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SUMMARY 

This dissertation is composed of three self-contained chapters on the investigation of 

diffusion and adoption of innovation by consumers with NFC-based mobile and contactless 

payment methods as particular technologies of study.  

The Unified Theory of Acceptance and Use of Technology (UTAUT2; Venkatesh et 

al., 2012) defines the point of departure of our research work. This widely accepted 

conceptual framework provides a standardised template for assessing consumer acceptance 

of information technologies. Survey techniques based on self-report questionnaires 

regarding the new technology for data collection and structural equation modelling for data 

analysis define the standard approach for operationalising this framework model. In our 

research work, we extend the application of this framework model towards experimental 

methods facilitating stringent falsification tests of hypotheses through controlled 

experiments.  

The key idea is to reconceptualise the acceptance of new technology or innovation as 

a choice problem with the new challenger and the familiar technologies defining the 

corresponding choice set. Conceptualised this way, one can understand the different factors 

in the UTAUT2 framework as different attributes in a multi-attribute decision problem. 

Furthermore, modelling the individual adoption process as a choice problem opens the door 

for using more stringent choice-experimental research methodologies.  

We demonstrate the high potential of this methodological extension by applying it to 

an extensive study on the situation-specific acceptance of mobile payment technologies in 

the Swiss credit card market. As one of the key elements of this study, we designed and 

conducted an online choice experiment to capture the systematic variance in the observed 

real-world decision behaviour introduced by the following three factors: 𝑢𝑠𝑒 =  𝑢𝑠𝑒𝑟 ×  𝑡𝑒𝑐ℎ𝑛𝑜𝑙𝑜𝑔𝑦 ×  𝑐𝑜𝑛𝑡𝑒𝑥𝑡  

To capture the variance associated with the factor technology, we included the three 

payment methods cash, credit and debit cards, and mobile payment. To capture the variance 

associated with the factor context, we linked the usage of the payment technologies to a set 

of concrete payment situations.  

Based on theoretical reasoning mainly guided through the cognitive-affective system 

theory of personality (Mischel & Shoda, 1995; Shoda et al., 1994), we characterised the 

situational context of a payment situation in terms of its psychological features. We 

hypothesised that the three psychological features, familiarity, perceived threat, and 

perceived financial risk, represent valid candidates for influencing the choice behaviour of 

consumers in payment situations.  

We operationalised these psychological features through experimentally manipulated 

vignettes that represented the psychological features in terms of observable and measurable 
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physical counterparts characterising a payment situation: familiarity with two distinct 

categories of merchants (shops), payment in a grocery, representing a widespread payment 

experience and, thus, reflecting high familiarity, and payment in a taxi, representing a 

usually rather rare payment experience, perceived threat with two geographically different 

payment scenarios, payment situation in Switzerland and payment situation in Brazil, and 

finally, perceived financial risk by manipulating the payment amount by a factor of three. 

Further, we formulated two slightly distinct versions of the UTAUT2 questionnaire: 

one with situation-independently formulated item questions and the other one with item 

questions linked to the situations. To capture the variance introduced by the factor 

technology, we asked the participants to respond to the questionnaire for all three methods 

of payment separately.  

The first two chapters of this PhD thesis cover this methodological extension of the 

UTAUT2 framework. The third chapter presents an additional methodological extension 

based on linking the UTAUT2 framework with agent-based modelling and simulation 

techniques. This second extension creates a link between micro- and macro-level modelling 

of the diffusion and adoption of innovation by consumers. 

 

Chapter 1, Measurement invariance of UTAUT2 operationalisations: Can we really 

compare our data across technologies and use contexts (joint research work with Joachim 

Scholderer), covers the more technical part of this PhD thesis and demonstrates that the 

measurement model of the UTAUT2 framework shows a sufficient level of measurement 

invariance in the sense of Steenkamp and Baumgartner (1998) when adapted and 

operationalised appropriately to a particular subject of study.  

We tested the UTAUT2 model for the measurement invariance property across the 

conditions created by crossing the experimental factors, technology (method of payment) 

and usage context (payment situations), by using the statistical framework of multi-group 

confirmatory factor analysis (Sörbom, 1974) and applying the procedure of hierarchical 

model comparison defining consecutive levels of invariance as proposed by Steenkamp and 

Baumgartner (1998).  

The obtained results ensure that comparisons of statistics across the different 

experimental conditions are valid and meaningfully interpretable.  

 

Chapter 2, Situated technology acceptance: A discrete choice modelling approach 

(joint research work with Joachim Scholderer), covers the next step of the methodological 

extension in the direction of experimental choice methods. It shows that the accuracy in 

predicting consumer adoption of new technology can substantially be improved by linking 

the use of the technology to a concrete situational context. The choice of the payment 

method (cash, debit or credit card, or mobile payment) was modelled as the dependent 
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variable. The situational context was varied in terms of the psychological features 

familiarity, perceived risk, and financial risk.  

The stated preferences were captured with the help of the two slightly differently 

formulated UTAUT2 questionnaires. The data analysis for estimating the degree of 

improvement in accuracy to predict the consumer’s intention and use of technology by 

including the concrete usage situation into the model has been performed by means of 

structural equation modelling and by using discrete choice modelling techniques as 

developed by McFadden and Zarembka (1974). The results reveal that the situational usage 

context is a significant source of systematic variance in decision behaviour regarding the 

acceptance of mobile payment technology. The analysis shows that the predictive power of 

the UTAUT2 framework improves dramatically, leading to a tripling in the R-squared in 

the prediction of technology choice, relative to the standard UTAUT2 operationalisation. 

Besides being very useful for product managers and marketers for deepening their 

understanding of the interdependency of technology use and situational context, providing 

actionable insights for guiding the design of product features and the development of 

successful marketing and market launch strategies, these results also show that an 

experimental approach facilitates the formulation and testing of empirically falsifiable 

hypotheses in the context of technology adoption research.  

 

Chapter 3, The dynamics of technology adoption: Application of agent-based 

modelling to UTAUT2, presents the second methodological extension by linking the 

UTAUT2 framework with the toolbox of agent-based modelling and simulation techniques 

(see Macal, 2016, for an overview article on agent-based modelling and simulation). This 

extension creates a link between macro- and micro-level perspectives on modelling and 

demonstrates that agent-based simulation techniques governed by micro-level decision 

principles are capable of reconstructing the observed and measurable aggregated real-world 

adoption behaviour at the macro-level. We illustrate this approach by applying it to the 

diffusion of NFC-based contactless payment technology in the Swiss credit card market as 

our subject of study.  

The adoption of NFC-based contactless payment technology defines a two-sided 

market problem: Merchants that have to accept contactless as a valid payment option, and 

consumers (cardholders) that have to pay by contactless. A strength of the proposed agent-

based modelling approach is that one can simulate the response of consumers for any given 

structure of POS supply by representing the merchant side as a dynamic environment. For 

the model design considerations on the micro-level, we rely on the results of the previous 

two chapters. We interpret mobile payment as a payment method that is quite similar to 

card-based contactless payment from a cardholder perspective. Both payment technologies 

use the same underlying NFC-technology and, thus, create a comparable user experience 

in terms of handling, speed and convenience.  
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We take Rogers’ theory of the diffusion of innovation (1962, 1995, 2010) as our 

conceptional point of departure: the individual decision to adopt or reject an innovation is 

not spontaneous, but should be understood as governed by a social process. Motivated by 

our previous research results on mobile payment technology (summarised in the first two 

chapters), we hypothesise that continuous promotion activities by providers of this payment 

method, boosted by an imitation effect triggered through observing the payment behaviour 

of other cardholders at the POS, define the primary information flow leading to a 

continuous increase of the individual intention to try out the new payment method. By 

reaching a cardholder-individual threshold, the try-out phase of the adoption process is 

triggered.  

We validate this modelling approach by calibrating the agent-based model with the 

help of real-world credit card transaction data and by simulating and reconstructing the 

observed real-world adoption curve for a set of randomly selected geographical regions in 

Switzerland. This out-of-sample validation approach defines an additional essential 

contribution to the body of knowledge in the agent-based modelling research field. 

Furthermore, the simulation results also reveal that a take-off towards mass acceptance of 

this payment method among cardholders requires sufficiently broad acceptance of the 

contactless payment method among merchants, which one can interpret as a critical mass 

on the merchant side.  

 

All three research studies were supported by Viseca Card Services SA, 

Hagenholzstrasse 56, CH-8050 Zurich, Switzerland. The online choice experiment was 

conducted in collaboration with FehrAdvice & Partners AG, Klausstrasse 20, CH-8008 

Zurich, Switzerland. 
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DANISH SUMMARY 

Denne afhandling består af tre selvstændige kapitler, der undersøger diffusion og 

indførelse af innovation hos forbrugere, særligt med fokus på NFC-baserede mobile og 

kontaktløse betalingsmetoder. 

