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Abstract

Thisstudyexamineshe sequence of decisions that bank customers follagdptdigital
servicesand diversify the use of those servic@he sequential approach relies on a
random foresinodel applied torain-depthsurvey m consumer preferencésr financial
services The results show thahe adoption of digital banking services starts with
informationbased serviceg.g. checking account balancahdit is thenfollowed by
transactional services (e.g. onlmemobilemoney transferHowever the diversification

of the use of online channek mainly explained by theonsciousessaboutthe range
services availabland the perceptiatiat they arsafe.Thefindings also reveahatbank
customersadoptnon-bankpayment servicesnly once they arérequent and diversified
digital bankcustomes. This siggests a certaidegree of complementary between bank
and norbankdigital channelsTherandom forest mode$ shownresults tooutperform
the forecasting accuracy of parametric econometric models.
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1. Introduction

Digitalization is changing the shape of many industries and thecaapanies
and clients interact. Banking services is no excepfltre banking firm igarticularly
sensitive tdhe transformation ahformation systems, the treatment of personal daud,
the emergence of new (fully digital) competitors and delivery channels.

On the supply side, financial institutions have reacted gradimathese changes
Despiteincorporatingonline distributionchanne$ two decadesgo,andin spite of the
reneweddigitalization wave bankscontinue tointensify their digital footprintsThis
effort is driven bybothrival precedencéHernandezaviurillo, Llobet, & Fuentes, 2010)
andchanges in deman@ampbell & Frei, 2010)

A largenumberof studies on banking organization and technoluaye addressed
the adoption othe most basielectronic bankingervicesdeveloped ovethe lastfew
decades, including debit and credit caadd, more recentlalthough partially covered),
online banking These studies have founidat perceived security, usefulness, quaditd
convenience drivéghe adoption of those servicky consumergCasalo, Flavian&
Guinaliu, 2007; Hoehle, Scornavacca, & Huff, 2012; Laukkanen, 2016; Maria Correia
Loureiro, Rudiger Kaufmann, & Rabino, 2014; Yoon & Barker Steege, 2013; Yusuf
Dauda & Lee, 2015)However, the relevance ehch ondghese factors depends on the
stage 6 the adoption This is an important lesson for new digital services given the
heterogeneous penetration that they hdah geographically and demographically
(Montazemi & QahrSaremi, 2015)This is particularly relevartonsideringhatsocic
demographic characteristicsage, gender, incomer locatior® (Jaruwachirathanakul &
Fink, 2005; Laukkanen, 2016; Tsai, Zhu, & Jang, 2@s3yell as astomer experience
(onother productsvith varying levels ofechnological sophisticatioaye strongly related

to the demand aobnline bankingservicesSz o pi Es ki , 2016)



While most prior studies have focused on the determinants of adoletigric
or mobilebanking serviceshere is little evidencen thedecisionprocess that leads bank
consumerdo go digital. Financially speakinggoing digital meanspredominantly or
exclusively using online or mobile bankingThis transition is not trivial. The
Organization for Economic Coperation and Developme(fDECD) identifes some of
the core properties and crassitting effects of tke digitaltransformationf OECD, 2017)
as the most important business challenge currently undefuathermorethe OECD
recognizesdanking as one of the sectors where such transformation is more relevant in
economic, organizationahnd social termsThis paperaims to examinethe procesby
which consumeradopt digital banking services.

Unlike prior studiespur studyuse machine learningndom forestechniques to
predict the sequence of adoption of digital financial services using a wide range of
indicators from a comprehensive survey specifically designedhfsrpurpose We
comparetheresults of theandom foresapproach witlihose ofconventional econometric
methodologies used iother consumer demarstudies These methodologiesnly
identify the determinants of adoption rather than the sequence of adoptachine
learning,instead obeing limited tomakingstrong assumptions about tsteucture of the
data,allows researcher® identify anddisplay complex patterns in a dateven form
(Bishop, 2006)In our casetheuse of algorithmshat establish a set alecision trees
allow us torunrandom forestegressioathatrevealhow individuals make thefinancial
digitalization choices We show that theserandom forest modgloutperformstandard
logit and ordered logit modelsot onlybecause theghow the sequence of adoptibat

also ontheforecasting accuraayf the adoption decision

Our paper offes a twofold contribution to the existing literature ontechnology

adoption Firsty, we explore the sequence of the adoption of digitalizatemices by



bank customersUnlike previous studigsours does not limit its scope tanalysis of
adopton vs.nonadopton; it explainshow consumermake their decisiorsndhow they
become frequent and diversified usefdigital financial servicesMoreover, weshow
how the adoption process of digitadnkingservices is related to otheon-bankdigital
financial services g.g. Paypalor Amazon) Secondly,by employing random forest
techniquesthis papepffers agreatestatisticalaccuracythan earlier studies in describing

the main determinants of 0 n s u cheiaets @dopt digital financial services

The empirical analysis relies cgxtensivedatacollected from a survegn digital
banking and paymergervicesof 3,005consumerdetweenthe ages ol8 and 75The
survey includeaontrolledrepresentativguotasrom a sociological standpoibased on
age, sexand locationThis dataetallowedus to explore the financial digitalization in a
developed countrwith deepinternetpenetration84.6% of adultsare internet userg a
highly barked population(97.2% of adults have laankaccournt), anda growinguse of
electronic bankinggmong consumel$2% of sample individualsaare ebanking userso
some extentalthough the degree and scope of the adoption varies substantially across
individuals).

By way of preview,the resultsof our empirical analysisuggest thabank
customersieed tdoecome familiar withthe information content of digital serviakeefore
they begin making financial transactionsCustomes checktheir bank balances, make
inquiries andexplorethe possibilites of the digital channels before nrakpayments,
transferringmoney or engaging inother transactional serviceAs for the scope of
digitalization, the perceived safetpf digital bank services by consumdyscomes a

critical filter for c o n s u dieersiBed use of digitabank services However, there

1Survey on Equipment and Use of Information and Communication Technologies in Households (2017) conducted by
the Spanish Statistical Office (INE)

2G20 Financial Inclusion Indicators. World Bank Data.

