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Introduction

Investors follow different investment patterns depending on the circumstances they 

find themselves in. �ese factors may be environmental or personal. Environmental fac-

tors could be related to the economic conditions of the community and the resources 
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available to or the constraints bound by investors for investment. Personal circum-

stances could be related to the amount of savings, the personality traits of the individ-

uals, or the amount of knowledge they have about investing. Investment patterns can 

be observed in various financial assets. �ese include the purchase of securities, mon-

etary or paper (financial) assets, cryptocurrencies, and relatively liquid real assets such 

as gold, real estate, or art collections. In fact, an “investment pattern is the investment 

in different investment avenues with vital consideration of risk and return” [1]. Strong 

organizational relationships with customers are required to run a successful business [2]. 

Studying customer behavior in the management of investment affairs is in many respects 

almost a new issue [3]. Many records are created every day through several agen-

cies about customers in different parts of the world. Structured, semi structured, and 

unstructured data are being created at a rapid pace from heterogeneous sources such as 

reviews, ratings, feedback, trading details, investment data, etc., leading to Big Data. �is 

information generated about customers may hold many frequent patterns that can be 

filtered and analyzed to provide suggestions about the products, items, or offerings that 

customers might be interested in. �e internet also offers a vast amount of information 

about potential customers through a variety of investment websites. �ey attract cus-

tomers by offering products and services online, tailored to different customer groups, 

and many of them also provide free consulting services. Online searches also result in 

a group of products and services with features that the customer can see and check 

before buying them [4]. In financial and investment companies, the customer relation-

ship management system is a repository of customer information and experience, hold-

ing all customer profiles. With this information, it is possible to customize the products 

or service offerings for each unique customer based on their personal needs before they 

decide to invest. To better manage customer investments, companies need to categorize, 

cluster, and segment them based on their individual circumstances. “One of the most 

effective tools to understand consumers’ motivation and behavior is segmentation” [5]. 

Customer segmentation therefore could help to optimize marketing policy and strategic 

planning to maximize profitability. How the customer uses a product and evaluates it is 

also important because it affects reuse behavior. Barczak, Ellen, and Pilling [6] reflected 

on this by examining the consumption behavior of bank customers after purchase. �ese 

are the reasons why researchers are trying to help investment companies and their cli-

ents make the best investment decisions based on their characteristics. On the other 

hand, one of the problems investment companies are facing is the lack of sufficient infor-

mation about customers. �erefore, experts try to discover hidden patterns in customer 

data. In this way, they can provide suitable investment options for customers. �ere are 

several ways for investment companies to use all available opportunities, strengthening 

competition between companies and discovering hidden knowledge about customers [7, 

8]. �e latest research in artificial intelligence (AI), especially machine learning methods 

and neural networks, provides new opportunities for analyzing customers’ behavior [9–

11]. Future AI trends in business include forecasting customer behavior [12], predicting 

customers’ responses to direct marketing [13], analyzing customer churn, and predicting 

market evolution [13, 14].

�is study aims to explore potential customers’ investment patterns to provide them 

with appropriate products in retail banking. We applied a novel, two-stage clustering 
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approach: combining Kohonen self-organizing maps [15, 16] with hierarchical cluster-

ing as an unsupervised machine learning method for exploring the respondents’ invest-

ment characteristics. �is approach enables us to use both categorical and numerical 

variables that are common in survey instruments. In addition, we used multiple corre-

spondence analysis (MCA) to gain insights into the patterns potential customers use to 

think about financial instruments and portfolios. �is study investigates customers from 

multiple dimensions that may influence their investment patterns: the respondents’ cur-

rent investment portfolio, the magnitude of their available savings, how they are making 

ends meet, and their views on appropriate investment products and risk profiles. �is 

research utilizes the responses of customers (as potential investors) to an online invest-

ment questionnaire published by a leading Hungarian financial portal. �e paper first 

discusses the theoretical background and reviews the published scientific works. We 

performed two types of analysis: an analysis of the subjects of the published articles in 

relation to the factors influencing the investment and a semantic analysis in relation to 

the basic concepts related to the research problem. We used the Voyant tool [17] for 

term analysis and the Yewno tool [18] to find the semantic relation between basic con-

cepts in the research knowledge map. �is is followed by introducing the investment 

questionnaire, the data collected, and the methodology applied. �e data analysis and 

findings sections describe the data dimensions that are relevant from an investment 

point of view and discuss the customer clusters identified by applying the two-stage 

clustering method. �e paper concludes by summarizing the results and discussing the 

applicability of the method.