Den samlede teori om accept og brug af teknologi (UTAUT21; Venkatesh et al., 2012) 

definerer udgangspunktet for vores forskningsarbejde. Denne bredt accepterede 

analyseramme udgør en standardiseret skabelon til vurdering af forbrugernes modtagelse 

af informationsteknologier. Standardmetoden defineres af undersøgelsesteknikker baseret 

på selvrapporteringsskemaer vedrørende den nye teknologi til indsamling af data og 

strukturelle ligningsmodeller til dataanalyse, og denne metode bruges til at operationalisere 

analyserammen. I vores forskningsarbejde udvider vi anvendelsen af denne analyseramme 

til eksperimentelle metoder, der muliggør nøjagtige falsificeringtests af hypoteser gennem 

kontrollerede eksperimenter.  

Den centrale idé er at rekonceptualisere indførelsen af ny teknologi eller innovation 

som et dilemma, hvori det udfordrende nye og de velkendte teknologier udgør 

valgmulighederne. Ved at konceptualisere på denne måde bliver det muligt at opfatte de 

forskellige faktorer i UTAUT2-rammen som forskellige attributter blandt mange, der alle 

indgår i en afgørelsesproblematik. Desuden bliver det muligt at anvende mere avancerede 

forskningsdesign for  choice-eksperimenter ved at fremstille den individuelle 

indførelsesproces som en afgørelsesproblematik. 

Vi demonstrerer det store potentiale ved denne metodologiske udvidelse ved at 

anvende den til en omfattende undersøgelse af situationspecifik indførelse af mobile 

betalingsteknologier på det schweiziske kreditkortmarked. Et af nøgleelementerne i denne 

undersøgelse var, at vi designede og udførte et online valgeksperiment for at påvise den 

systematiske varians i den beslutningsadfærd, vi kunne observere i virkelighedens verden. 

Der viste sig følgende tre faktorer: 𝑏𝑟𝑢𝑔 =  𝑏𝑟𝑢𝑔𝑒𝑟 ×  𝑡𝑒𝑘𝑛𝑜𝑙𝑜𝑔𝑖 ×  𝑘𝑜𝑛𝑡𝑒𝑘𝑠𝑡  

For at afbilde den varians, der er forbundet med faktoren teknologi, inkluderede vi de 

tre betalingsmetoder kontanter, kredit- og betalingskort og mobilbetaling. For at kunne 

afbilde den varians, der er forbundet med faktoren kontekst, forbandt vi brugen af 

betalingsteknologier med nogle konkrete betalingssituationer.  

Baseret på teoretisk ræsonnement, der hovedsageligt styres af personlighedsteorien i 

det kognitiv-affektive system (Mischel & Shoda, 1995; Shoda et al., 1994), karakteriserede 

 

1 Henviser til det engelske navn “Unified Theory of Acceptance and Use of Technology” 
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vi de psykologiske mekanismer ved den situationsmæssige kontekst i en betalingssituation. 

Vi antog, at de tre psykologiske mekanismer, fortrolighed, opfattet trussel og opfattet 

økonomisk risiko, alle har relevant indflydelse ift. at påvirke forbrugernes valgadfærd i 

betalingssituationer.  

Vi operationaliserede disse psykologiske mekanismer gennem eksperimentelt 

manipulerede vignetter, som repræsenterede de psykologiske mekanismer i form af 

observer- og målbare fysiske modstykker, der karakteriserer en betalingssituation: 

fortrolighed med to forskellige slags forhandlere (forretninger), betaling hos en 

købmandsbutik, hvilket repræsenterer en udbredt betalingsoplevelse og derved afspejler 

stor fortrolighed, og betaling i en taxa, der repræsenterer en ofte ret sjælden 

betalingsoplevelse; opfattet trussel med to geografisk forskellige betalingsscenarier, 

nemlig en betalingssituation i Schweiz og en betalingssituation i Brasilien; og til sidst 

opfattet økonomisk risiko ved at manipulere betalingsbeløbet med en faktor på tre.  

Endvidere formulerede vi to marginalt forskellige versioner af UTAUT2-

spørgeskemaet: én med emnespørgsmål formuleret situationsuafhængigt, og den anden 

med emnespørgsmål knyttet til situationerne. For at kunne påvise den varians, som faktoren 

teknologi forårsager, bad vi deltagerne svare på spørgeskemaerne for alle tre 

betalingsmetoder separat. 

De første to kapitler i denne ph.d.-afhandling dækker denne metodologiske udvidelse 

af UTAUT2-rammen. Det tredje kapitel viser endnu en metodologisk udvidelse, der er 

baseret på at forbinde UTAUT2-rammen med agentbaserede modeller og 

simuleringsteknikker. Denne ekstra udvidelse forbinder mikro- og makroniveau-

modellering af spredning og indførelse af innovation hos forbrugere. 

 

Kapitel 1, Invarians i måling af UTAUT2-operationaliseringer: Kan vi virkelig 

sammenligne vores data på tværs af teknologier og anvende sammenhænge (i samarbejde 

med Joachim Scholderer) dækker den mere tekniske del af denne ph.d.-afhandling og 

demonstrerer, at målingsmodellen anvendt i UTAUT2-rammen viser et tilstrækkeligt 

niveau af invarians i målinger som anført hos Steenkamp og Baumgartner (1998), når den 

blev tilpasset og operationaliseret, så den passede til et bestemt forskningsemne.  

Vi testede UTAUT2-modellens egenskaber ift. invarians i målinger på tværs af 

omstændighederne skabt ved at krydse de eksperimentelle faktorer, dvs. teknologi 

(betalingsmetode) og anvendelseskontekst (betalingssituationer), ved hjælp af den 

statistiske analyseramme for ’multi-group confirmatory factor analysis’ (Sörbom, 1974) 

ved at anvende proceduren for hierarkisk model-sammenligning, der definerer på hinanden 

følgende niveauer af invarians som anført i Steenkamp og Baumgartner (1998).  

De opnåede resultater sikrer, at sammenligningen af statistik på tværs af de forskellige 

eksperimentelle omstændigheder er valide og kan tolkes meningsfyldt.  
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Kapitel 2, Situationsbestemt indførelse af teknologi: En diskret ’experimental choice 
method’ (i samarbejde med Joachim Scholderer) dækker det næste trin i den metodologiske 

udvidelse i retningen mod eksperimentelle valgmetoder. Det viser, at forudsigelsen om 

forbrugernes indførelse af ny teknologi væsentlig kan forbedres ved at knytte brugen af 

teknologi til en konkret situation. Valg af betalingsmetode (kontant, debet- eller kreditkort 

eller mobilbetaling) blev tilpasset som den afhængige variabel. Konteksten i situationen 

var foranderlig mht. de psykologiske faktorer fortrolighed, opfattet risiko og økonomisk 

risiko.  

De angivne præferencer blev opfanget ved hjælp af de to marginalt forskelligt 

formulerede UTAUT2-spørgeskemaer. Dataanalysen, der blev anvendt til at estimere 

graden af forbedring i nøjagtighed mht. at forudsige forbrugerens intention og indførelse af 

teknologi ved at inkludere den konkrete situation i modellen, er udført ved hjælp af 

strukturelle ligningsmodeller og anvendelse af diskrete ’choice modelling-teknikker’ 
udviklet af McFadden og Zarembka (1974).  

Resultaterne afslører, at den situationsbestemte brugskontekst er af væsentlig 

betydning for systematisk varians i beslutningsadfærd mht. indførelse af mobil 

betalingsteknologi. Analysen viser, at UTAUT2-rammens evne til at forudsige korrekt 

forbedres dramatisk, hvilket fører til en tredobling af R-i anden i forudsigelsen af valg af 

teknologi ift. standard-UTAUT2-operationen. 

Ud over at være meget nyttige for produktionsledere og marketingfolk ift. at øge deres 

forståelse for den gensidige afhængighed mellem brug af teknologi og situationsbestemt 

kontekst viser disse resultater også, at en eksperimentel tilgang muliggør udarbejdelse og 

afprøvning af empirisk falsificerbare hypoteser i forbindelse med forskning i indførelse af 

teknologi. Ligeledes kan resultaterne give bedre forståelse for, hvordan man bedst designer 

produktfunktioner og udvikler vellykkede markedsførings- og lanceringsstrategier.  

 

Kapitel 3, Dynamikken i indførelse af teknologi: Anvendelse af agentbaserede 

modeller til UTAUT2 forelægger den anden metodologiske udvidelse ved at knytte 

UTAUT2-rammen til udvalget af agentbaserede modeller og simuleringsteknikker (se 

Macal, 2016, for en oversigtsartikel om agentbaserede modeller og simuleringer). Denne 

udvidelse forbinder makro- og mikroniveauperspektiver på modellering og demonstrerer, 

at agentbaserede simuleringsteknikker styret af beslutningsprincipper på mikroniveau er i 

stand til at genskabe den observerede og målbare aggregerede adfærd i virkelighedens 

verden på makroniveau. Vi illustrerer denne tilgang ved at bruge den til at undersøge 

spredningen af NFC-baseret kontaktløs betalingsteknologi på det schweiziske 

kreditkortmarked. 

