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Abstract. Technology innovation and its impact on the progress of electronic 

banking establishes the requirement for this research regarding customer 

demographics, their financial portfolio and banking preferences. In this research, 

banking financial data was collected from three Kuwaiti banks. The data included 

usage information in all electronic banking channels for each customer, their 

characteristics and financial portfolio. The aim of this study is to predict the 

customer use of electronic channels, treated as dependent variables, considering 

individual customer information, that is treated as independent variables. To 

bring the most benefit to bankers and financial analysts, machine learning 

techniques (ML), specifically multinomial logistic regression, were used to deal 

with the data from cleaning to analysing. The results disclosed that banks can 

determine the preferred electronic banking channel for each of their customers 

by knowing some information about their characteristics and financial product 

portfolio. 
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1 Introduction 

One of the essential sources of operation in the banking sector is the electronic banking. 

Through the efficient use of electronic channels (call centre platforms, online websites, 

mobile applications) banks will increase their revenue and decrease the cost of serving 

their customers. This will enhance bank’s efficiency and profitability. Knowing the 

appropriate online channel for each customer, based on their characteristics and their 
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banking portfolio, will help increase customer satisfaction. Eventually, resulting in a 

continuous and productive relationship where customers will demand more banking 

services and products. Not only will this increase bank’s revenue, but it will also 

decrease costs (e.g., advertisements cost) by letting the banks determine the appropriate 

electronic channel for their customers. This will assist banks to advertise for the use of 

their communication channels to the right customers: the customers interested in each 

channel. The main motivation of this study is to assistance banks on how to deal with 

the rapid growth of technology, mobile applications, in particular. By understanding 

their clients’ preferences and to what limit they should go with these new technologies. 

This will improve bank’s management strategies for better allocation of their expenses 

and capital expenditure and eventually robust their profit. Today’s financial world 

witnessed the evolution of banking data which allowed for the collection of substantial 

amounts of relevant data for this study. 

2 Literature Review 

Developments in technology have led to more banks offering new banking services 

while effectively cutting costs and enhancing customer satisfaction [1].One of the most 

recent paper indicated that in order to increase mobile banking adoption intention, 

banks could focus on accessibility, operation, benefit and post-benefit convenience[2].  

Limitations and restrictions has been discussed in term of accessibility of the use of 

internet banking which caused a shift toward the innovation of mobile banking [3]. 

They did a study on 732 banking customers given their gender, age, and educational 

level. The results demonstrated that the client age has insignificant impact on the use 

of any more advanced technology communication channel, so they are willing to accept 

and adopt any new technology. The outcomes also showed that the bank’s clients are 

fortunate to pay for improved services while benefiting from its advantages. The launch 

of new technology does not affect their trust in using such technology.  

A study was conducted to discover and recognize the factors that could affect the 

usage of mobile banking application in Kingdom of Saudi Arabia [5]. They used 10 

variables related to customers satisfaction and their usage behaviour. Findings showed 

that performance expectancy, facilitating condition, price value, hedonic motivation, 

habit, system quality and service quality have significant impact on usage behaviour. 

Outcomes also showed that learning effort expectancy, social influence and information 

quality have a little effect on the usage. 

The differences of reactions and responses to the use of mobile applications has been 

considered for banking services in two countries with different stage of development 

which are Brazil and United States [4]. They used some variables as determinant factors 

of mobile banking use. The results indicate that trust and ease of use are significant 

elements to understand the use of mobile banking application in both countries. Results 

also showed that social effect has a relevant influence on mobile usage in brazil while 

have no influence in united states.  

  SPSS and AMOS  has been utilized in Jordan as methods to explain the slow uptake 

of e-banking[6]. In their research, they collected 328 completed surveys distributed to 
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individuals in Amman that revealed several major factors causing the delay in adopting 

e-banking. These factors were ease of use, perceived usefulness, security, and 

reasonable price.  

One of the studies  focused on investigating why older people are less likely to adopt 

mobile banking in the United Kingdom through a comparative analysis on Google 

Scholar and Scopus [7]. The work suggested that future studies is required to provide 

insight into the factors leading to the adoption of smartphones for mobile banking. This 

and the above-mentioned studies guided the research used in our study. 