Literature review

Edmondson and Mcmanus [19] stated that theory is developed as an outcome of a study, 

new ideas that contest conventional wisdom, challenge prior assumptions, integrate 

prior streams of research to produce a new model, or refine the understanding of a phe-

nomenon. A review of our scientific literature shows that related research studies focus 

on different aspects of this topic. Here, in addition to summarizing the key concepts 

of the research topic, we reviewed the past literature related to this study. �e follow-

ing is a general analysis of the subjects and concepts of published articles related to this 

research. Scientific databases and web analysis tools were used to perform this analysis.

Retail banking is the direct provision of banking services to individuals. �is area of 

banking includes a variety of services, such as cash cards, credit cards, debit cards, cur-

rent and savings accounts, mortgages, and personal loans. �ese services are provided 

to customers through various service channels, such as branch chains, ATMs, internet 

banking, and telephone banking. Retail banking can also be defined as receiving depos-

its from people and lending them to individuals, firms, and companies. By this defini-

tion, banks act as direct financial intermediaries. Customer experience is influenced by 

the contribution of both the customers and the company. All the events encountered by 

customers before and after a transaction are part of the customer experience. Keining-

ham et al. [20] believe that innovation in the business model (BMI) is crucial for a com-

pany’s ability to achieve long-term growth and sustainability. Creating innovations to 

improve the value of products or services or delivering appropriate offers helps custom-

ers to use products and services more effectively. What customers encounter is personal 
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and may involve sensory, emotional, rational, and physical aspects to create a memora-

ble experience. In retail banking, both investors’ experiences and the qualities of invest-

ment funds play an important role in the success of services and products offered by 

the company. Maklan and Klaus [21] presented the customer experience quality (EXQ) 

scale to measure the quality of the customer experience. �ey concluded that key fea-

tures of the customer experience play an important role in assessing service quality or 

customer satisfaction in the market. Klaus [22] then explained the conceptualization and 

implementation of customer experience (CX) quality on the EXQ scale. Kuppelwieser 

and Klaus [23] developed this scale and systematically examined the psychometric prop-

erties of EXQ. �ey studied the nature of the relationships between these dimensions, 

as well as between their dimensions and cases. �e results of their research showed that 

customers evaluate and understand experience as a general evaluation and do not differ-

entiate between the meanings of different stages or dimensions of experience. Wewege 

and �omsett [24] have addressed this issue with the publication of the third edition 

of their book titled �e Digital Banking Revolution. �ey stated how fintech companies 

are transforming the retail banking industry through disruptive financial innovation. 

Innovation in customer segmentation is one of the important issues in the retail banking 

industry.

Marco et al. [25] show that the use of cognitive analytics management is a valid tool to 

describe new technology implementations for businesses. �ey found that a self-organ-

izing map better classifies the customer base of a retailer by paring two machine learning 

algorithms. Fatima and Sharma [26] identified certain biases affecting investor decision-

making and segmented investors accordingly. �ey used factor analysis, and the findings 

revealed that eight extracted factors affect investment decisions: tend to fall into imi-

tator, stereotypical, independent individualist, risk-tolerant, efficient planner, confident, 

passive, and competent confirmer. Jääskeläinen [27] analyzed customer data from a local 

retail bank using machine learning to detect the attributes of investors. �ey used dif-

ferent clustering algorithms. He found that a customer invests if he or she has an inves-

tor profile, higher account balance, job, and marketing permission. Some authors have 

examined the impact of various factors that influence customer decisions [9, 28–31]. 

Some studies have been conducted on customer clustering and segmentation based on 

customer behavioral perspectives, customer behavioral factors, demographic factors, 

and environmental objects [32–38]. Goncarovs [39] described a five-step customer seg-

mentation method consisting of gathering quantitative information, creating specific 

microsegments, sorting microsegments, and creating final customer segments. Artificial 

intelligence and machine learning play an important role in identifying investment pat-

terns for banking innovations, with the addition of risk capital and other emerging tech-

nologies also considered by scientists [40]. Boone and Roehm [41] examined the use of 

artificial neural networks (ANNs) as an alternative means for the segmentation of retail 

databases. �ey concluded that ANNs are useful for retailers in market segmentation 

because they offer more homogeneous segmentation solutions than the mixed model 

and K-means clustering algorithms and are less sensitive to initial start-up conditions. 

Ying Li and Feng Lin [42] used data mining methods to segment clients in the secu-

rities industry from the perspective of customer value and customer behavior. �ey 

believe that the clustering algorithm could be used as a customer segmentation method 
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commonly used in data mining. Li, Wu, and Lin [43] proposed a two-stage clustering 

algorithm based on a self-organizing feature map, which uses the self-organizing fea-

ture to cluster the raw data initially. �en, the behavioral and value features of the seg-

mented groups of customers were filtered out using a data mining tool. �ey concluded 

that, in terms of behavioral features, security customers are segmented into general type, 

important type, and silent type. Bigné et  al. [44] examined neural networks, specifi-

cally SOM, as an alternative to traditional statistical segmentation methods and identi-

fied segments in the mature market. �e results show the superiority of nonhierarchical 

clustering and SOM over hierarchical clustering and show their complementary nature. 