3The Online Banking.andscape in Europe. GlobalWeb Index (2017.Q1)



appearto benoticeableexceptions In the case of mobile bankindor examplegvenif
perceivedsafetyi n f | u e n c e sadoptiondexisiomie sgeédd and easiness of the
deviceappears to be more decisivihe efficiency of his servicecontrasts with the
adoption process ahore traditionaland more establishedank services such asedit
and debit cardswhich are usedn a regular basisnly whentheyare perceived as safe
and relatively costless. Finallgur results alsandicatethat consumers adopther non
bank digital financial servicese(g. Amazonor Paypal)only after they have already

becomdrequent and diversified digithlankcustomers.

The remainder of the paper is organized as fai®action Il reviews the related
literature section Ill describes the dataset and the methodology emplsgetonlV
addresssthe digitdization dimensions sectionV discusses the main empirical results
from the random models and classification treesisectionVIl concludes.

2. RelatedL iterature

The mainrelevantstudiesrelated to financial technology adoption in tigital
age refer to firmmanagerant andinformation systemsA numberof theoriesaim to
explain the evolution of thesew technologieand the interaction between the consumer
and the firm Among them the Technology Acceptanchlodel (TAM) (Davis, Bagozzi,

& Warshaw, 1989andits latter versionf TAM2 and TAM3) have become populain
explainng how people accept and adaetw technologyn the context of bankingrhe
TAM model, which is based on th&heory of Reasonable Action (TRAJrishbein &
Ajzen, 1975)and theTheory of Planned Behaviour (TPB)jzen, 1985, 1991 suggests
thatatechnologcal adoption depends anu s t opareept®roof theitility and easeof
useof the technologyOther teories such as thé®iffusion of Innovations (DIT), the
TaskTechnology K (TTF), the Unified Theory of Acceptance and Use of Technology

(UTAUT) and the Technology Resistance Theory (TRayecomplemented the drivers



of online adoption These theories havihereby given prominence to a number of

technological componesibf the servicend not only to consumer sbo

From an empirical standpoint, prigtudies onc ust omer s6 percept i
identified the main factors that explain the adoption and utilization of online banking
Thesencludesecurity(Casalo et al., 2007; Cheng, Lam, &N, 2006; Gerrard, Barton
Cunningham, & Devlin, 2006; Hoehle et al., 2012; Vatanasombut, Igbaria, Stylianou, &
Rodgers, 2008; Yoon & Barker Steege, 20Ese of us€¢AldasManzano, Lassala
Navarré, RuizMafé, & SanzBlas, 2009; Lee, 2009; Maria Correia Loureiro et al., 2014;
Yoon & Barker Steege, 2013; Yusuf Dauda & Lee, 20tbphwenience(Maria Correia
Loureiro et al., 2014; Yoon & Barker Steege, 20BB)dcost(Huang, Makoju, Newell,

& Galliers, 2003; Laukkanen, 201.&verall, consumersise ebanking services when
they perceivehem as safe, usefupnvenientand relatively costlessAs for the relative
importance of these factordpehle et al(2012)surveythe literatureand conclude that
security is found to be a majdeterminant ot 0 n s u oseaf eli@anking services.
Additionally, many of these studies highlight that range of socidlemographic
characteristics also influence theadoption of online banking services
(Jaruwachirathanakul & Fink, 2005; Laukkanen, 2016; Tsai et al., 28p&kifically
young peoplevho have aigher incomeandlive in areas of high internet penetration
(Laukkanen, 2016; Verissimo, 2016; Xue, Hitt, & Chen, 2@@réprone to use online
services However, as/ontazemiandQahriSaremi(2015)underline the importance of
thesesociocdemographidactorsdepends on the stage of thgoptionof online banking
services withireach market segment or jurisdictidhis also worth noting thatlitt and

Frei (2002)explorethe differences between lmeh-based and online bank customers

4 (Hoehle et al., 2012and(Dahlberg et al., 2015jrovide a detailed coverage of the literatus¢hin the
last three decades.



Theysuggesthatonlinebanking customers are apparently more profitgiriearily due
to unobservable characteristitisat existedbefore the adoption obnline banking
Moreover,S z 0 p | (Es Hinds thathavifigtothebanking products suchsamortgages
and credit cardalsohave asignificantinfluenceonc o n s u use of snline banking

services

Closely relatedo online bankingstudieson mobile banking adoption @also
recently emerged’heempirical and theoretical approacheshese studieare similar to
those ofonline banking/Alalwan, Dwivedi, & Rana, 2017; Baptista & Oliveira, 2015;
Lu, Tzeng, Cheng, & Hsu, 2015; Luo, Li, Zhang, & Shim, 2010; Susanto, Chang, & Ha,
2016; Zhou, Lu, & Wang, 2010The results of these studies suggest thatssthe most
decisivefactorin mobile bankingadoption However otherdeterminantsuch agrustin
the device security, and codtave also beereported to strongly influence the adoption

of mobile paymentéDahlberg, Guo, & Ondrus, 2015)

Thefinanceandbanking literaturdnas alsoexaminedonline banking bumainly
focuseson its impacton bankcompetitionand performancen line with the studies
shown aboveHernandezMurillo et al. (2010)f i nd t hat ioafrmkws 6 adop
technologies, such as online banking services, is also partially triggered iby the
competitorsod adopiueaa.(2@1)findthaewhéneansumerdgo g vy .
digital, they acquire more products from the bank andkemore transactions across
differentchannelsCampbellandFrei (2010)document a positive relationship between
the use ofonline banking and customer retentiameYoung, Langand Nolle (2007,
HernandaandNieto (2007) andHe (2015)show that online banking has a positive effect
on bankperformancgbeing a complement channel rather than a substitutbdiok

branches.