Indførelsen af NFC-baseret kontaktløs betalingsteknologi definerer et dobbeltsidet 

problem på markedet: Forhandlere, der skal acceptere kontaktløs som en gyldig 

betalingsmulighed, og forbrugere (kortindehavere), der skal betale med kontaktløs. En 

styrke ved de foreslåede agentbaserede modeller er, at man kan simulere forbrugernes 
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respons på enhver given POS-forsyningsstruktur2 ved at fremstille forhandlersiden som et 

dynamisk miljø. Vi må forlade os på resultaterne fra de to foregående kapitler mht. 

overvejelser om modeldesignet på mikroniveau. Vi opfatter mobilbetaling som en 

betalingsmetode, der fra kortindehavernes perspektiv er meget lig kortbaseret kontaktløs 

betaling. Begge betalingsmetoder bruger den samme underliggende NFC-teknologi og 

skaber således en sammenlignelig brugeroplevelse med hensyn til håndtering, hastighed og 

bekvemmelighed. 

Vi bruger Rogers’ teori om innovationens udbredelse (1962, 1995, 2010) som vores 

begrebsmæssige udgangspunkt: den individuelle beslutning om at tilvælge eller afvise en 

ny opfindelse er ikke umiddelbar, men skal forstås som styret af en social proces. På 

baggrund af vores tidligere forskningsresultater om mobil betalingsteknologi 

(sammenfattet i de to første kapitler) antager vi, at vedvarende promoverende aktiviteter 

fra udbydere af denne betalingsmetode udgør størstedelen af den informationsstrøm, der 

fører til en vedvarende stigning i de enkelte individers hensigt om at afprøve den nye 

betalingsmetode – bestyrket  af en efterligningseffekt, der udløses, når man observerer 

betalingsadfærden hos andre kortindehavere ved POS. Indførelsesprocessens testfase 

begynder, når den individuelle tærskel for lyst til afprøvning af ny teknologi overskrides 

for kortindehaverne. 

Vi validerer modellerne ved at kalibrere den agentbaserede model med udgangspunkt 

i virkelige data fra kreditkorttransaktioner og ved at simulere og genskabe den 

tilvalgskurve, vi har observeret i virkelighedens verden baseret på tilfældigt udvalgte 

geografiske regioner i Schweiz. Denne out-of-sample-valideringsmetode udgør endnu et 

væsentligt bidrag ift. den samlede viden om forskningsområdet vedr. agentbaserede 

modeller.  

Endvidere afslører simuleringsresultaterne, at der for at starte en masseaccept af denne 

betalingsmetode blandt kortindehavere kræves en tilstrækkelig bred accept af den 

kontaktløse betalingsmetode blandt forhandlere, hvilket man kan tolke som en kritisk masse 

på forhandlersiden. 

 

Alle tre forskningsundersøgelser blev støttet af Viseca Card Services SA, 

Hagenholzstrasse 56, CH-8050 Zürich, Schweiz. Onlinevalgseksperimentet blev udført i 

samarbejde med FehrAdvice & Partners AG, Klausstrasse 20, CH-8008 Zürich, Schweiz. 

 

 

 

2 POS = Point Of Sales 



xi 
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Abstract 

The unified theory of acceptance and use of technology (UTAUT2) is a popular 

framework, operationalised through survey methods, for measuring the acceptance of 

technological solutions among consumers. Unlike workplace technologies, where 

employers can often prescribe the use of a solution, innovative solutions for consumers are 

subject to consumer choice and have to compete against legacy solutions. We argue that 

this changes the nature of technology acceptance from a monadic problem (acceptance of 

a single solution) to a comparative problem (preference for a solution, relative to competing 

solutions), which may, in addition, depend on the intended usage situation. A question 

previously unaddressed in the UTAUT2 literature is whether the measurement 

characteristics of UTAUT2 operationalisations remain invariant when the questionnaires 

are adapted to different solutions and usage situations: can the resulting data be 

meaningfully compared? We report a large study (N = 4684) on consumer payment 

technologies in which we assess the measurement invariance of UTAUT2 

operationalisations across three competing solutions (mobile payment systems, credit/debit 

cards, cash), eight different payment situations (varying in terms of familiarity, financial 

risk and security threat) and two types of operationalisation (situation-independent versus 

situation-specific items formulations). In addition, we examine measurement invariance 

across demographic groups defined by gender, age and user experience. The results indicate 

that the measurement characteristics of the UTAUT2 operationalisations were remarkably 

stable: strong factorial invariance could be established in all comparisons we conducted, 

indicating that the items in the UTAUT2 operationalisations measure their underlying 

constructs on common interval scales with invariant location and scale parameters. Strict 

factorial invariance could be established in all comparisons apart from one, indicating that 

the items measure their underlying constructs in almost all cases with the same reliability. 

We conclude that UTAUT2-based survey data can be meaningfully used for comparing the 

acceptance of different consumer technologies across usage situations and user groups, at 

least as long as all data are collected in the same language.    
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 Introduction 

Understanding the critical factors driving or hindering the acceptance of new 

technologies among end-users is crucial for the successful commercialisation of 

technologies. Popular framework models for the assessment of technology acceptance 

include the technology acceptance model (TAM; Davis, Bagozzi & Warshaw, 1989) and 

the unified theory of acceptance and use of technology (UTAUT; Venkatesh, Morris, Davis 

& Davis, 2003). Both frameworks were originally intended to be used in an organisational 

context to explain the acceptance of new workplace technologies among employees. 

Venkatesh, Thong and Xu (2012) proposed an extension from UTAUT to UTAUT2, 

adapting the model to the context of technology acceptance among consumers.  

Unlike workplace technologies, however—where employers can often prescribe the 

use of a particular solution—innovative solutions targeting consumer markets are subject 

to consumer choice and have to compete against legacy solutions. In our view, this changes 

the nature of technology acceptance, a dits measurement, from a monadic problem 

(acceptance of a single solution) to a comparative problem (preference for a solution, 

relative to competing solutions), which may, in addition, depend on the intended usage 

situation. A question previously unaddressed in the UTAUT2 literature is whether the 

measurement characteristics of UTAUT2 operationalisations remain invariant when the 

questionnaires are adapted to different solutions and usage situations: can the resulting data 

be meaningfully compared? 

The article is structured as follows: Section 1.2 provides a summary of the relevant 

theories together with a brief description regarding the performed adaption of the UTAUT2 

modelling framework to mobile payment as a subject of research. In section 1.3, we 

describe the data collection. In section 1.4, we present the results of the measurement 

invariance analysis together with in-depth discussion. Section 1.5, finally, contains the 

conclusions drawn from the results and suggestions for future research. 

 Theory and previous research 

1.2.1 The UTAUT2 model 

The UTAUT2 framework by Venkatesh et al. (2012) provides a standardised template 

for assessing user acceptance of information technologies through a survey questionnaire. 

It is an enhancement of the original unified theory of acceptance and use of technology 

(UTAUT; Venkatesh et al., 2003), which was intended to be used in organisational contexts 

to explain the acceptance of new workplace technologies among employees. UTAUT2 is 

an extension towards technology acceptance among consumers, developed based on a 
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comprehensive review work of existing consumer acceptance models (such as the theory 

of planned behaviour; Ajzen, 1991). The original UTAUT2 publication (Venkatesh et al., 

2012) included seven main determinants of a consumer’s intention to use technology:  

 

• Performance expectancy, reflecting the degree of belief that applying the technology 

will provide a benefit in performing specific activities;  

• Effort expectancy, the degree of belief that the required effort associated with the use 

of the technology is worth it;  

• Social influence, the degree of belief that close relatives (e.g., family or friends) find 

they should apply the technology;  

• Facilitating conditions, referring to consumers’ expectations regarding resources and 
support required and available to apply the technology;  

• Hedonic motivation, reflecting the expectation of pleasure gained from using the 

technology;  

• Price value, reflecting the consumers’ cognitive trade-off between the perceived benefit 

and the monetary cost of applying the technology;  

• Habit, reflecting the degree to which people tend to perform behaviours automatically 

because of previous learning.  

1.2.2 Extensions of the original measurement model 

Typically, the UTAUT2 framework is applied with only minor adjustments of the 

original constructs but often with extensions to adapt the model to the intrinsic 

characteristics, or the typical usage contexts, of the technology investigated in a study. The 

research presented in the current paper applies the UTAUT2 framework to the context of 

payment technologies (e.g., cash, credit card, debit card, mobile payment). This is not the 

first application of UTAUT2 in this technology field: a recent meta-analysis by Liu, Ben 

and Zhang (2019), for example, integrates the results of no less than 61 primary studies on 

consumer acceptance of mobile payment solutions. Many of the primary studies included 

in the meta-analysis used UTAUT2 measurement models with additional constructs.  