Mak, Ho, and Ting [45] presented a financial data mining model for extracting customer 

behavior. �ey aimed to increase the availability of decision support data and hence, 

increase customer satisfaction. �eir simulation experiments showed that the proposed 

method can improve the turnover of a financial company and deepen the understanding 

of investment behavior. Saluja and Shaikh [46] decoded the investment pattern of large 

payers, such as foreign institutional investors (FIIs) and domestic institutional investors 

(DIIs), using the decision tree method of machine learning techniques. Chen, Ho, and 

Liu [47] analyzed whether personality creates significant differences in financial per-

formance. �ey used investor personalities rather than sentiment, which is difficult to 

predict because of noise. �ey applied statistics tests and machine learning algorithms 

to achieve their goal. Albert, Merunka, & Valette-Florence [48] and Lamprinopoulou & 

Tregear [49] used the MCA criterion to review and analyze the literature, distinguish 

key factors in motivating the network to share knowledge, accelerate innovation, reduce 

transaction costs, improve reputation, and create new market opportunities.

Clustering data with both categorical and numerical variables is a challenge, as many 

clustering algorithms either expect categorical or numerical data [50]. K-means clus-

tering, which is a widely used method, expects only numerical data, while others [51, 

52] use only categorical variables. One way to overcome this problem is to cluster first 

the numerical variables and then combine the results with the categorical variables and 

apply a clustering algorithm that is designed for categorical variables [53]. Another 

approach for two-stage clustering is the combination of self-organizing maps with 

K-means clustering, [54], which is proposed for market segmentation. Artificial neural 

networks, such as self-organizing maps, have demonstrated their learning capabilities; 

they can handle a large amount of data and can handle mixed variables of categorical 

and numerical data. �e result of the self-organizing map has well-defined distances for 

the nodes, wherein hierarchical clustering could be easily applied to aggregate them to 

the optimal number of clusters. We applied this method to our dataset.

To obtain a general understanding of the research conducted in relation to the "fac-

tors affecting investment”, we analyzed all English language articles published in aca-

demic journals between 2010 and 2020. We searched "factors affecting investment” 

in the “keyword” field by the “SuperSearch”1 tool available at the library of the Cor-

vinus University of Budapest. We created a document from all the subjects of these 

articles and then analyzed this document using the Voyant web-based tool [17]. �e 

1 http:// www. lib. uni- corvi nus. hu/ eng.

http://www.lib.uni-corvinus.hu/eng


Page 6 of 25Kovács et al. J Big Data           (2021) 8:141 

document was classified into 10 groups based on the factors’ relative frequencies. 

Table 1 shows the factor frequencies in the entire corpus. �e factor is the subject in 

the corpus, while the count is the frequency of the factor in the corpus.

To further analyze the relationship between the basic concepts related to our 

research, we prepared a knowledge map. For this reason, we used the Yewno Seman-

tic Search Tool [18] to draw a scientific map of the research concepts. �e semantic 

relationship has four main concepts: investment, investment funds, savings, and retail 

banking, depicted in Fig. 1. �ere are overlapping concepts between investment and 

investment funds, investors, stock traders, investment companies, and several invest-

ment instruments, such as private equity funds or exchange-traded funds. �e var-

ious types of funds and investment portfolios are the most important concepts for 

Table 1 Factors affecting investment from articles published in academic journals in 2010–2020

No Factor a�ecting investment Count

1 Financial (e.g., Saving & Capital) 89

2 Business Decision-Making 65

3 Environmental 60

4 Economic 35

5 Market 27

6 Foreign Direct Investment 24

7 Management 23

8 Risk 22

9 Development 17

10 Investors 14

Fig. 1 Knowledge map of the four concepts: investment, investment funds, saving, and retail banking
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investment funds, while performance metrics (e.g., earnings per share, stock valua-

tion) are the most important concepts for investment. Retail banking as a concept 

refers to several types of banks (a reference to specific companies has been removed 

from the semantic map), while savings refers to various economic theories around 

consumption and investment. Our model was formulated with reference to these con-

cepts: the types of investment funds the person finds appropriate are analyzed in rela-

tion to the person’s saving and consumption patterns, approach to performance and 

risk, and the types of assets their family holds to care for the future.