3 Methodology 

 The evolution in technology combined with the rapid growth of banking data led to 

this study’s usage of machine learning techniques to analyse the data. Bankers and 

financial analysts will not fully benefit from the large volume of available data without 

the use of machine learning techniques to clean, process, and generate predictive 

analysis. A supervised machine learning algorithm was used to solve a classification 

problem by applying a multinomial logistic regression model.  

When there are more than two possible outcomes, nominal responses, multinomial 

logistic regression can be used to calculate the probabilities of various possible 

outcomes, dependent variables.  Multinomial logistic regression (MLR) is a 

classification model based on binary logistic regression model to solve a multiclass 

problem. It predicts the probabilities of multiple possible outcomes of a categorical 

variable by using a set of independent variables[8]. In this research, the dependent 

variables are the electronic channels.  

We focused in this study on three electronic channels (bank’s website (internet), call 

centre and mobile) as a dependent variable; in multinomial logistic regression you must 

choose one dependent variable as a reference category. In this study, “mobile” is the 

reference category. The probability of using any of the other online channels is 

compared to the probability of using “mobile”. Rather than running individual 

regressions and then interpreting and comparing the outcomes. The MATLAB software 

environment and language were used [9]. This type of regression evaluated parameters 

simultaneously, resulting in efficiency. This method outputs several logistic regression 

models that make specific comparisons of the response categories. Assuming there are 

j-categories of the response variable, then, the model comprises of j-1 logit equations 

which fit at the same time [10].  

MLR classifies d-dimensional real-valued input vectors x ϵ Rd into one of the k 

outcomes c ϵ {0, …, k-1} using k-1 parameter vectors β0, …, βk-2 ϵ Rd , [11]. Allow 

the response variable Y ϵ {1, …, k} have k possible values/categories. A form of the 

MLR is given by 

 𝑝(𝑌 = 𝑟|𝑥) =  
exp (𝑥𝑇 𝛽𝑟)

∑ exp (𝑥𝑇 𝛽𝑠)𝑘
𝑠=1

=  
exp(𝜂𝑟)

∑ exp (𝜂𝑠)𝑘
𝑠=1

                                 (1) 

Where βTk = (βr0, …, βrp).  
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Here we have to choose a reference category, when category k is chosen, one sets 

βTk = (0, . . . , 0) producing ηk = 0. We can select any other category as a reference, 

mobile in this research. Fitting a model using a reference category k, the corresponding 

equation is  

                        𝑝(𝑌 = 𝑟|𝑥) =  
exp (𝑥𝑇 𝛽𝑟)

1+∑ exp (𝑥𝑇 𝛽𝑠)
𝑞
𝑠=1

     𝑓𝑜𝑟     𝑟 = 1, … , 𝑞)                        (2) 

 for     r=1,…,q 

 

We focused on the coefficients and p-values to see the contribution of each variable 

under study on the probability of using each electronic banking channel. The 

coefficients show the statistical relationship between the variables under test and the 

dependent variables. P-value is the preselected level of significance. We consider any 

variable with p-value less than 0.05 as significant and has an important effect on the 

dependents variables in this study [12]. 

4 Data  

In this study, a substantial amount of panel financial data was obtained from three 

Kuwaiti banks, which vary in assets size and banking types. More precisely we gathered 

the data from two conventional banks, medium and small, and one medium size Islamic 

bank. The data collected covered a span of ten years from 2008 to 2018. The data 

include retail customers only; number and value of their monthly online transactions in 

each online channel; automated teller machine, point of sale, online banking, mobile 

apps, automated call centre, specifying the type of transaction done through these 

channels; deposits, withdrawals, purchases, payments, and transfers. The data included 

customer characteristics and their product portfolios, specifically:  

 

• Customer age 

• Customer address (Governance within Kuwait) 

• Customer gender 

• Customer nationality  

• Customer income on monthly basis 

• Customer monthly transactions, including date of transaction, value of 

payment per transaction, transaction payment currency, type of card used, 

transaction type such as purchase, withdrawal, payments, deposits and 

transfers 

• Number and balance of current account, saving account, retail deposit, and 

joint account 

• Total amount, principle paid, interest paid, and outstanding balance of 

consumer loans and instalment loans 

• Limit and outstanding balance of credit cards 

• Date of the relationship with the bank 
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The extensive data collection from the three banks had some limitation, that each 

bank introduced their electronic channel in different periods. Previously, older systems 

registered two or more services under the same name.  