3. Dataand Methodology



3.1 TheSurvey

The primary data for th studywere collected from aonsumeisurveythat was
conducted specifically for this research by IMOP duiayember and December 2016
The survey participantf,om a population oSpanish consumelsetween the ages @8
and75, were asked about their digitateferences and, iparticular, about those related
to banking and payment servicéhe main structure of the survey foll@dthe Survey
of Consumer Payment Choice (SCPC) conducted by the Federal Reserve Bank of Boston
However, our survey incorporatecomprehensivenformation onc o n s u digital s 0
preferences and not only on payment serviGemntrolled quotagor a representative
sample of the populatiowere establishedased orage, sexand location.The survey
was conducted vigelephone interviewand resulted ia sample size &,005 consumers
participation was voluntaryrhe sample error is estimated to be +1.8% for a confidence
level of 95.5%

Spain seems to be a good laboratory for this stasiyt hasovercome the initial
implementation phasef electronic bankingand ranksthird in the worldfor annual
growth inmobile banking adoptioh.

As Tablel illustrates thegender breakdowwas49.®6 men and 50 % women.
The largest perceageof participantdell into the agdrackewof 35 44 yearsold (22.8%),
followed by 4554 yearsold (21%). In terms & the employment roughly 60% of
participants weremployed The mediamumber of the household memberasthree

Consistentvith official statistics92% ofparticipantaverefrequentinternet users
connecting mainly from homer5% of them repo&d having a laptop, 97%epored

havinga mobile phone (85.3%smartphone)and 47.2%eporedhavinga tablet.

5 All the variables extracted frothe survey questionnaire are listed in the appendix.
6 There are over 15 million ofleanking services users in Spain accordingreglano & Garca, (2017)
7 Ditrendia Mobile report in Spain and the world (2016)



Table 2 providesinsight on the degree ofdigitalization by gender, ageand
employment situationimportantly, there seems to bgap(common to most advanced
countries)between the availability of the online seng@ndtheir (partial or exclusive)
useby consumerdn any event, the figuresggestthatSpanish consumebhsve attained
amediunthigh degree ofigitalizationand a medium degree of financial digitalization
In general it seems that adslunderthe age o#5 (working or studyiny are the most
digitalized.

3.2 DescriptiveStatistics

3.2.1Degree oBankingDigitalization

Figure 1 plots statisticsregarding thenumber of accountand the number of
financial entitieger customerOn average,a&h banking client lth2 bank accountand
operatewvith 1.5 entities. It isvorth notingthatwhile 79.6% of respondentsad an online
bank accountpnly 13% were exclusively onlineaccountusers.Regarding theype of
financial activities conducted onlineyternet users reped acces#g online banking
services to checkccounttheir balance/transaction$8.®6 of respondents}p receiwe
onlinecommunicationgrom their bank51.4%9, andto make payments or transfeoney
(50.9%).In the case of mobile banking, the activitleaneven more tavard checking

andcommunicatiorrather than transactional services

Figure2 illustratesthe degre¢o which consumers use&rious financial services
Debit card9(78.1%of respondents reported usjngeem to dominate overedit cards
(50.8%).As for the mostommonuses56% ofinternet users check the balance of their
accounts weeklyeither by mobile, tabletor computer while only 32.4% check their
credit card balance weeklyable2 alsoillustratesthe degree of financial digitalization
by gender, ageand enployment situation.Young and employed people exhiltiite

largest degree of financial digitalization. Furthermore, accounting for all the-socio



economic features, thgypical profile of a digital banking consumewould be an
employed womanunder 39 yearsld, with children, living in a large residential area of
more than 200,000 inhabitantnd witha monthly household incombeetweeni3,000

andu5,000.

3.22 ConsumelPerceptions

According to the results of the survé38.8% of respondentnsideredtashto
be safe or very sfe while sucha statementvas only made by 58.8%f respondents
regardingonline bankingandonly 44.2%of respondentsegardingmobile bankingAs
for perceived cost, 63.2%f respondents considetonline bankingo bea low-cost or
costless servig®8.8%o0f respondents said the sanfenobilebanking While more than
90% considexdit to beeasy or very easy to withdraw cash at ATMs or pay by debit card,
this was only the case fo67.8% and 64.4%of online and mobile bankingsers
respectively. However, online banking and mobile bankirege perceived asigh-

quality services by 86% and 84% of usersespectively.

3.23 Non-BankingServices andsocial Networks

Importantly, 38% of respondents indicdtthat they useat least on@on-banking
method of paymentAmazon Pay, Google Wallet, PayPal, Apple Pay, eBopsumers
thatreported using norbank services lthon average more than one Aoaink account
(1.47 account per perspnMoreover, 206% of respondentslso reported installinga
mobile gp in order to make paymenlthough 70% of respondents dha Facebook
account and 28% hd a Twitter account users prefeed email as thanain channeto

communicateavith (30.5%) ormakecomplaints to their bank 717%).

3.3 A RandomForestApproach
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Most previous studies havemployed discrete choice modelso examine
consumer preferences on payment and other financial sefliicgs 2008; Hernandez
Murillo et al., 2010; Honka, Horta, & Vitorino, 20; Yusuf Dauda & Lee, 2015)hese
models,derived fromutility theory, are based on maximizirgpnsumergutility. Other
studies have used structural equationgesghstructural equatiosse useful toimpute
relationships between latent variableataffect ebanking adoptioriAldas-Manzano et
al., 2009; Maria Correia Loureiro et al., 2014; Montazemi & Q8laremi, 2015)

In addition tothese traditional approach@sachine learningffers an alternative
to statistical appr o déinartialshoidesiThe develapmdntioh g cons
computational engineering atig dataanalysis has allowed thgrowth of a scientific
disciplinewhere algorithmicsystems learn automaticallyhese forithmsare ableto
identify complex patternamongmillions of datapointsin orderto make inferenceand
predictions Among these techniquaserandom feestapproacthas provedparticularly
accurate(Varian, 2014) It exhibits several advantages for our purposes. First, no pre
establishear strict assumptions are requiregbardinghe structure of the dat&econd,
by generatng hundreds of random decision treesaliows torevealthe most common
decision sequence$herefore thefinal outcome improveour winderstandingdf what
factorsare the mostommonlyconsidered in @ecisioamaking processAdditionally,
by identifying these characteristjege are able to buildlassification treethatillustrate
thesequencefc o n s u deeisiosntakingactions

Statistically, endom forest are an ensemble of tree predictiorsvhicheach tree
dependson the values of a random vector sampled independently and with the same
distribuion for all treeswithin the forest(Breiman, 2001)The algorithm follows these

steps:
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1. A forest of many treds growrd 1,000 tree#n our research; &ch tree is grown
from an independent bootstrap samgégivedfrom the data.