In summary, the research background shows that many methods have been used 

to classify and cluster customers and analyze these clusters; however, the use of AI, 

especially neural networks, is still rare. �ere are several research studies on cus-

tomer experience and investment patterns examining customer experiences from dif-

ferent perspectives. �ey examined this relationship from different aspects, including 

the impact of demographic factors. Having both categorical and numerical data as a 

source for clustering presents challenges. �e practical use of Kohonen self-organiz-

ing maps to overcome these challenges is rare, and practical application is not well 

documented for analyzing investment patterns. We propose here a novel approach 

using Kohonen self-organizing maps in combination with hierarchical clustering and 

describe the practical application of this method. Our research could help companies 

develop better investment proposals based on customers’ investment patterns using 

this approach.

Research questions and methodology

�is section introduces the methodological approach of the study: the research pro-

cess, the data collection methods, and the data analysis techniques. It describes how 

the components are interconnected and form a logical sequence and will evaluate and 

justify the reasons for the proposed methodological options.

Our main goal is to demonstrate the effectiveness of the two-stage clustering 

method using Kohonen self-organizing maps (SOMs) and hierarchical clustering by 

exploring investment patterns in potential retail banking customers. We explored this 

through answering three research questions:

• Could we identify investment patterns using this clustering method?

• Could we describe the important investment factors?

• Could we recommend appropriate investment products for potential investors?

Prior to selecting the variables for building the machine learning model, we ana-

lyzed the variables related to investment and financial awareness. �ree variables 

were excluded from the model:

• Current investment portfolio consists of…”

• “Influencing factors of investment decisions”

• “Which (fintech) product have you heard of and have you used?”
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Having the following five variables selected to build the machine learning model 

to identify clusters of potential customers with similar preferences and investment 

patterns:

• “Which product is appropriate for you based on your opinion?”

• “What are the important factors for your long-term savings?”

• “How much savings do you have?”

• “How do you make ends meet?”

• “What Investment your family has to provide financial stability?”

Research process and data analysis techniques

Our study is experimental and exploratory research. �e data collection was both quan-

titative and qualitative; therefore, a mixed method was used in this study. Details of each 

research phase are shown in Fig. 2. We used descriptive statistics, principal component 

analysis, and multiple correspondence analysis to understand the variables that are rel-

evant to investment. It is followed by an unsupervised machine learning method that 

combines Kohonen SOMs and hierarchical clustering to identify clusters of potential 

customers with similar investment patterns in the retail banking context. To imple-

ment the models, the calculations were carried out in the R environment [55]. Princi-

pal component analysis, multiple correspondence analysis, and hierarchical clustering 

were performed using the ‘factoextra’ package [56], while Kohonen self-organizing maps 

were created using the ‘kohonen’ package [57, 58]. �e research was conducted in four 

phases. In phase one, we present a review of the literature and research background. 

In phase two, the data were explored using descriptive statistics, principal component 

analysis, and multiple correspondence analysis to understand the relevant investment 

factors. In phase three, unsupervised machine learning was used to identify clusters of 

potential investors. In the last phase, the characteristics of these clusters were analyzed 

further to describe similarities and differences. �e confidence levels of our results are 

limited by the number of samples and variables available in our research. �erefore, the 

results should be recognized as qualitative rather than quantitative.

Fig. 2 - Summary of research phases and processes
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�e identification of customer clusters was begun by applying the Kohonen SOM 

method, as the dataset describing customer behavior included both categorical (e.g., 

types of financial assets they hold) and numerical data (e.g., amount of discretion-

ary savings they hold). �e output of the Kohonen SOM is a map with a predefined 

number of nodes (in our case 36), holding differing numbers of customers. �is initial 

step helps overcome the problem of having mixed data of categorical and numeri-

cal variables and creates a clustered representation of customers, where the similarity 

between the nodes (distances from neighbors) can be measured as Euclidean dis-

tance. �e second step of our method is the hierarchical clustering of the nodes using 

node distances and the subsequent estimation of the ideal number of final clusters 

using well-known methods, such as the silhouette method [59], elbow method or gap 

statistics [60]. �e combination of these two methods is proposed because it over-

comes the problem of having mixed categorical and numerical variable data, and 

the Kohonen method can handle large datasets efficiently. Other methods, such as 

K-means or hierarchical clustering, were discarded due to the nature of our dataset. 

�e process of our two-step clustering process is illustrated on Fig. 3.