Our study incorporates three such extensions: perceived financial risk of using the 

technology in a payment situation, trust in the provider of the payment solution and trust in 

the merchant utilising the payment solution to settle transactions with consumers. In 

addition, we removed the construct price value from the original UTAUT2 reference 

model. It was not yet clear at the time of our research whether future NFC-based Swiss 

mobile payment solutions would have different pricing schemes or fee structures than the 

existing membership fee models for debit and credit cards. Figure 1-1 shows the extended 

UTAUT2 model. 
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Figure 1-1. Extended UTAUT2 model. In comparison to the original UTAUT2 model, one construct was 

removed (price value) while three additional constructs were added (perceived risk, trust in the provider, trust 

in the merchant). The two constructs payment method (coding schema: cash; card (debit or credit); mobile 

payment) and usage situation (coding schema: familiarity; threat; financial risk) describe the experimental 

conditions for which the adapted UTAUT2 model was operationalised. 

1.2.3 From monadic to comparative assessment of technology acceptance 

Up until now, the UTAUT2 literature has remained “monadic” in its approach to the 
measurement of technology acceptance: virtually all research conducted about consumer 

acceptance of new technologies which utilised the UTAUT2 framework did so by 

operationalising the model for the technology of interest alone (with or without additional 

constructs included in the measurement model), never comparing the technology to its 

potential substitutes. We find this rather peculiar. Technological innovations, in general, 

reach their maximum level of market penetration only decades after they were first 

introduced (Rodgers, 1962; 1995). This also holds for payment technologies (e.g., see 

Antonides, Amesz & Hulscher, 1999 for the case of credit and debit cards). Unless and 

until new technologies fully replace legacy technologies, they compete. In the field of 

payment technologies used for transactions in consumer markets, for example, relatively 
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recent innovations such as mobile payment systems (first patent filed in 2000) still only 

have minor market shares compared to legacy technologies such as debit cards (first 

introduced by Bank of Delaware in 1966), credit cards (first introduced by Bank of America 

in 1958), paper banknotes (attributed to the ancient Carthaginians in the second century 

BC) and coins (attributed to the ancient Lydians in the seventh century BC).  

In such a situation, monadic measurement of the consumer acceptance of a single new 

technology (e.g., mobile payment) can only yield incomplete information. To obtain more 

complete information which is of higher relevance to critical business considerations such 

as R&D spending, value chain development and market launch, consumer acceptance of 

new technologies has to be measured comparatively, including consumer acceptance of 

substitute technologies already available in the relevant markets as multiple baselines. In 

our adapted UTAUT2 model shown in Figure 1-1 (hereafter referred to as UTAUT2*), this 

is depicted as the factor “payment method” specifying the experimental condition. In the 

empirical research reported below, we compare the UTAUT2* model across three 

competing payment technologies: cash, card (either debit or credit) and mobile payment. 

A further complication arises from the fact that consumer acceptance of technologies 

may vary across usage contexts. Technologies are tools that enable a user to accomplish 

tasks. Not all technologies may be equally useful when the user confronted with varying 

external conditions under which he or she wishes to accomplish the same task. In the 

standard UTAUT2 framework, such user considerations could be operationalised by using 

different item formulations that specify different situational contexts. Alternatively or in 

combination with this approach, the usage situation could be explained in detail in a 

vignette preceding the respective version of the questionnaire (Holbrook & Lavrakas, 

2019).  

In the empirical research reported below, we utilise both approaches. In a first step, we 

compare a version of our UTAUT2* model that is operationalised using situation-

unspecific item formulations with a version that is operationalised using situation-specific 

item formulations. In a second step, we compare both versions across the eight conditions 

created by a vignette experiment. In this experiment, different groups of consumers 

completed the UTAUT2* operationalisations for the use of the different payment 

technologies in eight different usage situations that varied in terms of their familiarity, the 

financial risk involved in the transaction and the threat level associated with the situation. 

In the UTAUT2* model shown in Figure 1-1, the construct “usage situation” is summarised 

under the experimental setting.   

1.2.4 Measurement invariance 

In the present paper, we will focus on the comparability of the data resulting from 

variations of UTAUT2* operationalisation in terms of technology, usage context and 
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specificity of item formulation. The results pertaining to consumer preferences will be 

published elsewhere (see Bucheli & Scholderer, in preparation).  

Comparing data across different groups always carries a certain risk that the results of 

the statistical analysis may not be meaningfully interpretable. For example, it is not a priori 

clear if a user still has the same concepts in mind when he or she is asked to respond to the 

same question but referring to different payment methods or responding to the same 

question linking the same payment method to different usage situations. Do the items 

measure the same underlying construct when the questionnaire for each group is linked to 

a different usage situation? Are the anchors of the response scales interpreted in the same 

way such that the measured values are comparable in terms of the degree of agreement or 

disagreement they express across different usage situations and payment methods?  

Consider comparisons between group means as an example. A meaningful test of the 

hypothesis 𝜇𝑥(1) = 𝜇𝑥(2)
 requires that the item score 𝑋 measures the underlying construct 𝜉 

on an interval scale 𝑓: 𝑋 = 𝜏 + 𝜆𝜉 with group-invariant location and scale parameters 𝜏 

and 𝜆 such that differences in 𝜉 can be meaningfully inferred from differences in 𝑋 

(Scholderer, 2004, 2010). To address this issue, we use the method measurement invariance 

analysis, which is routinely used in cross-cultural studies. The underlying statistical 

framework and theory of measurement invariance have been originally developed and 

formulated by Meredith (1993). In general, a random variable 𝑋 is said to be measurement 

invariant concerning a selection on a group variable 𝑔 if and only if the cumulative 

distribution function of any realisation of 𝑋 is locally independent of any realisation of 𝑔 

when conditioned on the underlying quantity 𝜉 such that  𝐹(𝑋|𝜉, 𝑔) =  𝐹(𝑋|𝜉) for all 𝑋, 𝜉 

and 𝑔.  

For assessing the invariance of UTAUT2* operationalisations, we use the statistical 

framework of multi-group confirmatory factor analysis (Sörbom, 1974). The measurement 

model describes the observed responses to the 𝑃 items (𝑝 = 1, . . . 𝑃) as a linear function of 𝑀 latent factors (𝑚 = 1, . . . 𝑀, 𝑀 ≤ 𝑃) and 𝑃 random errors: 𝐱 (g) = 𝛕x(g) + 𝚲x(g)𝛏(g) + 𝛅(g) (1.1) 

where 𝐱(g) is the 𝑃 × 1 vector of observed variables in group g, 𝛕𝑥(𝑔)
 is a 𝑃 × 1 vector 

of intercepts, 𝛏(𝑔) is the 𝑀 × 1 vector of latent factors, 𝚲𝑥(𝑔)
 is a 𝑃 × 𝑀 matrix of factor 

loadings and 𝛅(𝑔) is a 𝑃 × 1 vector of random measurement errors assumed to be 

uncorrelated with the latent factors and to have zero expectation. The model-implied means 𝛍𝑥(𝑔)
 and covariances 𝚺𝑥𝑥(𝑔)

 are: 𝛍x(g) = 𝛕x(g) + 𝚲x(g)𝛋(g) (1.2)  𝚺xx(g) = 𝚲 (g)𝚽 (g)𝚲 T(g) + 𝚯(g) (1.3) 
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where 𝛋(𝑔) is the 𝑀 × 1 vector of latent factor means, 𝚽 (𝑔) the 𝑀 × 𝑀 covariance 

matrix of the latent factors and 𝚯(𝑔) the 𝑃 × 𝑃 covariance matrix of random measurement 

errors.  

Operationalisations of the measurement model that refer to different technologies used 

in different usage contexts are indexed by the group variable 𝑔 defining the samples. Across 

groups, the measurement model may be invariant with respect to each of its parameter 

matrices. These can be hierarchically ordered. Different levels of invariance define which 

types of group comparisons can be meaningfully made: 

• Configural invariance is the lowest level of measurement invariance, defined by an 

equivalent pattern of zero and non-zero factor loadings across the groups 𝑔 = 1, 2, … 𝐺. 

This level implies that the same underlying constructs are measured in all groups. 

• Weak (metric, pattern) invariance requires the invariance of the factor loadings across 

groups additionally and is imposed on a factor model by adding the constraints 𝚲(1) =𝚲(2) = ⋯ = 𝚲(𝐺). This level implies that the observed variables are measured 

according to the same scale units in all groups. 

• Strong (scalar) invariance requires the invariance of the intercept terms across groups 

and is imposed on a factor model by adding the constraints 𝛕(1) = 𝛕(2) = ⋯ = 𝛕(𝐺). 
This level implies that the observed variables are measured according to the same scale 

units and locations in all groups (i.e., on common interval scales). 

• Strict (error variance) invariance requires the invariance of the error variances across 

groups g and is imposed on a factor model by adding the constraints θpp(1) = θpp(2) = ⋯ =θpp(𝐺)
 for all items p. This level implies that the item reliabilities are the same across all 

groups. 