2. Foreach nodef the treemvariablesareindependentlgelectedat random out
of all M possible variables. Thean the selectedhvariables it finds the best split.

3. The algorithm grows each tree to largest extent passibl

4. These steps are iterated over all trees in the ensemble, and the average vote of

all thetrees is reported akerandom forest prediction.

The use ofandom forest regressions icomomics is gaining grounth the case
of banking,Miguéis, CamanhandBorges (2017usearandomforest model to predict
responses tdirectbankingmarketing They find thatthe forecasting poweof random
forest modelsutperforns manyothermethodsOther financerelated studies, such Bs
Moor, Luitel, SercuandVanpée (2018also suggestgreater accuracy of random forests
models(comparedvith other standard approacheg)en examining thedeterminants of
sovereign creditatings. Similarly, Long, SongandCui (2017)analyze the influence of
capital operations on the performance of listed compamesonclude tharandom
forest algorithrs have the highest classification accuracy aade more stable under
different thresholdlefinitions

Some macroeconomic studies have used a random forest apprpaedittthe
likelihood ofdefaultof someEuropean countrie®ehr & Weinblat, 2017theeuroarea
gross domestic produciGDP) forecasting(Bi a u & 2DXlFahd peedict the
probability of occurrence ad banking and currency crisis in developed countties,
Rusng8k, Gm2dkov§, & Vag2lek, 2017)

In microeconomicsand consumer thearyajari, Nekipelov, Ryanand Yang
(2015)survey andapply several techniques for demand estimaiitvey concluck that a

random foresapproach is bothdequate and effective @stimaing changes irdemand.
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Such an approadhas also been used to estimedmsumer preferences for technology
products Chen, Honda, & Yang, 201andtravel choice (Hagenauer & Helbich, 2017)

4. Dimensions of theDigitalization Process

Going digitalis amuch broadeconceptthan is commonly understoowhile
literature on theylobaldigitalization of societiestilizesa multidimensional approach to
explore the digitalization (CruzJesus, Oliveira, & Bacao, 2012; Vehovar, Sicherl,
Husing, & Dolnicar, 2006 previous studiesn the financial digitalization of consumers
havemainly focused on the adoption of online channklswever,our studyassumes
broaddefinition of adoption that considers not only the first use of a certain sgbovice
also its scope and frequencis the OECD suggestd, is convenient toapply a
multidimensional approach to explotke digital transformation of bankustomers
Figure 3 plotsthe main dimensions that we identifitdm earlier studiesadoptionof
digital banking diversification of useand adoption of bankand nonbank payment
instruments(Campbell & Frei, 2010Montazemi & QahASar e mi 2015;

2016; Xue et al., 2011; Yusuf Dauda & Lee, 2015)

4.1 Adoptionof Digital Banking

What divesbeconing adigital customer of bankingerviceson a regular bas?
Making use of theomprehensivset of variablegn our survey ormgeneral digitalization
and financial digitalizationwe classifed individuals into threeategoriesnonusers (F),
occasionausers (N)and frequent users (S). Noisers are defined #sosewho have not
adoped anyfinancial digitalization including thosewho are not even digitalized
consumersife., do not usehe nternet) Respondents whechecledtheir account balance
online andcariied out at leastone otheronline financial activiy over the course of the
yearwereclassified a®ccasionalisers. Finally, frequent usergerethose who chead

their account balance and gadout other(transactional)online activitiesat least once a
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month Figure4 shows thatl,772 out ofthe 3,005 respondent$58.9%)were frequent
users of online financiadavices, a figurethatis consistentwith the growth of online
banking in Spaimfficially reportedin theso-calledEuropean Digital Agenda

4.2 Diversity of Digital Use

While the initial phase of the digital transformation of consunmeaves regular
online access, going digite also related t6 o n s u use ofdvérse digitalservices
Then, going digital meansonducting a number of financial activities online and anot
single online activitg as it isusuallythe case o€heckng the account balancaVithin
this dimensionwe acknowledge that there is a transiti@weerbeginning togo digital
andbecoming arii 0 mdigitald b eustdmer

The factorsthat drive ¢ 0 n s u wmhgital di@ersification might be different
depending on theapabilities of the electronic deviceused in accesshe service
Therefore we differentiatebetweenthe diversification ofonline bankingusersand
mobile banking usersn doing sosurveyrespondentsvereclassified according to tire
variety of useghey carry out(check account balances, pay bills, make transtars
receive communicatiofsfor eachtype of terminal usedio conduct these activities
(computeror mobile). Based on these factors, respondents were then sorted into four
categoriesno digital uses, nortuses of digital financial services,nicipient uses of
digital financial servicesanddiversified uses of digital financial services.

Individuals who areutside ofthe digitalizationprocesgi.e. who had naaccess
to the nternej were classified aso digital uses. Individualswho arefrequentinternet
usersbut do notconductany financial activity online wereclassified as nouises of
digital financial servicesIncipient users are those wperformsomebut not allonline

financial activitiesat least once a montkinally, those users thaarry out allfinancial

8 hitp://www.agendadigital.gob.es/digitaenda/Paginas/digitagendaspain.aspx
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activitiesonlineat leasbnce a monthareclassifiedas diversified users of digital financial
servicesFigure4 reveals that most of the respondengsiacipient use® afinding that
reflects theworth of exploring this dimension Bank customersppearto also be
customers ofligital financial services but they are still far from being considerexb
iomai gi tal 0O user s.

4.3Use ofBa n kPaytentlnstruments

Another dimension that determines the finandigitization processelatesto a
consumer 0 spaymentAithmuhhdebit and credit cardsannotbe considered
fully new electronic paymenhnstrumentswe also consider them &isere has been a
technological and safetgvolution Therewere new, varied and easy way¢such as
contactless technologgf using them

The samplavasthendivided into two groupsnondebit fron-credit) card user
and debit (credit) card useAs Figure4 shows therewasa large use of debit cards
comparisorto credit cards.

