrailers, trucks, etc. Cluster 5 contains 

mainly new clients from agriculture sector that bought new 

equipment. It can be concluded that sectors that are the 

most fragile to crises period, due to their tight relationship 

with economic cycles (trade, construction, agriculture) are 

the most likely to generate fraudulent behavior related to 

leasing contracts. In addition, special types of vehicles are 

also related to these industries, such as light commercial 

vehicles, trailers, semitrailers, trucks and tugboats, as well 

as forklifts. These results indicate that SMEs (especially 

new clients) should be double-checked before signing a 

contract. Cars are occurring as prone to risk only when 

they are bought by new clients operating in construction 

and trade, which poses an area for additional checking.  

TABLE VII. SIGNIFICANT ASSOCIATIONS BETWEEN MODALITIES OF 

ATTRIBUTES AND OCCURRENCE OF FRAUD/DEFAULT WITHIN CLUSTERS 

Clu-

ster 

Client 

New / Old 

Client sector Leasing object L.Object 

New/ 
Used 

C1 

 (1%, 
new) 

  
(1%, 

construction, 

other, trade) 

 (1%, cars 

and light 
commercial 

vehicles) 

 

C2 

  

 (1%, 
trailer_semitrai; 

truck_tugboat) 

 (5%, 

used) 

C3     

C4 

 

 (5%, 
construction, 

other, trade) 

 (1%, forklift)  

C5  (5%, 

new) 

 (1%, 

agriculture) 
 

 (1%, 

new) 

Source: Authors, using leasing dataset 

Note:  Statistically significant at 1% and 5%;  - no significance 

 
When taking into account results of our research; 

several limitations have to be taken into account: we used 
data of one leasing company, focusing only on SMEs and 
sole proprietorships; and we used expert knowledge for 
selecting number of clusters. However, these limitations 
also provide fruitful directions for future research, which 
lies in the following. First, data from multiple companies 
and a broader range of clients should be used in order to test 
our findings. Second, expert knowledge as a method for 
selecting clusters should be compared with the formal 
procedure, such as the one by Levine et al. [24].  
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