Data collection, data quality

�is study uses data that were collected through an online investment questionnaire 

published by a leading Hungarian financial portal called “Portfolio”. �e questionnaire 

is accessible in a web-based format at https:// www. portf olio. hu/ befek tetesi- kerdo iv/? 

page=1 in the Hungarian language. “Portfolio” is an online financial portal in Hun-

gary with a user visit count over 15 million per month as of December 2020, rank-

ing as the  28th most visited side in Hungary [61]. “Portfolio” has a distinct emphasis 

on business, financial, and economic news. In addition to its online media platforms, 

the enterprise also offers a trading platform and presents a personal analysis of finan-

cial markets. �e company also has activities in the field of commercial enterprises 

and organizes annual professional fora in the fields of agriculture, insurance, lending, 

asset management, corporate finance, capital markets, the car sector, monetary IT, 

and real estate [62]. Our data consist of 1542 responses to the online questionnaire 

received through the portfolio.hu website in 2019. �e investment questionnaire was 

designed in partnership with Corvinus University of Budapest and the Dorsum com-

pany, one of the region’s leading providers of innovative investment software. It is the 

result of joint research with the purpose of determining how conscious their readers 

Fig. 3 Process of the two-step clustering

https://www.portfolio.hu/befektetesi-kerdoiv/?page=1
https://www.portfolio.hu/befektetesi-kerdoiv/?page=1
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are about their finances. �is questionnaire is published on portfolio.hu in Hungarian, 

translated to English for the analysis and the explanations of findings and insights.

�e web-based investment questionnaire has 74 variables (questions), grouped into 

seven main sections exploring the respondent’s financial awareness and affinity to 

information technology and novel financial services, as well as collecting data about 

their demographics (Table 2). �e questionnaire starts with asking about the respond-

ent’s affinity to information technology and their use of social media and online, fol-

lowed by questions about their financial awareness, investment portfolios, investment 

approaches, risk profiles, and spending and savings habits. �e next section of the 

questionnaire is about the respondent’s personality profile, followed by a single open-

ended question about short- and long-term financial planning. �e next, substantial 

section is about the respondent’s relationship with banks and their understanding 

and experience with novel banking (fintech) products. �e questionnaire concludes 

with questions about the respondents’ demographics. �ere are categorical variables 

(questions), either single-choice or multiple-choice; numerical variables measured on 

a 5-point Likert scale; and unstructured, textual data for the open-ended questions.

Data quality was good, and missing data were below 1%, except for some demographic 

data. In a significant portion, 45% of respondents did not provide information about 

their age; therefore, we could not use this in our models. However, for those who pro-

vided this information, 30–34  years was the most frequent age bracket. Interestingly, 

7.8% of respondents stated that their age was 15–19 years old. Similarly, a poor response 

rate was received for the highest levels of education: 77% did not provide this informa-

tion. �ere were better responses for other demographic data: most respondents were 

from the capital city (50%) or from larger cities and towns (20% + 17%). Only 8% were 

from rural areas. �e most frequent (42%) current occupation is a “graduate employee”, 

meaning that they are employed by a company, that their occupation requires a graduate 

degree, and that they do not have management duties.

Table 2 The structure of the Dorsum questionnaire

Section Subject No. of Questions Question Type

1 Affinity to information technology 6 Single/Multiple choice

2 Financial awareness, investment position and risk 
appetite

5
4
1

Multiple choice
Y/N
Numeric/fill-in-the-blank

3 Spending habits and savings 6 Multiple choice

4 Personality and decision-making traits 10
10

5-point Likert scale
Single/Multiple choice

5 Financial Planning for the Future 2 Open-ended

6 Banking service and satisfaction
(Number of banks currently used, customer type: regu-
lar, premium, private banking client)

1
3
1
19
3

Numeric/fill-in-the-blank
Single/Multiple choice
Ranking
5-point Likert scale
Y/N

7 Demographic Data
(Age, gender, residence, education, job)

1
6

Numeric/fill-in-the-blank
Single/Multiple choice

Total 76 Questions
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Results and discussion

�is section provides an overview of the results of descriptive statistics and multiple 

correspondence analysis. We discuss, among other influencing factors of investment 

decisions, familiarity with novel financial products, important factors for long-term sav-

ings, risk appetite, appropriate investment products based on respondents’ opinions, 

and means to provide financial stability. �e confidence levels of the results described 

below are limited by the limited number of samples and therefore should be recognized 

as qualitative results.

Understanding variables: descriptive statistics and multiple correspondence analysis 

(MCA)

�e following section introduces the data using descriptive statistics and MCA.

Current investment portfolio

�irteen investment product options were presented to the respondents to select from, 

indicating what assets they currently hold (multiple choice option). On average, they 

reported holding 3 different products (with a range of 1 to 9). Government bonds were 

the most popular choice, followed by cash, real estate and a bank account in popularity 

(Fig. 4). �e multiple correspondence analysis did not reveal any obvious dimensions of 

preferences among the variables.