4.4 Use ofNon-BankPaymentlnstruments

While banks have traditionally offeremlonrcash paymeninstruments some
technoloy companies particularly BigTech and FinTech, have beguroffering non
bankingalternatives to palills or transfer monegAmazonPay, PayPal, Google Wallet,
Apple Pay.etc). The adoption othesenew means of paymemthose provider is not a
financial entity has gained groun8ince most of the technological transformation is
being led by the irruption of higtech companiesit is interesting to analyze how
consumersadopt these alternativeeansof paymentsTherefore, this paper considers
whatfactorsdrive consumers tasenon-bankpaymentnstruments

In our researcicustomersvereclassified as ne-digital users nonuses of non

bank paymeninstruments and users ofnonbank paymeninstruments Consumers

15



without regularinternetuse were classifiedas non-digital uses. Consumerf online
financial services whdid not u® nonbankmeans ofpaymentwere classified asion

users of nofbank paymeninstrumentsFinally, users ohonbank paymeninstruments
include consumers thatilized payment methodef nonbankprovides. As illustrated
in Figure4, mostrespondentsverenon-usersof nonbank paymeninstrumentsdespite
being digitaized

5. Results

In this section we present the random forest regression results of each of the
abovementioned dimensions as well as the classification treesuthaé the sequential

digitalization of bank consumers.

Firstly, we usel 1,000 decision treesandomly constructedor each dimensign
usingthe set of variables provided in the surueyorderto obtain the random forest
output Then, we repoed the plots showing theelative statistical importance of each
factor in the classification ahdividuals ly their digital profile The determinantand
characteristicare plotted on thg-axisrankedby theirabsolutdevel of importancevhile
their relativeimportancds chartedon thex-axis. The mean decrease in accuracy reflects
the mean loss in accuracy wheachspecific variable is excluded from the regression
algorithm. Thereforehe determinantandcharacteristicsvith thegreatermean decrease
in accuracy ar¢he mostrelevantfor the classification of bank customer&dditionally,
the mean decrease in Gini is a measure of how each feature contributes to the

homogeneity between the decision tried wereusedin the resulting random forest.

Secondly we usa the characteristicsand determnants with the largest
discriminant power for each of the digital dimensidosbuild a decision treeA
conditional inference treavas estimated. This technique estinthta regression

relationship by binary recursive partitioning in a conditional inference frameviibek.

16



algorithm testd the global null hypothesis of independence betwesrhof the input
variables and the response and ssliet input variable witlthe strongest association to
the response. Thetie aborithmimplemeneda binary split in the selected input variable
and recursively repead this process for theach of the remainingariables The
classification tree infeedthe sequencingf customes 6 d emnsakirggpracesswhich
helped in explaininghow bank customsergo digital. This is particularly relevant since
those trees do not require any linearity assumptiwhgh is important because many of

the digitalization determinants could benlnearly related.

5.1 RandomForestRegressiorResults

5.1.1Adoption ofDigital Banking

The maching learning algorithmieveakd that the followingb ank cust omer s
features stand out as fistder factors thatdifferentiate between nontusers (F),

occasional users (Nandfrequent users (S)

1 Online checlkbalance:indicates whetheaccount balances are checked online.
As it is easier, fasteandless ostly thanphysicallygoing to the bank branch
fosters goingligital.

1 Number of online barkccountsindicateghescopeof digital barking. Offering
online access to bank customarhenthey opena bank accounncreaseshe
probability of the customegoing digital.

1 Online transfers indicates whetherthe customeihas made an online bank
transferover the last three montH3nline bankto-bank transactionsre a driver
of transactional financial digitalization

1 Consciousnesst is the ratio ofthe number obank accountthatthe customer
believeshaveonline access to the total numberagctounts with online access.
It indicates the degree to which each customer is aware of the existence of online

17



financial services dtis or herdisposakbs in practical terms all the accounts offer
the possibility ofonline access Honka, HortaandVitorino (2017)arguethat
customeiawareness is a relevant factor in tise of banking services
Bankc ust o mer s Oof seantyc cegiot da® af sse of banking services
werefoundto besecondaryfactors ingoing digital The decision to@opt a digital profile
did not seem to berimarilymot i vat ed by ¢ usQuroresdts SIgge per cept
that the relevant factors in going digital are those relatedustomers becoming
accustometb the online channgby checkng theirbank account balancestransfering
moneyandrelatedto beingawarethat these activitiesanbe conducted online
As in other industriesconsumergend togo through several stagesadoption:
awareness, consideration, and choice. Our esoittfirm thesignificanceof awareness
in the multistage processf going digital.
5.1.2 Diversity ofDigital Use Online Banking andMobile Banking
Figures 6 and 7 show the baseline random forest resulis terms of the
diversification ofonline and mobile bankingervicesrespectively We found that the
following featureshave the largesnfluenceonincreasingc u s t oauaptiosobonline

bankingservices

1 Number of online bank accounis:addition toadopting a financial digital profile,
bark customes degree of online diversification dependstmw many oftheir
accounts offer digital access

1 Consciousnessvhich is to saybeing aware of the possibility of having access to
onlineservicesis essential for the custons¢o diversifythar financial activities.

1 Safety of online banking indicateshow customers perceive the level of security

of online banking.
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T

Online banking communicationndicates whethecustomershaveused online
services or anail astheircommunicatiormethodwith their bank

Consideringooththe adoption andiversification of digital useye arguehat the

digitalization processoriginates fromthec ust omer s® need to check

balancesand transfer moneyHowever, beingaware of the possibility of accessing

financial services through online bankiagdthe perceivedsafetyof operating online

werethe main factorsn determiningwhethercustomers diversigd thar use of online

bankingservicesFurthermorethe digitalization of theommunication channel between

customes and bank alsofosteedthe diversificatiorofc u s t oamlmeastidities.