Bank terminology changes may affect data analysis. For example, prior to 2017, 

bank call centres registered payments and transfers under the terminology “payments.” 

From 2017 onward, banks started registering each service separately. For better 

comparison between channels, some of the older incomplete data was neglected to 

maintain consistency. It was decided to only use the electronic channels that are 

offering the same services in order to generate better comparisons. These channels are 

(1) call centre (2) internet and (3) mobile. These platforms provide payments and 

transfer services while the other channels provide different types of services like 

deposits and withdrawals.  

Table 1 summarises the data for each one of the Banks. Table 2 shows the size of 

data set, data sample and code execution times for each bank dataset. Bank three final 

observations’ size (given all parameters used for this bank) is larger compared to that 

of Bank one, which resulted in a bigger size of regression data set. From Table 2 we 

can see that the code execution time for Bank three is less than that of the other two 

banks despite the larger amount of regression data set. This is attributed to smaller size 

data  needing more iterations in model estimation. 

Table 1. Bank data 

 Bank 1 Bank 2 Bank 3 
Total customers 
under observation  

295,801 customers 95,429 customers 392,995 customers 

Time period 11 years 11 years 9 years 

Number of 
transactions  

Call centre: 209,454  

Internet: 385,887  

Mobile:  341,601 

Call centre: 144,579 

Internet: 278,010 

Mobile: 9,384 

Call centre: 34,118 

Internet: 1,244,746 

Mobile: 3,821,546 

Final sample size 
(given all 
parameters used 
for this bank) 

7,083 customers 3,014 customers 17,743 customers 

Final observations 
size (given all 
parameters used 
for this bank) 

108,071 

observations 

54,494 observations 363,457 

observations 

Banks type Conventional  Conventional Islamic 

 

 

 

 

 



6 

Table 2. Size of data set & Code execution time 

Bank Size of 
whole data 
set 
(GBs) 

Cleaning 
the data 
(hrs) 

Size of 
regression 
data set 

Fit MLR model  
(secs) 

Predict 
probabilities 
for MLR (sec) 

Bank 1 1.34 70 

 

1.25 MB 182 33 

Bank 2 0.05 7 0.62 MB 184 20 

Bank 3 1.15 57 4.34 MB 66 75 

5 Results 

Tables 3 and 4 display the results from the multinomial logistic regression. The results 

show that as customers get older in age, they tend to prefer using call centres as their 

primary method of communication.  

Table 3. Coefficients-relative log odds 

Coefficients-

relative log odds 

Bank 1 Bank 2 Bank 3 

  Internet/

Mobile 

Call 

centre/

Mobile 

Internet/

Mobile 

Call 

centre/

Mobile 

Internet/

Mobile 

Call 

centre/

Mobile 

Intercept  -0.154 -0.723 -3.01 -0.393 -2.255 -7.016 

x1-age 0.025 0.033 0.016 0.024 0.01 0.039 

x2-gender -0.156 -0.457 -0.496 -0.106 0.363 -0.915 

x3-CA Count -0.971 -1.118 -0.128 -1.061 -0.131 -0.258 

x4-Da Count 0.623 0.505 -0.856 -2.383 0.039 0.055 

x5-JA Count 0.206 0.374 -1.152 0.905 N/A N/A 

x6-SA Count -0.359 -0.388 -1.889 -2.151 -0.247 -0.276 

x7-Continent num 

B1/nationality B2 

0.023 0.151 -0.003 -0.01 N/A N/A 

x8-CL Count 0.119 0.186 -0.001 -2.552 -0.037 0.211 

x9-Income 4.38E-05 3.58E-

05 

-4.15E-

06 

-1.20E-

03 

-1.12E-

05 

-8.52E-

05 

x10-Ins.L Count -0.195 0.023 0.506 -0.371 -0.042 0.375 

x11-Credit card 

lim. 