In�uencing factors of investment decisions

Respondents were asked to rank their preferences of where they seek advice for invest-

ment decisions, with choices of relying on their own opinions; through family, friends, 

Fig. 4 Current investment portfolio of respondents
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or banking staff, or bank algorithms and social media recommendations. Most of the 

respondents (62%) chose to rely on their own opinions and ranked social media (54%) as 

the least important factor (Fig. 5).

Familiarity with novel �nancial (�ntech) products

Respondents were asked to indicate what novel financial (fintech) products they know 

about or have used. PayPal was the most well-known product; 96% of the respondents 

knew it, and 75% used it. It was followed by Simple, a local fintech product used for 

online and mobile payments (Fig. 6).

Fig. 5 Influencing factors and information sources of investment decisions

Fig. 6 How familiar respondents are with novel financial (fintech) products
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�e MCA analysis revealed that Plus 500 and eToro are rather different products from 

the others based on the respondents’ knowledge and prior experience. �is is in line 

with the nature of the products, the former being online trading and the others being 

predominantly online payment platforms (Fig. 7).

Appropriate investment products based on respondents’ opinion

Respondents were asked to choose multiple investment products from a list that they 

think is appropriate for them. On average, they chose 2 out of the 5 options. �e most 

popular was government bonds (74%), followed by individual shares (Fig. 8). �e MCA 

analysis revealed that respondents thought that there were two groups of products: 

Fig. 7 MCA analysis of knowledge of and experience with fintech products

Fig. 8 Which investment product respondents think is appropriate for them
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retirement funds and other investment products, were one choice, while government 

bonds, individual shares, and unit-linked investment were the other (Fig. 9).

Important factors for your long-term savings and risk appetite

Respondents were asked to choose the factors that are important for long-term invest-

ment (multiple choice). Opportunity to achieve high yield was chosen as the most 

important factor (almost 70%), followed by low risk (Fig.  10). Interestingly, 29% of 

respondents chose low risk and high yield simultaneously, even though these options 

Fig. 9 MCA analysis of question “which product is appropriate for you”

Fig. 10 Risk- and yield-related factors for investment decisions
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are mutually exclusive. One explanation of this choice could be that they are seeking a 

balanced portfolio with multiple products and different risk profiles. �e MCA analysis 

revealed that respondents look at investment cost and risk profile as two different fac-

tors: low cost and government subsidy (providing guaranteed income) are one set of fac-

tors, while low risk and high yield are the other (Fig. 11).

Savings and making ends meet

Respondents were asked to indicate how much savings they have and how they make 

ends meet. Most respondents have significant funds and could make discretionary 

Fig. 11 MCA analysis of the risk- and yield-related factors for investment decisions

Fig. 12 Value and the ability to increase discretionary savings
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savings at month’s end, indicating that they could be targets for investment products 

(Fig. 12).

Means to provide �nancial stability

�e next question was about different means to provide financial stability (multiple 

choice). Most respondents (64%) indicated having insurance for the real estate they own, 

followed by having sufficient cash (Fig. 13). �e MCA analysis revealed two dimensions 

of the variables: the first being financial instruments (insurance products and retire-

ment funds) and the second being more traditional support structures: family and cash 

(Fig. 14).

Fig. 13 Means to provide financial stability

Fig. 14 MCA analysis of means providing financial stability
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Clustering customers using Kohonen SOMs

Customer responses to the five selected questions were analyzed by building a 6 × 6 

Kohonen self-organizing map with hexagonal topology. �e neural network was trained 

using 100,000 iterations, followed by hierarchical clustering of the nodes. Using a neural 

network enables the use of both categorical and numerical variables, using Euclidean 

distance for the numerical variables and Hamming distance [63] for the categorical vari-

ables. As the output of the Kohonen map includes the distance matrix of the nodes, it 

enables hierarchical clustering. �e optimal number of clusters was determined using 

the average silhouette approach [59, 64], suggesting three clusters of customers (Fig. 15). 

�e validity of the method was checked by training the Kohonen SOM repeatedly and 

checking the differences, while the optimal number of clusters was checked by using the 

gap statistics [60] and the elbow method, suggesting similar values to the optimal num-

bers of clusters. �e hierarchical clustered nodes of the Kohonen SOM were therefore 

cut into 3 main clusters, as suggested by the silhouette approach. �ere was a large clus-

ter containing most respondents (89%) and two smaller clusters (9% and 2%).

�e Kohonen map also makes it possible to analyze the clusters by individual vari-

ables used for creating the self-organizing map. In this way, we could gain insights about 

the groups to use when selecting products, offerings, or ways of communication with 

the clusters of customers. �e following section describes the pertinent features of the 

clusters.