Regardinghe diversification of theiseof mobile banking the following factors

had the greatespredictive power.

)l

Number of online bank accoungsis the case witlonline bankingthedegree of
mobile banking diversification depends dw many online accounts are
available to the customer

Safety mobildankingregardd an k c u st o mefithe l@velpfesecarisypt i on
of mobile bankingwhichis also relevanto them decitchg to go broadly digital
with mobilebanking

Consciousnessbeing aware of the possibility of having access to financial
servicesis again relevantinfluendng the diversification ofmobilerelated
servicedy bank customers

Transferring money via mobileather than information checkir(@s it was the
casewith online banking)mobile bankingdiversification seems to be driven by
transactional services

Overall the algorithm reveals thahline and mobileliversificationweredriven

by common featuresconsciousness ahe possibilities offered by digital banking,
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percevedlevel of security of the channel useshdthe numbenpf digital bank accounts
available However,it is worth noting thatransferring moneyvasa distinct factornn
determining diversificatiof mobile bankingOne of thefirstsstest o0 bec ome Aomni
d i g iintneolbil® bankingseems to begin byansferring moneyit seems thamoney
transferring via mobile may turn into the gateway €ming other digital financial
activities. This finding partially explairs the importance of tharruption of FinTech
companiesin the payment sector compared to otheffinancial services(Eickhoff,
Muntermann, & Weinrich, 2017; Jagtiani & Lemieux, 2017)
5.1.3Use ofBa n kPayinentinstrumentsDebitand Credit Cards

Consistentwith prior estimatios, employing1,000 randomly computedorest
trees,we determiné the mainfactors thatnfluence the use adebit and credit cas]
respectively(seeFigures 8 and9):

1 CosttCust omer s0O p e rstheusageftdothtypes of caed$, altbotigh
it has a greatampact onthe use oflebitcard.

1 Safety:The perceivel safety of the transactions conducteith debit and credit
cards is relevantin determininghetheir useby customersalthough to alightly
greater extenwith credit card.

1 Acceptance:Mer chant s o acceptance of debit an
instrumens determinegheir utility, which could explain why bank customers are
concernedwith ensuring theiracceptancebefore adoping them as regular
paymentinstrumens.

1 ConvenienceCu s t o merceptionregardingthe conveniencef using these
banking paymentéeasiness, time sagnetc) alsoinfluencescustomer§useof

them.
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Unlike the adoption and penetration of online and mobile banking, thefus
debit and credit cards seems to be dominated by bank custgasrsptionf card®
cost, safetyandacceptance.
5.1.4 Use ofNon-BankPaymentinstruments
FigurelOillustratesthe most relevarfactorsin explainingc u s t oadaptios 0
of non-bankpaymentservices
1 Mobile paymentapCu s t o e ofreobile apps to make paymehtssa large
predictivepower indetermining whethecustomes will usenon-bank payment
instruments
1 Frequencyand degre®f onlinebanking Thescope and frequencyofu st o mer s 6
use ofonline bankingserviceswas also found to explain the use nbn-bank
paymentinstruments suggesting a complementarity between the bank and the
nontbank payment alternatives
1 Online banking complaint Cu st o me r s énlinau chennalad lodge a
complaintwith the bankalsoappeargo drivetheir use of norbank servicesin
other wordsunsatisfied bank customersaking onlinecomplaints are more prone
to adopt norbankmeans opayment.
1 Twitter and Facebook userBeing a user ofsocial media als@appeardo be
related to the use obn-bank paymerst

5.2 Accuracy RandomForest vsLogit Models

The previous sectiodescribedhemain factorsthat nf | uenc eonlmar st o mer ¢
adoption and diversificatio.hen, we usel random classification treg¢s determine the
sequence in which these factors operatewever, before estimating these treess
important to determinethe predictionaccuracy of therandom forestregressions

Consistentwith prior studiege.g.De Moor et al., 2018we randomly selected 70% of
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the data as training daf@,104 observationsand designatedhe remainingdata(901
observationgastest dataThrough this process, we aimexshow the oubf-sample fit
precision of the random forest technigd®&e machine learninglgorithmwasable to
accuratelypredict 88.4% o f b a n k ontine anlongadopt®roprofile 70.11%

of diversity of digital use of online banking, 70.01% of diversity of digital use of mobile
banking, 85% (74.89%) of debit (credit) card adoptaond 76.14% ohonbank payment
instrumentsadoption.

We alsocompare the baselineresults obtained usingrandom forestechnique
with the standardiscrete choice modeissed inmost of the previous studies to analyze
consumer preferenced financial servicesWe usel ordered logit regressiorfsr the
adoption decisiorand the diversification of digitalization usagkscausethey rank
consumers according to certain classificagitas shown aboveHowever, he decision
between Bnkor nonbank payment instrumesis binary, so it isestimatedising asimple
conditional logit. The general form of the logit mode&sfollows:

%98 @ 0 MUQ@MEHQE i ©g8: v 1 1 O
I @ Q 1)

For each digital dimensiotested, we includkas regressorb ank cust omer s
featureq(® ), Which according to priotheoretical and empiricatudiesare
the met relevant factors fogoing digital These variablesvere classified into four
different subsets: degree of digitalization, financial profile, perceptiand social
profile. Thevector of variables accounts fogender, age, people
living at home and geographicalocdaion. The modelswere estimated considerintpe
samping weights. Furthermore, the digitalization process may be influenced by
c u st oadhace ef dankassome banks are more digidd than othersin order to
address this issueyrorsare clustered on the main bank of each bank custotes.

estimation resultare reported il\ppendixB.
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The ordered logit and simple logit modelereable toaccuratelypredict 79.27%
of bank customer so6 oOh% ofdiversitypohdigkal usegof oalieo pt i o n
banking, 59.57% of diversity of digital use of mobile banking, 84.23% (70.62%) of debit
(credit) card adoptignand 73.46% ohonbank paymentmethods adoptionTable 3
compars the forecastingiccuracy obtained using th@endom forest regressisand the
logit models. Rndom forests modelddth in outof-sample and wholeample tests)
outperfornedlogit models.Thegreatempredictive powewasparticularly relevant for the
adoption of online banking whofieting ability is close to 90% for both the whesample
and outof-sample predictions the random foresthile it was80% for the logit model.
Similarly, the accuracyf the prediction of thealiversiied useof online @nd mobile)
bankingwas70%with the ramlom forest modehpproactcompared t@55% (and59%)
for the logit modelsConsistentith prior studiesCui, Moreno, & Zhang, 2017; De Moor
et al., 2018; Krauss, Do, & Huck, 2017; Loegal., 2017; Miguéis et al., 201 #he
random forest algorithnpresentd a hghe classification accuracy compared to
alternative econometric models.