0 -6.84E-

05 

0 2.14E-

04 

-2.76E-

05 

-2.34E-

05 

x12-Credit card 

out. 

0 1.81E-

05 

0 -4.45E-

04 

-1.09E-

05 

-1.51E-

04 

X13-Relationship 

duration in Y 

N/A N/A 0.043 0.264 0.057 0.244 
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Table 4.   P-Value 

P-value  Bank 1 Bank 2 Bank 3 

  Internet/

Mobile 

Call 

centre/

Mobile 

Internet/

Mobile 

Call 

centre/

Mobile 

Internet/Mo

bile 

Call 

centre/

Mobile 

Intercept 2.27E-05 1.22E-

85 

2.20E-74 4.89E-

03 

0.00E+00 0.00E+

00 

x1-age 2.84E-

291 

0.00E+

00 

5.51799

E-07 

3.26299

E-24 

3.41509180

109000e-

312 

0.00E+

00 

x2-gender 2.00E-26 2.64E-

209 

2.92E-20 1.29E-

02 

0.00E+00 0.00E+

00 

x3-CA Count 0 0 0.003367

069 

4.0863E

-167 

6.2748E-

105 

1.41795

E-31 

x4-Da Count 1.63E-

265 

1.21E-

142 

1.93E-02 9.67E-

14 

2.84E-35 2.82E-

07 

x5-JA Count 0.722408

04 

0.51949

6747 

8.41607

E-20 

6.99E-

45 

N/A N/A 

x6-SA Count 0 0 4.42419

E-50 

1.66E-

84 

0.00E+00 1.86E-

218 

x7-Continent 

num 

B1/nationality 

B2 

0.008803

77 

4.81E-

73 

2.40E-06 8.72E-

45 

N/A N/A 

x8-CL Count 1.46E-81 8.83E-

197 

9.80E-01 0.00E+

00 

3.29E-19 2.29E-

42 

x9-Income 3.16E-

110 

9.32E-

62 

7.58E-01 0.00E+

00 

6.64E-27 1.17E-

92 

x10-Ins.L Count 0 3.34E-

11 

9.89E-81 7.01E-

34 

5.24E-55 0.00E+

00 

x11-Credit card 

lim. 

0 1.27E-

56 

8.52E-31 5.27E-

10 

3.10E-130 1.19E-

07 

x12-Credit card 

out. 

2.00E-

152 

0.00017

3234 

3.04397

E-92 

4.09E-

80 

2.31E-05 4.09E-

48 

X13-

Relationship 

duration in Y 

N/A N/A 1.85198

E-10 

0.00E+

00 

0.00E+00 0 

 

Figure 1 explicitly shows that the second most favoured method of communication 

when people gets older is the internet, while mobile usage is their least favourable out 

of the three platforms. Results also indicate that the longer a customer’s relationship 

with the bank is, the higher their probability of using call centre and internet than mobile 

is. 
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Fig. 1. Probabilities of electronic banking usage considering customer age 

It was also found that a higher probability of males compared to females exists in 

terms of usage of mobile, rather than internet and call centres, given that the other 

variables remain the same. In Bank 3, the probability increased by 1.43 times with 

males compared to females using the internet over mobile and call centres, given 

everything else remain the same. 

 Regarding the four types of banking accounts, current, saving, deposit, and joint, the 

outcomes show that as the number of accounts increased, the probability of customers 

using mobile banking followed by the internet banking also increased. A noticeable 

decrease in call centre usage was observed as well. Data indicates customers with more 

than one deposit account use the internet and call centre, followed closely by mobile. 

The same data shows a noticeable decreasing trend in call centre usage and an 

increasing trend in internet and mobile usage. It should also be noted that the greater 

the number of joint accounts owned by a customer, the higher the probability of that 

customer using a call centre than other channels. Again, this result is aligned with the 

decreasing trend in call centre and increasing trend in mobile. Bank 1 showed 

insignificant relation of this variable given the high p-value. 