• Identity (means invariance) is the highest hierarchy level and requires, in addition, the 

invariance of the vector κ of the latent factor means across groups g, imposed on a 

factor model by adding the constraints 𝛋(1) = 𝛋(2) = ⋯ = 𝛋(𝐺). This level implies that 

there are no differences concerning the underlying constructs across the groups. 

 

The most important levels are strong and strict invariance. Strong invariance is 

required for meaningful between-group comparisons of means and unstandardised 

regression or path coefficients. Strict invariance is required for meaningful between-group 

comparisons of standardised regression or path coefficients. 
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1.2.5 Aims of the study 

A literature search in three major publication databases (Web of Science, Scopus and 

Google Scholar; the search was conducted in February 2020) shows that no measurement 

invariance analyses of UTAUT2 operationalisations have been published in the scholarly 

literature so far. Seven studies were published on the measurement invariance of the 

predecessor model UTAUT and 17 studies were published on the measurement invariance 

of the predecessor model TAM. All of these studies examined measurement invariance 

across user segments defined by age, gender, professional status or user experience (e.g., 

Cheng, Chen & Yen, 2015; Deng, Doll, Hendrickson & Scazzero, 2005; Parameswaran, 

Kishore & Li, 2015; Teo, 2014). Only three studies also examined invariance across 

cultures (Kang, Im & Hong, 2011; Teo, Lee, Chai & Wong, 2009; Thomas, Singh, Gaffar 

et al., 2014) and only one study also examined invariance across competing technologies 

(Kang et al., 2011). Across studies, the results are encouraging: almost all analyses could 

establish strong invariance for the respective UTAUT and TAM operationalisations across 

the group variables examined in the studies.   

The aim of the research presented in the rest of this paper is to fill a major gap in the 

literature by examining the measurement invariance of the UTAUT2 model—the extension 

of the predecessor models TAM and UTAUT (which focus on professional users) towards 

technology acceptance in consumer markets. Specifically, we will examine the 

measurement invariance of our adaptation of the general UTAUT2 model to the field of 

payment technologies (UTAUT2*), with competing technologies, varying usage contexts 

and the specificity of item formulations as the group variables over which invariance is 

tested. In addition, we examine invariance over user groups defined by age, gender, 

education and user experience. 

 Method 

1.3.1 Participants and procedure 

The survey experiment was conducted online in cooperation with Viseca Card 

Services SA, a leading Swiss Credit Card Issuer. In total, 50000 German-speaking 

cardholders completely selected at random from Viseca’s private cardholder segment were 

invited by email to participate in the online experiment. In order to incentivise participation, 

an opportunity to win CHF 1000 (~ USD 1000) in a lottery was offered. In total, 6406 

cardholders entered the experiment, and 4822 participants completed it. The mean age of 

the participants who completed the experiment was 39.98 years (SD = 13.40 years). 
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compared to a mean age of 40.19 years (SD = 13.63 years) for the whole user population1 

and 42.10 years (SD = 14.75 years) among participants who dropped out during the 

experiment2. The share of female participants among the participants who completed the 

survey was 35% in comparison to a share of 39% in the whole user population. Besides a 

slightly lower willingness to participate in the experiment, the female participants also 

showed a slightly higher dropout rate of 27% in comparison to 24% among male 

participants.  

The systematic manipulation of the three situational characteristics (familiarity, 

perceived threat and perceived financial risk) resulted in eight different payment situations. 

Table 1-1 summarises the design of the experiment.  

 

Table 1-1. Experimental design 

  Perceived threat 

Amount Familiarity  Small High 

Small 
High Grocery in Switzerland / CHF 25.- Grocery in Brazil / BRL 90.- 

Low Taxi in Switzerland / CHF 25.- Taxi in Brazil / BRL 90.- 

Large  
High Grocery in Switzerland / CHF 75.- Grocery in Brazil / BRL 270.- 

Low Taxi in Switzerland / CHF 75.- Taxi in Brazil / BRL 270.- 

Note.  CHF 25.- / 75.- corresponds to USD 25.- / 75.-; BRL 90.- / 270.- to USD 25.- / USD 75.-. 

 

The online survey itself was structured into several phases. After registration3, 

participants were assigned completely at random to one of the eight payment situations. 

Within each of these groups, half of the respondents were assigned completely at random 

to the group that would, in the next step, receive a questionnaire with situation-specific 

item formulations and the other half to the group that would receive a questionnaire with 

situation-unspecific item formulations. This corresponds to 16 treatment groups in total. 

After an introduction phase4, all participants were shown a vignette describing one of 

the eight payment situations. Then, the participants were asked to respond to the UTAUT2* 

 

1 These figures refer to the actual demographic composition of Viseca’s complete private customer 
portfolio. 

2 Most of the dropouts of the experiment occurred in the step where the mobile payment procedure has 

been explained. The fact that mobile payment requires some technical understanding regarding installation 

and configuring apps may explain the observed small bias in the dropout rate with respect to the age of the 

participants. 

3 Personalised tokens were sent to the cardholders together with the invitation email in order to ensure 

that a cardholder participates only once at the survey. 

4 The first phase enclosed a detailed introduction into the survey including instructions, how to use the 

different payment methods cash, debit or credit card, and mobile payment in the experimentally simulated 
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questionnaire. After completing the questionnaire, the three remaining payment situations 

were presented to the participants (the payment amount was varied between participants). 

Finally, participants were asked to rate their prior experience with mobile payment and 

answer a set of demographic questions. Figure 1-2 shows the complete survey flow.  

 

 

Figure 1-2. Survey flow 

Note.   In order to keep the survey flow illustration concisely, only the flows of the four treatments groups Grocery in Switzerland with 
the payment amount CHF 25.-, respectively Taxi in Brazil with payment amount BRL 75.- and with situation-specific versus 
situation-unspecific item questions are illustratively shown. 

 

1.3.2 Measures 

In analogy to the items published by Venkatesh et al. (2012) for the original UTAUT2 

constructs, multi-item measures were developed for all constructs included in our adapted 

UTAUT2* model. All items were answered using an eleven-point Likert response format, 

ranging from 0 (representing disagreement) to 10 (representing agreement). The default 

value was set to 5. In order to capture technology preferences driven by the respective usage 

situation, the UTAUT2* questionnaire was formulated in a situation-unspecific and a 

situation-specific version. In the situation-specific version, the item formulations were tied 

to a concrete payment situation by asking the participant to respond to the questions for the 

payment situation described in the shown vignette. For example, the situation-unspecific 

item formulation “are the following payment methods useful in everyday life” was slightly 

 

payment situations (drag and drop mechanism) with the opportunity to try out the use of the different payment 

methods in some trial payment situations. 
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reformulated into the situation-specific version “are the following payment methods useful 

in situations like this”. The questionnaire was answered for all payment methods, 

independent of the participant’s choice of payment method in the payment situation that 

had been presented before the questionnaire phase. A complete list of all items in both 

questionnaire versions is included in Table A1 in the Appendix. 

 Results 

The analysis was split into three steps. First, we assessed the level of measurement 

invariance for the two questionnaires, the situation-specific versus the situation-unspecific, 

across the three payment methods. Second, we repeated the procedure and assessed the 

invariance level for the measurement model across the situation-specific versus the 

situation-unspecific item formulations for all the three methods of payment. Finally, we 

assessed the level of measurement invariance for the situation-specifically formulated 

questionnaires across the different payment situations. 

All models were estimated using the R packages lavaan and semTools (Rosseel 

et al., 2016). We used a maximum likelihood estimator, robust (Huber-White) standard 

errors, and the Satorra-Bentler scaled 𝜒² test statistic. Following the procedure as proposed 

by Steenkamp and Baumgartner (1998), we consecutively constrained the models across 

the groups and calculated the differences in the model fit statistics. As proposed by Steiger 

et al. (1985), we report the 𝜒²-measures and analyse the differences in 𝜒² between two 

levels to detect “breaks” in the series of successively higher levels of measurement 

invariance. However, because of the sample size dependency of 𝜒²-based statistics, the 

reported 𝜒² and Δ𝜒² measures should be interpreted with caution. These tests gain 

excessive power with increasing sample size. To compensate for this weakness of 𝜒²-based 

statistics for large sample sizes, we also used the root mean squared error of approximation 

(RMSEA; Steiger, 1998, 1990) to determine the level of measurement invariance. RMSEA 

is a relative non-centrality measure and estimates how well the fitted model approximates 

the sample covariance matrix per degree of freedom. As suggested by Browne and Cudeck 

(1993), we use the following decision criteria for interpreting the RMSEA results: 

• RMSEA < 0.05: close fit; 

• RMSEA < 0.08: acceptable fit; 

• RMSEA > 0.08: unacceptable fit. 
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As additional model fit measures, we report the Bayesian information criterion5 (BIC; 

Schwarz, 1978) and the comparative fit index (CFI; Bentler, 1990). Hu and Bentler (1999) 

suggest a CFI value of 0.95 or higher as the lower boundary for a good model fit. As a rule 

of thumb for interpreting differences between the CFIs of two models with different levels 

of measurement invariance, Cheung and Rensvold (2002) suggest that a difference greater 

than 0.01 indicates substantial deterioration in fit.  