5.3 ClassificationTrees

In order to obtain a sequence®fu s t ofmanciad digitalizationdecision, we
usel thosevariables identified by the random forest as having |lgpgedictivepower to
build adecision tredor eachof thedimensios analyzedWe initially tesedwhetherthe
decision trees maintaaa the prediction accuracy of the baselrandom forest models.
The treeswereable toaccuratelypredict aroundGi 85% ofindividual choices
5.3.1Tree: Adoption ofDigital Banking

Figure 11 plots thedecision treeof ¢ u s t o adeptbs Of digital banking
Althoughthe range of servicesvailableonlineis wide the adoption of online banking

seems to emergiEom customerscheckingtheir account balancedt was only after

23



customers cheddtheir accounbalanceshat they moved intransfering moneyonline
Bank customer who dd not perform eitherof these activitieswere classified as
occasional olow-frequerty users (node 5Comparingthoseindividualswho only check
their account balansgnode 10 with thosewho only transfermoney Gode7 and §,
checking account balancappears to bthe more decisre stepin beconing a frequent
userof online banking serviceBurthermore, when customdrsginto make transactions
andarelargely aware of the online possibilitiesheybecomefrequent users (nodes 14
and 15).

In conclusion, an overview of the random models and the classification trees
suggestthatthe mainchanneby which bank customers become frequent usieosline
banking servicess by their needto checktheir accountbalances andsubsequently,
transfeé money Consciousnesabout theavailability of online possibilitiesavailable is
also important for the customer to become a freqdigitial bankuser Furthermorethe
pereived safetyof online banking services wa®t a primarydeterminanin beconing
a frequent user. This finding is relevant since most of the literatsreomaluded that
adoption is mainly dr jincladngtheypeceptios cdafes/r s 6
As we show in the next stdection, safetynly becomednfluential when customers
consider to conduct a wide range of services.
5.3.2Tree:Diversity ofDigital BankingUse

Figurel2illustratesthe classification trefr the diversity of digital use in online
bankingwith four main variables. This tree reveals the relevance of the perceived security
of online bankingn influencingc u s t o meot oslide finascial servicegbranch 2).
Custanerswho considerednline bankingto not be safewere not likely to become
diversified usersf online servicegnode 1421). Together with safety; u s t ouseeofr s 0

digital channels for information purposes aheir awareessof the range ofonline
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services wer&ey determinants of the diversification of digital services dema(tbde
11). However, consciousnesgl dhot compensate for thperceivedlack of safety At
most, being conscious macustomerswitchfrom norrusers to incipient users (node-17
21).

Overall the results suggettat whilebeing a regular onlinkeankinguserisdriven
by cust onieg.chetkngraeceudtdalances and transiieg money as well as
by havinga certain level of consciousness about the online possibilteenming a
diversifieddigital userdepeneédlargely on the perceive@vel of safety.

Figure 13 plots the classification tree for the diversity of digital a$emobile
banking The results suggesitatthe diversity ofonline and mobile bankingseis driven
by similar factors The perceived level &fafety ofmobilebanking is also relevant (node
7). It is also shown that unlikely to find diversified users who have not transferred
money with their phones even if thpgrceive mobile bankg as nosafe (node 5).
5.3.3Tree Adoption ofBank Paymentinstruments

Figures 14 and 15 plot the classification trees for the debit andddreard
adoption,respectively. Both trees show that safety and costleemain drivers of
adoption

Regardinghe adption of debitcard c ust omer s6 perception th
aconvenienpayment instrumenwasa primary determiantof theiruse Debit card users
could be classified into users who considebit cardssafe, accepted but notery
convenientregardlessof their cost (node 1]1)and users who consider the method
convenient, costlesand safe (node 24 and 2®).could bethenargued that costless
perceptiorcould compensate a lack of perceived convenience.

In the caseof credit cardsthe mostinfluential factor was the perceived safety.

Customers who perceidecredit cards as unsafegardles®f thar costwereless likely
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to use them (nodes 1¥9). Similar todebit cards, users who percewtredit cardas safe
and relatively costlesaade up the majority @fredit card users (node 1Zhe probability
of adoption dropedto 12%:if the credit card wereconsidered costly
5.3.4Tree:Use ofNon-BankPayment nstruments

The classification tredor the adoption ohonbank paymentnstrumentsis
shown in Figurel6. This tree reveals that the adoptionnoitbank payment methods
occurredwhen customersvere frequent and diversified digital banking useFor
occasional and incipient online usetbe likelihood of usingnonbank payment
instrumentswas quite small However, as the frequency and diversity of use inccgase
being activeon social media and making mobile paymeniseased the likelihood that
customersvould usenonbankpayment channel$-urthermore, ing activeon social
mediaand using apps formobile paymentswere also relevantfactors However, it is
worth noting that frequent online user do not use-loamk payment methods if thaye
just incipient users (node 23) is necessaryor customergo undertake severdigital
financialuses to jumpnto non-bank paymerst Similarly, digital banking users who do
not have frequent online access ao¢ regularadopers ofnonbank paymenimethods
(node 7, 1617, and 28).

6. Conclusion

Modern societies are undergoing a rapid digital transformation. A sizeable part of
this change is relatet the demand of financial servicelhe use of electronic devices
such as smartphones, laptppsdtablets to conduct many financial activities has risen
sharply. While he banking industris aware of this transformatioadjustingthe supply
side depends on related changes in demand.