 The analysis also included the number of loans, consumer or instalment, held by 

each customer and whether this influenced the use of electronic channels of banking. 

We found that in Bank 1 and Bank 3, the greater the number of consumer loans per 

customer, the more that each individual customer tend to use call centre when compared 

to two other electronic channels. However, it also showed a shift from call centre to 

mobile in recent years. Bank 2 results display that the greater the number of consumer 

loans per customer, the greater the usage of mobile followed by call centre. Figure 2 
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results in Bank 2 also showed that there is insignificant impact of this variable on the 

customer decision of whether to use internet or mobile banking.   

 

 

Fig. 2. Probabilities of electronic banking usage considering the number of consumer loans 

owned by customers. 

 Regarding the instalment loans, Bank 1 and Bank 3 showed that the greater the 

number of instalment loans per customer, the more that customer tend to use call centre 

when compared to the other electronic channels. Data also showed a shift from call 

centre to mobile in recent years. Bank 2 results in figure 3 state that the higher the 

number of instalment loans per customer, the higher the use of internet then mobile 

followed by call centre. 
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Fig. 3. Probabilities of electronic banking usage considering the number of instalment loans 

owned by customers.  

 Results show a weak correlation between customer income level and their use of 

electronic banking. The high p-value in the results denotes that income level cannot 

determine customer preferences between internet and mobile. Two variables were also 

tested: credit card limit and credit card outstanding balance. In all three banks, there is 

a very small coefficient for those variables which indicates the weak correlation of this 

variables with the preference of usage of electronic banking channels. Another variable, 

continent in Bank 1 and nationality in Bank 2, had no significant effect on customers 

behaviour in using the electronic channels. 

6 Conclusion 

The purpose of this research was to calculate the comparison probability usage of each 

banking channel for every client based on their information. The literature review 

discovered issues that were not addressed before; these are discussed in the findings 

section. Now, using the multinomial logistic regression, a prediction formula was 

created so that each bank can predict which banking channel will be used most 

frequently and effectively by each of their customers. 

 

This prediction formula has capability to help banks allocate the correct marketing 

tools to the appropriate customer. One of the main potential impacts of this research is 

to create a better understanding of customer needs by offering quality products rather 
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than quantity. By precisely offering the most suitable products and services, customer 

engagement will be more productive and trust between banks and customers will 

increase. The identified prediction model will allow banks to reduce unnecessary 

marketing and capital expenditure, reduce the number of employees and ultimately 

increase their profit. By predicting customers’ preference between available banking 

channels, banks will directly advertise each specific channel to the client interested in 

that channel, so banks can allocate the correct marketing tools in the right place. 

Realizing this information in advance will help banks to reduce their capital expenditure 

by knowing exactly where to invest their capital. For example, if banks recognized that 

most customers are shifting to mobile application, banks will alter their decision by 

enhancing that channel, mobile application, instead of putting additional amount of cost 

on all other channels. By knowing customers preferences, banks can reduce 

unnecessary number of employees in some channels. On the other hand, when banks 

understand customers’ need, this will help to increase customer satisfaction resulting in 

more productivity.  

Most recent works, in their data collection, they rely on questionnaires on limited 

group of respondents while we used real statistical numerical data on larger population. 

They focused on customer characteristics like age, gender, level of education as well as 

their behavioural factors with willingness in taking risk and paying price of the 

advanced technology. In our study we include the three mentioned characteristics along 

with nationality and we also consider their financial product portfolio which was not 

addressed. The research also used statistical modelling to solve financial problem and 

its quite comparative to our MATLAB usage. E-banking predictors can send 

meaningful and timely information to customers.  

In summary, mobile banking technology has a lot of benefits for clients and banks. 

We collected real time data of e-banking channel usage and identified the factors 

influence its usage. To affectively adopt this platform, we need to know and study all 

the variables that could affect customer behaviour and increase their satisfaction level. 

In The Long Run, banks will gain more numbers of loyal customers. 
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