1.4.1 Invariance across situation-unspecific and situation-specific questionnaire 

formulations 

Table 1-2 presents the results of the measurement invariance analysis of the UTAUT2* 

measurement model, comparing the operationalisation in terms of situation-unspecific 

items with the operationalisation in terms of situation-specific items. The analysis was 

performed separately for each of the three payment technologies included here (cash, card 

and mobile payment). For all three payment methods, the RMSEA measure indicates a 

close fit up to the highest level of invariance examined in the analysis. The CFI does not 

reveal a substantial deterioration of model fit between consecutive invariance levels either, 

apart from one exception: for the payment method card between the two levels strong and 

strict invariance. However, since the RMSEA remained well within conventional 

acceptance limits also for the strict invariance model and the means invariance model, all 

invariance levels tested in this analysis can be considered to hold. We can conclude that the 

two alternative UTAUT2* operationalisations compared in this analysis (situation-specific 

versus situation-unspecific items) measure the same underlying constructs on the same 

interval scales with the same reliabilities: the values of the observed and latent variables 

are directly comparable across the two operationalisations. 

 

Table 1-2. Measurement invariance of the UTAUT2* model, comparing alternative operationalisations in 
terms of situation-unspecific versus situation-specific item formulations. The analysis was performed 
separately for the three methods of payment cash (CS), card (CD) and mobile payment (MP). 

  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

CS1 Configural 720 4064.1 0.037 0.957 597166      

CS2 Weak 740 4227.0 0.037 0.955 597160 CS1 20 120.4 0.000 -0.002 

CS3 Strong 760 4614.4 0.039 0.950 597378 CS2 20 391.9 0.000 -0.006 

CS4 Strict 790 5276.5 0.040 0.944 597787 CS3 30 245.0 0.000 -0.006 

 

5 BIC is an entropy-based model fit measure which penalizes model complexity introduced by over-

parameterization and helps to identify the simplest of the true models. Among several competing models 

specified a priori, the one with the lowest BIC is to be selected. 
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  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

CS5 Means 800 5760.7 0.042 0.937 598186 CS4 10 468.4 0.000 -0.006 

            

CD1 Configural 720 3987.3 0.035 0.959 581689      

CD2 Weak 740 4095.7 0.035 0.958 581629 CD1 20 71.4 0.000 -0.001 

CD3 Strong 760 4369.7 0.037 0.954 581734 CD2 20 273.6 0.000 -0.004 

CD4 Strict 790 6139.0 0.043 0.933 583249 CD3 30 638.6 0.000 -0.021 

CD5 Means 800 6799.2 0.046 0.924 583825 CD4 10 709.3 0.000 -0.009 

            

MP1 Configural 720 3520.5 0.035 0.968 626214      

MP2 Weak 740 3590.9 0.035 0.967 626116 MP1 20 65.9 0.000 -0.001 

MP3 Strong 760 3963.0 0.037 0.963 626319 MP2 20 369.4 0.000 -0.005 

MP4 Strict 790 4237.0 0.037 0.961 626339 MP3 30 134.6 0.000 -0.002 

MP5 Means 800 4588.4 0.039 0.957 626606 MP4 10 350.3 0.000 -0.004 

Note.  1) The prefixes CSn, CDn, and MPn label the models fitted to the item response data for the payment method CS = cash, CD = 
card, and MP = mobile payment. 

 2) N = 4684; to ensure a proper comparison of the sample-size dependent model fit statistics as, e.g., BIC, the data sample were 
equally balanced for the analysis across the different comparison groups in a completely randomized way. 

 

1.4.2 Invariance over competing technological solutions 

Table 1-3 presents the corresponding results for the measurement invariance analysis 

of the UTAUT2* measurement model for the two different questionnaires with the 

situation-unspecific and the situation-specific item questions, respectively, now across the 

three methods of payment cash, card, and mobile payment. 

 

Table 1-3. Measurement invariance of the UTAUT2* model for the two questionnaires with situation-
unspecific and situation-specific item formulations across the three methods of payment (cash, card, mobile 
payment). 

  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

SU1 Configural 1080 6331.4 0.039 0.953 884845      

SU2 Weak 1120 6610.6 0.039 0.951 884770 SU1 40 196.5 0.000 -0.002 

SU3 Strong 1160 10046.2 0.050 0.918 887851 SU2 40 3370.7 0.000 -0.033 

SU4 Strict 1220 15298.6 0.060 0.875 892572 SU3 60 2007.7 0.000 -0.043 

SU5 Means 1240 20366.7 0.069 0.829 897463 SU4 20 4955.9 0.000 -0.047 

            

SS1 Configural 1080 5240.5 0.033 0.969 920553      

SS2 Weak 1120 5372.2 0.033 0.968 920330 SS1 40 112.3 0.000 -0.001 

SS3 Strong 1160 7242.3 0.039 0.953 921846 SS2 40 1847.1 0.000 -0.016 

SS4 Strict 1220 8863.6 0.042 0.943 922936 SS3 60 654.7 0.000 -0.010 
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  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

SS5 Means 1240 12834.0 0.052 0.910 926729 SS4 20 4128.4 0.000 -0.032 

Note.  1) The prefixes SUn and SSn label the models fitted to the item response data to the two questionnaire versions with the situation-
unspecific (= SUn) versus the situation-specific (= SSn) item formulations. 

 

For both questionnaires, the RMSEA measure indicates at least acceptable fit up to the 

highest invariance level analysed. The ΔCFI, however, reveals substantial differences 

(according to the rule-of-thumb value of a 0.01 difference) between weak and strong 

measurement invariance level, favouring only weak measurement invariance. There is an 

interesting observation: the ΔCFI and Δχ2 values are smaller in the case of the situation-

specific questionnaire than in the case of the situation-unspecific questionnaire. A more in-

depth analysis reveals that the responses to the questions related to mobile payment are the 

primary source for this violation of measurement invariance. For example, the ΔCFI for the 
measurement invariance level strong and the two payment methods cash and card reduces 

from -0.033 to -0.015 in the condition of situation-unspecific formulations and from -0.016 

to -0.007 in the condition of situation-specific formulations. A possible explanation for this 

observation might be that linking the items to concrete situations sharpen a common 

understanding of the constructs, especially for new and somewhat unfamiliar technologies. 

1.4.3 Invariance across use contexts 

Table 1-4 presents the results of the measurement invariance analysis for the 

UTAUT2* measurement model for the three methods of payment (cash, card, mobile 

payment) across the eight different payment situations for the not situation-specifically 

formulated item questions. Table 1-5 reports the corresponding results for the situation-

specifically formulated item questions. For both questionnaire versions, the RMSEA 

indicates at least acceptable fit up to the highest invariance level analysed. The ΔCFI rule-

of-thumb does not reveal substantial differences in fit between any two consecutive 

invariance levels.  

 

Table 1-4. Measurement invariance of the UTAUT2* model for the three methods of payment (cash, card, 
mobile payment) across the eight different payment situations for the situation-unspecifically formulated 
items. 

  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

CS1 Configural 2880 5593.2 0.048 0.932 298755      

CS2 Weak 3020 5778.7 0.046 0.933 297854 CS1 140 121.3 0.871 0.002 

CS3 Strong 3160 5905.4 0.045 0.933 296894 CS2 140 128.4 0.750 -0.000 

CS4 Strict 3370 6567.4 0.043 0.936 295927 CS3 210 243.6 0.056 0.003 
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  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

CS5 Means 3440 6639.3 0.043 0.936 295456 CS4 70 71.6 0.426 -0.000 

            

CD1 Configural 2880 5625.5 0.047 0.931 286182      

CD2 Weak 3020 5855.9 0.046 0.932 285327 CD1 140 142.4 0.427 0.001 

CD3 Strong 3160 6013.2 0.045 0.931 284398 CD2 140 158.8 0.132 -0.001 

CD4 Strict 3370 6747.8 0.043 0.933 283503 CD3 210 251.4 0.027 0.002 

CD5 Means 3440 6804.6 0.042 0.933 283017 CD4 70 57.3 0.863 0.000 

            

MP1 Configural 2880 5151.3 0.045 0.952 316641      

MP2 Weak 3020 5314.7 0.044 0.952 315718 MP1 140 143.9 0.393 -0.000 

MP3 Strong 3160 5456.6 0.043 0.952 314774 MP2 140 142.8 0.419 -0.000 

MP4 Strict 3370 5874.0 0.041 0.953 313562 MP3 210 218.9 0.323 0.002 

MP5 Means 3440 5941.3 0.041 0.953 313086 MP4 70 67.7 0.556 -0.000 

Note.  1) The prefixes CSn, CDn, and MPn label the models fitted on the item response data for the payment methods CS = cash, CD = 
card, and MP = mobile payment. 