In this paper, we aim to offerraulti-dimensionalcomprehensiveicture of the

process by whictbank customerdecome digitalizedWhile most previous studies
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discusghe determinants of certain adoption decisionsputéne the sequence dteps

that customers follow to adopt amecome aliversifieduser ofdigital financial services

We consider varioudimensionsthe adoption obnline bankingthe diversification of

the useof online servicesandthe choice of bank veion-bank payment instrumentur
appro&h benefis from the use ofmachine learning technigsiepplied to a in-depth
consumer survey specifically designed for the purpose of this study. Specifically, we run
randomforest modelgndregressiorclassification trees.

The empirical results suggest thia digitalization process seems toobiginated
from customer neetb get information on basic aspects of its banking accoends (
checkingtheir accounbalances)and this facilitates &ransitionto transactional services
(e.g.transferring money We also findthat once the initieadoption has taken place the
diversification ofonline and mobileservicesadopted by the customelb®camearger
when theybecameconscious about thenge ofpossibilitiesprovided by the bank and
when theyperceivethose options asafe Furthermore, we shothat headoption of non
bank paymeninstruments (e.gPayPaland Amazon) happens wherconsumes are
already diversified banldigital customes. This suggeststhat a certain degree of
complementary between bank and #i@mkdigital services

Overall, these results confirm the négeconduct researctinatcoves the entire
digitalization processather tharfocusing on a single dimension. In additiony research
confirms that the application ofmatching learning techniquesh consumer research

providesaccurate resultthat improve the nderstanding of complex toic
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Table I. Sample demographics

Gender n %
Male 1,493 49.68
Female 1,512 50.32

Age
18- 24 years 282 9.38
25- 34 years 498 16.57
35- 44 years 686 22.83
45- 54 years 631 21.00
55- 64 years 500 16.64
> 65 years 408 13.58

Habitat
071 10,000 inhabitants 637 21.20
10,001 50,000 inhabitants 806 26.82
50,001i 200,000 inhabitants 696 23.16
> 200,000 inhabitants 866 28.82

N° People at home

1 person 644 21.4
Two people 850 28.3
Three people 757 25.2
More thanthree people 754 25.1

Employment situation

Working 1,815 60.4
Pensioner/retired 500 16.6
Unemployed 338 11.2
Student 193 6.4
Unpaid domestic work 159 5.3

Sample size 3,005 100




Figure 1. Degree of Financial Digitalization: n®ank accounts, n° of financial entitiedy customer
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Male
Female

18- 24 years
25- 34 years
35- 44 years
45- 54 years
55- 64 years
> 65 years

Working
Pensioner/retired
Unemployed

Student

Unpaid domestic work

Mean
Note:

Table 2. Sample Matrix (Heatmap) by Dimensions and Soci®emographicsfeatures

Degree of Digitalization

%
Frequent
Internet
Users

93.03
89.74

100
100
98.39
96.35
86.60
61.27

97.41
70.00
92.30
100
77.36

91.38

0

Mobile La%;o
Phone ptop
98.00 76.76
97.00 72.95

100 91.84
99.59 83.73
99.71 76.82
97.29 78.76
97.87 68.20
91.88 50.98
98.90 80.66
94.11 56.00
97.39 67.46

100 93.78
92.98 60.38
98.50 74.84

%
Tablet
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51.41
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Degree of Financial Digitalization

%

Online Exclusive
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80.44
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12.81

%
Debit
Card

78.77
78.37

75.18
84.14
82.94
79.87
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69.12

83.58
72.80
67.16
76.17
66.67

78.57

%
Credit
Card

55.12
47.09

30.14
38.35
56.71
49.60
49.08
50.00

56.25
55.00
35.50
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Figure 4. Consumers classification by dimensions (humber aurveyed individualg
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Figure 5. Variable importance for the random forest model on online banking adoption
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Figure 6. Variable importance for the random forest model on diversifcation of online banking uses
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Figure 7. Variable importance for the random forest model on diversifcation of mobile banking uses
Degree of mobile banking use Degree of mobile banking use
Consciousness-==========-===---c-c-cccoooooo L Mobile transfer [=======ccemm e ccceeeas o
Safety mobile banking:---========-------ccco----- L Mobile web browser -============aacaaux )
N° Online bank accountg===============ccooocooooo L ) Safety mobile banking==============--- o
Mobile transfer ======--cccccccccccoooooo { Mobile payment app================= @
Cost mobile banking-==========-==--c=----- (] N° Online bank accountg============--- ®
Mobile purchase ---=----------------- { ) CONSCIOUSNESS =======m=m === )
Mobile web browser ========c=cceea- { ] SMS ~mmmmmmm—————— T )
Mobile payment app-=============--- { ] Mobile purchase -===========-~ @
Safety online banking-------------- o QR code ===========mm o
Quality mobile banking --=----------- { ] Inapp purchase-===========-= o
Online banking communication------------ @ Cost mobile banking ========-=-- o
Age =====------- ® Wave mobile +====-=----= ®
Convenience mobile banking =======-=-- { ] Age =m=mmm-mo- Y
QR code --======----- (d Online banking communication-=======--= L)
SMS ------------ { City +========n o
Inapp purchase:===-=====-=-- @ NO inhabitants --------- ®
Wave mobile +==-=------ ® Online banking complaint ======-=- L )
Difficulty mobile banking =--------- @ Safety online banking===-===-- ™)
Ne check weekly bank account--------- { ] Bank code -------= Y
Cost online banking========== @ Province -======= ™Y
0 Wean Decrzé)ase Accgr%\cy 40 0 Mean Dec?gase Gini 100

34



Figure 8. Variable importance for the random forest model on debit card adoption
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Figure 9. Variable importance for the random forest model oncredit card adoption
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Figure 10. Variable importance for the random forest model oradoption of non-bank payment methods
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Figure 11. Tree: Adoption of digital banking
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Figure 12. Tree: Diversity of digital use- online banking
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Figure 13. Tree: Diversity of digital use- mobile banking
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Figure 14. Tree: Debit card use
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Figure 15. Tree: Credit card use
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Figure 16. Tree: Use of noRrbank payment instruments
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