Insights gained from analyzing the clusters

Figure  15 shows the box-and-whisker plots for customer discretionary savings and 

funds they are left with after making ends met. Boxes represent the interquartile 

range, lines the minimum and maximum values without outliers, whiles dots the out-

liers. Respondents from Cluster 1 have significant funds and make ends meet with 

large discretionary savings. Cluster 2 respondents have little savings; however, they 

could still make ends meet left with sufficient funds; therefore, they could also be 

Fig. 15 Kohonen map with clusters of respondents
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targets for investment products. Cluster 3 respondents, the smallest group, have sig-

nificant savings but make ends meet with the smallest amount (Fig. 16).

When thinking about financial stability for the future, the difference between the 

clusters could be described: while Cluster 1 thinks about all instruments as almost 

equally important, Cluster 2 underplays the importance of cash and liability insur-

ance, and Cluster 3 deemphasizes private health insurance and retirement funds 

(Fig. 17).

�e approach toward investment risk and potential yield is rather similar to Clus-

ters 1 and 2. Cluster 3 is different from these two clusters in that they underrate the 

Fig. 16 Current funds and savings potential of clusters

Fig. 17 Differences in how clusters think about financial stability
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value of government subsidies received on certain investment products and seem to 

be the least cost conscious (Fig. 18).

Finally, our two-stage clustering method enables us to describe what investment 

products the three clusters think are appropriate for them. All three clusters think 

about government bonds as an important element of their portfolio. Cluster 1 would 

overweight individual shares in their portfolio compared to the other two groups of 

potential customers, in line with their balanced approach to investment risks and 

potential yields. �e difference between Clusters 2 and 3 is mainly how they think 

Fig. 18 Risk appetite and cost consciousness of the three clusters

Fig. 19 How clusters think about appropriate investment products
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about retirement funds, Cluster 3 underplaying its importance in line with their 

thinking about providing financial stability (Fig. 19).

Summary of insights about the clusters

In summary, the three clusters could be identified using the two-stage clustering 

method:

• �e largest group of the most affluent customers, having significant savings and 

making ends meet easily, left with sufficient discretionary savings (Cluster 1), and 

thinking about financial stability using a multitude of means would be looking at a 

balanced portfolio of both government bonds with low risk and individual shares of 

potentially higher yield.

• �e second group reported having little savings but still making ends meet with size-

able savings potential (Cluster 2). �is group of potential customers may overlook 

the importance of insurance products when thinking about financial stability in the 

future and would be looking at an investment portfolio that is overweight in govern-

ment bonds.

• �e smallest group had significant savings but reported making ends meet with less 

disposable income than the other two groups (Cluster 3). �is group underrates the 

importance of retirement funds and private health insurance when thinking about 

financial stability and wants to have the least number of individual shares and retire-

ment funds in their portfolio.

In addition to these insights, multiple correspondence analysis highlighted that retire-

ment funds and other investment products are perceived to be rather different from gov-

ernment bonds, individual shares, and unit-linked investment groups; therefore, their 

offering might require different communication strategies. Furthermore, risk and yield 

are perceived to be rather different from the cost of investment (including subsidies, 

which may be used to offset investment costs), which could also be used when designing 

communication protocols.

Conclusion

�e main goal of this research was to demonstrate the effectiveness of the two-stage 

clustering method to explore and identify investment patterns in potential retail 

banking customers. �e results confirmed that the method is effective in identifying 

distinct groups of customers, describing their investment patterns and investment 

factors. �e unique feature of this research compared with the previous ones is the 

use of a new AI-related approach to targeting "potential customers". �is was sup-

ported by the application of text analysis and a knowledge map in the literature review 

to reveal the characteristics of the research field. As a result of the literature review, 

we found that the ten important factors related to investments are financial, business 

decision-making, environmental, economic, market, foreign direct investment, man-

agement, risk, development, and investors. Similar to the literature review, our exper-

imental results obtained from the analysis of respondents’ data showed that the "risk" 

factor is an important factor for potential customers. �e analysis of the semantic 



Page 21 of 25Kovács et al. J Big Data           (2021) 8:141  

relationship of basic concepts resulted in a knowledge map. �e four main concepts 

of the knowledge map were investment, investment funds, savings, and retail bank-

ing (Fig. 1). �e main contribution of this research is that MCA and Kohonen SOM 

have been combined for the clustering of potential customers. Other researchers 

applied Kohonen SOM and MCA as well, but they targeted different problems than 

ours. Elsäßer and Wirtz [65] examined the success factors of branding in a business-

to-business setting and analyzed their performance impact on customer satisfaction 

and brand loyalty. Lamprinopoulou and Tregear [49] investigated the structure and 

content of network relations among SME clusters and explored the link to marketing 

performance. Albert et al. [48] used MCA for those respondents who expressed their 

love for a particular brand. He applied MCA to estimate the coordinates in a multi-

dimensional space of the words that express the feeling of love. It is noteworthy that 

customer information was not examined here, but the data of ordinary respondents 

were examined, and based on this, future customers were predicted. We could iden-

tify three clusters of respondents, which were described by their current investment 

patterns and by the most important investment factors for the long term. Lai et  al. 