 

In the case of situation-unspecifically formulated items, all model comparison 

statistics support, as expected, at least a strong invariance level, in most cases even strict 

measurement invariance. In the case of situation-specifically formulated item questions, on 

the other hand, the 𝑝-values only support weak measurement invariance of the models 

across different situations. The rule-of-thumb for the interpretation of the differences in the 

CFI values between two models supports still strict measurement invariance in both cases. 

In summary, the measurement invariance analysis reveals an acceptable level of 

measurement invariance for the measurement model across the different groups for our 

study, allowing meaningful comparison of results of further statistical data analysis. 

 

Table 1-5. Measurement invariance of the UTAUT2* model for the three methods of payment (cash, card, 
mobile payment) across the eight different payment situations for the situation-specifically formulated items. 

  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

CS1 Configural 2880 5476.0 0.043 0.950 308994      

CS2 Weak 3020 5666.7 0.042 0.949 308099 CS1 140 155.5 0.175 -0.001 

CS3 Strong 3160 5873.9 0.042 0.947 307220 CS2 140 208.2 0.000 -0.002 

CS4 Strict 3370 6578.2 0.041 0.947 306295 CS3 210 268.7 0.004 -0.000 

CS5 Means 3440 6883.7 0.043 0.941 306057 CS4 70 302.5 0.000 -0.006 

            

CD1 Configural 2880 5725.4 0.045 0.945 305378      

CD2 Weak 3020 5939.0 0.044 0.945 304505 CD1 140 151.5 0.240 -0.000 

CD3 Strong 3160 6140.6 0.043 0.943 303621 CD2 140 201.2 0.001 -0.002 

CD4 Strict 3370 6993.5 0.044 0.939 302844 CD3 210 332.3 0.000 -0.004 

CD5 Means 3440 7434.2 0.046 0.929 302742 CD4 70 445.0 0.000 -0.010 
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  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

            

MP1 Configural 2880 4939.5 0.039 0.963 320872      

MP2 Weak 3020 5133.2 0.039 0.962 319980 MP1 140 183.9 0.008 -0.001 

MP3 Strong 3160 5346.9 0.039 0.960 319107 MP2 140 215.8 0.000 -0.002 

MP4 Strict 3370 5928.7 0.038 0.959 318059 MP3 210 276.5 0.001 -0.001 

MP5 Means 3440 6215.1 0.040 0.954 317803 MP4 70 285.9 0.000 -0.005 

Note.  1) The prefixes CSn, CDn, and MPn label the models fitted to the item response data for the payment methods CS = cash, CD = 
card, and MP = mobile payment. 

 

1.4.4 Invariance across user groups 

Finally, in order to extend results that were up until now only available for 

operationalisations of the TAM and UTAUT model in the context of workplace 

technologies, we conducted measurement invariance analyses over user groups defined by 

gender (groups: female, male), age (groups: 16-25, 26-35, 36-45, 46-55, 56-65, >65 years 

old), education (groups: not stated, secondary school, vocational school, grammar school, 

bachelor degree, master degree, PhD as the highest level achieved) and prior experience 

with mobile payment systems (groups: no experience, once tried, sporadic use, regular 

use6). The results are reported in Table 1-6 (for the pooled data obtained with both versions 

of the questionnaire), Table 1-7 (only for the questionnaire version with situation-

unspecific items) and Table 1-8 (only for the questionnaire version with situation-specific 

items). In all cases, the RMSEA indicates close fit up to the highest invariance level 

analysed. 

 

Table 1-6. Measurement invariance of the UTAUT2* model across user groups defined by gender, age, 
education, and stated prior experience with mobile payment.  

  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

G1 Configural 720 11946.0 0.040 0.958 1836921      

G2 Weak 740 12037.9 0.040 0.958 1836822 G1 20 77.6 0.000 0.000 

G3 Strong 760 12264.9 0.040 0.957 1836858 G2 20 225.2 0.000 -0.001 

G4 Strict 790 12604.9 0.039 0.957 1836911 G3 30 142.5 0.000 0.000 

G5 Means 800 12816.5 0.039 0.956 1837027 G4 10 210.3 0.000 -0.001 

            

A1 Configural 2160 14520.0 0.042 0.956 1839332      

 

6 We merged the two groups sporadic use and regular use for the measurement invariance analysis 

because of the small number of participants stating mobile payment experience at a regular use level. 
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  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

A2 Weak 2260 14793.9 0.041 0.955 1838651 A1 100 230.7 0.000 -0.001 

A3 Strong 2360 15177.7 0.041 0.953 1838080 A2 100 384.1 0.000 -0.002 

A4 Strict 2510 17225.8 0.041 0.949 1838695 A3 150 836.9 0.000 -0.004 

A5 Means 2560 17537.6 0.041 0.948 1838529 A4 50 304.3 0.000 -0.001 

            

ED1 Configural 2520 14229.6 0.041 0.958 1838753      

ED2 Weak 2640 14587.4 0.040 0.957 1837964 ED1 120 310.1 0.000 -0.001 

ED3 Strong 2760 15618.4 0.041 0.953 1837849 ED2 120 1043.1 0.000 -0.004 

ED4 Strict 2940 17594.7 0.041 0.950 1838107 ED3 180 836.2 0.000 -0.003 

ED5 Means 3000 18579.6 0.042 0.946 1838518 ED4 60 967.2 0.000 -0.004 

            

mPE1 Configural 1080 12530.1 0.041 0.958 1837659      

mPE2 Weak 1120 12757.1 0.040 0.957 1837504 mPE1 40 169.3 0.000 -0.001 

mPE3 Strong 1160 12860.7 0.040 0.956 1837226 mPE2 40 105.2 0.000 -0.001 

mPE4 Strict 1220 13413.9 0.039 0.956 1837206 mPE3 60 234.8 0.000 0.000 

mPE5 Means 1240 13667.5 0.039 0.955 1837268 mPE4 20 232.6 0.000 -0.001 

Note.  1) The prefixes Gn, An, EDn, and mPEn label the models fitted across the demographic characteristics: G = gender, A = age, ED 
= education, and mPE = stated prior experience with mobile payment. 

2) The demographic data were captured with following coding schema: gender: female, male; age: 16-25, 26-35, 36-45, 46-55, 
56-65, >65; education (highest level achieved): not stated, secondary school, vocational school, grammar school, bachelor degree, 
master degree, PhD; prior mobile payment experiences: no experience, once tried, sporadic use, regular use. 

 

Table 1-7.  Measurement invariance of the UTAUT2* model across user groups defined gender, age, 
education, and stated prior experience with mobile payment, only for the questionnaire version with situation-
unspecific items. 

  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

G1 Configural 720 7833.9 0.046 0.947 904772      

G2 Weak 740 7949.9 0.046 0.946 904711 G1 20 91.3 0.000 -0.001 

G3 Strong 760 8107.7 0.046 0.945 904691 G2 20 156.5 0.000 -0.001 

G4 Strict 790 8373.8 0.045 0.945 904692 G3 30 112.7 0.000 0.000 

G5 Means 800 8503.4 0.045 0.944 904733 G4 10 128.3 0.000 -0.001 

            

A1 Configural 2160 10362.5 0.050 0.941 907735      

A2 Weak 2260 10594.2 0.049 0.940 907081 A1 100 186.9 0.000 -0.001 

A3 Strong 2360 10897.9 0.049 0.938 906499 A2 100 301.0 0.000 -0.002 

A4 Strict 2510 12096.1 0.048 0.935 906368 A3 150 490.2 0.000 -0.003 

A5 Means 2560 12314.5 0.048 0.934 906144 A4 50 217.8 0.000 -0.002 

            

ED1 Configural 2520 10172.0 0.048 0.945 907405      

ED2 Weak 2640 10445.1 0.047 0.944 906615 ED1 120 224.3 0.000 -0.001 

ED3 Strong 2760 11150.6 0.048 0.939 906258 ED2 120 710.7 0.000 -0.005 

ED4 Strict 2940 12623.1 0.049 0.935 906136 ED3 180 648.2 0.000 -0.005 

ED5 Means 3000 13276.6 0.050 0.930 906258 ED4 60 644.3 0.000 -0.005 
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  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

            

mPE1 Configural 1080 8410.7 0.047 0.945 905435      

mPE2 Weak 1120 8635.3 0.047 0.944 905305 mPE1 40 153.4 0.000 -0.001 

mPE3 Strong 1160 8733.0 0.046 0.943 905049 mPE2 40 100.3 0.000 -0.001 

mPE4 Strict 1220 9213.2 0.045 0.943 904998 mPE3 60 199.8 0.000 0.000 

mPE5 Means 1240 9375.2 0.045 0.942 904982 mPE4 20 144.5 0.000 -0.001 

Note.  1) The prefixes Gn, An, EDn, and mPEn label the models fitted across the demographic characteristics: G = gender, A = age, ED 
= education, and mPE = stated prior experience with mobile payment. 