[30] studied seven major effective factors on the decision-making underlying the R&D 

investment process along with treating R&D investment behavior. Hwang et  al. [9] 

estimated the probability of customers’ return using a machine learning approach on 

the received feedback comments and satisfaction ratings regarding the previous usage 

of the service. Higuchi and Maehara [38] used a factor-cluster analysis to cluster cus-

tomers. Our investigation also resulted in appropriate investment patterns (funds and 

products) for potential investors. �e analysis of the online investment questionnaire 

highlighted many important insights about the respondents as potential customers 

that could help to build better relationships with them and to offer more appropriate 

products to them. In our study, the experiences of respondents as potential customers 

were analyzed. Klaus and Maklan [21] provided the scale EXQ to measure customer 

experience quality. After one year, Klaus presented an updated customer experience 

quality (EXQ) scale that challenged the conceptualization and operationalization of 

customer experience. Kuppelwieser and Klaus [23] systematically explored the scale’s 

psychometric properties and found that the EXQ scale comprises two or more dimen-

sions rather than one. �ey explored the nature of the relationships between these 

dimensions and increased the understanding of the role in which customers experi-

ence quality in different research settings. In our study, analyzing the responses to 

individual questions showed that government bonds seem to be the most popular 

assets among the respondents when thinking about investment choices. However, 

they may also think of a portfolio of assets, wherein selected individual shares, other 

investment products, and retirement funds would play a role. Government bonds 

and individual shares or unit-linked investment would be one set of choices, while 

retirement funds or other investment products would be the second set of consid-

erations when thinking about appropriate investment portfolios. Respondents think 

about the opportunity for high yield as the most important factor for investment, fol-

lowed by the low risk and/or low cost associated with this opportunity. Most of them 

think about more than one factor. Low-risk and high-yield opportunities are under-

stood as potentially mutually exclusive factors. Low cost and government-provided 
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subsidies are considered related factors. Regarding the respondents’ current portfolio 

of investments, most of them claim they have 3 or more types of assets. Government 

bonds and individual shares are the most popular ones, followed by retirement funds 

and unit-linked investment products. When thinking about the measures to provide 

financial stability, insurance for the real estate they may own, sufficient cash savings, 

and family members they could rely on are considered the most important ones in 

this order.

Information about demographics was provided with many gaps and missing data, 

limiting its usability. However, those who provided information about themselves 

represented most age groups (with significant numbers from the 30- to 34-year-

old group). It is also interesting that a significant portion of the respondents were 

employed as a “knowledge worker” (“graduate employee”).

Kohonen SOM-based clustering using multiple questions of “Assets the family has to 

provide financial stability”, “Savings the person has”, “How to make ends meet”, “Appro-

priate investment products”, and “Important investment factors” resulted in three dis-

tinct groups of potential customers. When thinking about appropriate investment 

products, government bonds are always part of their preferred portfolio, with different 

mixes of other products varying by clusters. When thinking about risks and yield oppor-

tunities as factors of investment, the opportunity for high yield is always identified as an 

important one. �e three clusters can be described: �e first group of respondents or 

potential customers, which is the largest group, had significant savings (Cluster 1). �ey 

easily meet their needs. �is group of customers maintains their financial stability by 

using various tools. To that end, they seek to have a balanced set of low-risk, high-yield 

individual government bonds. According to the second group, they had little savings 

but again they had the potential to meet their needs by saving (Cluster 2). �is group 

of potential customers is likely to overlook the importance of insurance products and 

think of an overweight government bond investment portfolio. According to the small-

est group, they had significant savings (Cluster 3). �is group probably considers the 

importance of private pension and health insurance funds and is interested in having the 

least number of stocks and pension funds.

�e unique features of this research are the mixed methodological approach in the 

analysis of investment patterns. �e limitation of the study is that data were collected 

in Hungary and the respondents were financially aware; they were interested in finan-

cial issues. Future research includes the application of the combination of Kohonen 

SOM and MCA for investment pattern analysis. Designing a recommendation system 

based on the results can be a research project for the future.
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