2) The demographic data were captured with following coding schema: gender: female, male; age: 16-25, 26-35, 36-45, 46-55, 
56-65, >65; education (highest level achieved): not stated, secondary school, vocational school, grammar school, bachelor degree, 
master degree, PhD; prior mobile payment experiences: no experience, once tried, sporadic use, regular use. 

 

Table 1-8. Measurement invariance of the UTAUT2* model across user groups defined gender, age, 
education, and stated prior experience with mobile payment, only for the questionnaire version with situation-
specific items. 

  Goodness-of-fit statistics Baseline 
model 

Model comparison statistics 

Model Invariance level df χ2 RMSEA CFI BIC Δdf Δχ2 p ΔCFI 

G1 Configural 720 5762.9 0.037 0.963 929369      

G2 Weak 740 5809.7 0.037 0.963 929239 G1 20 42.0 0.003 0.000 

G3 Strong 760 5936.3 0.037 0.962 929188 G2 20 125.8 0.000 -0.001 

G4 Strict 790 6242.5 0.037 0.961 929228 G3 30 127.6 0.000 -0.001 

G5 Means 800 6354.2 0.037 0.960 929252 G4 10 111.7 0.000 -0.001 

            

A1 Configural 2160 8157.8 0.040 0.960 932103      

A2 Weak 2260 8377.3 0.040 0.959 931437 A1 100 189.4 0.000 -0.001 

A3 Strong 2360 8593.4 0.039 0.957 930767 A2 100 216.9 0.000 -0.001 

A4 Strict 2510 10135.3 0.041 0.951 930980 A3 150 645.4 0.000 -0.007 

A5 Means 2560 10338.5 0.041 0.949 930741 A4 50 192.3 0.000 -0.001 

            

ED1 Configural 2520 8485.6 0.040 0.960 932733      

ED2 Weak 2640 8763.0 0.040 0.959 931948 ED1 120 240.8 0.000 -0.001 

ED3 Strong 2760 9301.4 0.040 0.955 931423 ED2 120 546.8 0.000 -0.004 

ED4 Strict 2940 10574.9 0.041 0.951 931103 ED3 180 534.4 0.000 -0.004 

ED5 Means 3000 11018.9 0.042 0.948 931015 ED4 60 434.2 0.000 -0.003 

            

mPE1 Configural 1080 6330.7 0.038 0.962 930393      

mPE2 Weak 1120 6464.3 0.038 0.962 930173 mPE1 40 107.9 0.000 -0.001 

mPE3 Strong 1160 6537.1 0.038 0.961 929891 mPE2 40 74.2 0.001 -0.001 

mPE4 Strict 1220 6904.3 0.037 0.961 929727 mPE3 60 160.9 0.000 0.000 

mPE5 Means 1240 7035.5 0.037 0.960 929681 mPE4 20 122.1 0.000 -0.001 

Note.  1) The prefixes Gn, An, EDn, and mPEn label the models fitted across the demographic characteristics: G = gender, A = age, ED 
= education, and mPE = stated prior experience with mobile payment. 

2) The demographic data were captured with following coding schema: gender: female, male; age: 16-25, 26-35, 36-45, 46-55, 
56-65, >65; education (highest level achieved): not stated, secondary school, vocational school, grammar school, bachelor degree, 
master degree, PhD; prior mobile payment experiences: no experience, once tried, sporadic use, regular use. 
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 Discussion and conclusion 

The aim of the research presented here was to examine the measurement invariance of 

operationalisations of the unified theory of acceptance and use of technology (UTAUT2) 

across usage situations, competing technologies, approaches to item formulation and user 

groups. Our point of departure was that the UTAUT2 model, unlike its predecessor models 

(TAM and UTAUT) which were originally developed to measure the acceptance of 

workplace technologies among employees, is intended for measurement of technology 

acceptance in consumer markets. Unlike in the context of workplace technologies (where 

employers can often prescribe the use of a solution), innovative solutions targeting 

consumer markets are subject to consumer choice and have to compete against legacy 

solutions.  

We argued that this changes the nature of technology acceptance and its measurement 

from a monadic problem (acceptance of a single solution) to a comparative problem 

(preference for a solution, relative to competing solutions), which may, in addition, depend 

on the intended usage situation. Our aim was to close a research gap previously unaddressed 

in the UTAUT2 literature: whether the measurement characteristics of UTAUT2 

operationalisations remain invariant when the questionnaires are adapted to competing 

technological solutions and usage situations and are answered by different groups of 

consumers: can the resulting data be meaningfully compared?  

To this end, we conducted a large study on consumer acceptance of different payment 

technologies in which we assessed the measurement invariance of UTAUT2 

operationalisations across three competing solutions (mobile payment systems, credit/debit 

cards, cash), eight different payment situations (varying in terms of familiarity, financial 

risk and security threat) and two types of operationalisation (situation-independent versus 

situation-specific items formulations). In addition, we examined the measurement 

invariance across demographic groups defined by gender, age, education and user 

experience.  

The measurement characteristics of the UTAUT2 operationalisations were remarkably 

stable across the different conditions we tested: strong factorial invariance could be 

established in all comparisons we conducted, indicating that the items in the UTAUT2 

operationalisations measure their underlying constructs on common interval scales with 

invariant location and scale parameters. Strict factorial invariance could be established in 

all comparisons apart from one, indicating that the items measure their underlying 

constructs in almost all cases also with the same reliability. Hence, we can conclude that 

UTAUT2-based survey data can be meaningfully used for comparing the acceptance of 

different consumer technologies across usage situations and user groups, at least as long as 

all data are collected in the same language.    

That is a significant result which ensures that group comparisons are meaningfully 

interpretable. Measurement invariance is a critical precondition for many methodological 
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extensions of the standard research methodology used in technology acceptance research: 

from survey questionnaires for data collection and structural equation modelling for data 

analysis towards experimental methods, enabling researchers to conduct more stringent 

tests of a broader range of hypotheses through controlled choice experiments and the usage 

of advanced statistical tools such as discrete choice modelling. Such possibilities are 

demonstrated by Bucheli and Scholderer (in preparation) for data collected in the same 

study that also provided the data for the current study.  

A limitation of the current study is that we could only assess the measurement 

invariance of UTAUT2 operationalisations within one class of technologies (payment 

solutions on consumer markets) and only within one target population (German-speaking 

Swiss credit cardholders). Although the UTAUT2 model itself is not directly tied to any 

specific characteristics of technology classes or populations, these limitations demand 

some caution in terms of the generalisability of our findings. Research in other domains of 

consumer preference has shown that operationalisation of a given model in different 

languages poses a serious hurdle: typically, only weak measurement invariance holds 

across languages, in some cases partial scalar invariance (i.e., strong invariance for some 

but not all items measuring their respective constructs; see O'Sullivan, Scholderer & 

Cowan, 2005; Scholderer, Brunsø, Bredahl & Grunert, 2004). In such situations, more 

advanced statistical modelling techniques are often necessary to eliminate potential biases 

from the data before meaningful group comparisons can be made (for an overview, see 

Scholderer, 2010; Scholderer, Grunert & Brunsø, 2005). On the other hand, these 

limitations also indicate directions for future research, for example, to repeat the study to a 

broader range of technologies to increase the generalisability of the current findings.  
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Appendix 

A. UTAUT2 Model 

 

Figure A-1. UTAUT2 Framework (adapted from Venkatesh, Thong & Xu, 2012, p. 60) 

 

B. Survey Items 

Table A-1. Item formulation 

  Item Formulation 

Construct Item Situation-unspecific Situation-specific 

Performance 
Expectancy 

PE01 Are the following payment methods useful in 
everyday life? 

Are the following payment methods useful in 
situations like this? 

 PE02 Do the following payment methods make 
paying faster? 

Do the following payment methods make paying 
faster in situations like this? 

 PE03 Can the following payment methods be used in 
a wide variety of different situations? 

Can the following payment methods be used in a 
wide variety of different situations similar to this? 

Effort 
Expectancy 

EE01 How easy is it to pay using one of the following 
payment methods? 

How easy is it to pay using the following payment 
methods in situations like this? 
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  Item Formulation 

Construct Item Situation-unspecific Situation-specific 

 EE02 How clear and comprehensible is it to pay using 
the following payment methods? 

How clear and comprehensible is it to pay in 
situations like this using the following payment 
methods? 

 EE03 How quickly can be learned to pay with the 
following payment methods? 

How quickly can be learned to pay with the following 
payment methods in situations like this? 

Social 
Influence 

SI01 Would people who are important to you, advise 
you to use the following payment methods? 

Would people, who are essential to you, advise you to 
use the following payment methods in situations like 
this? 

 SI02 Would people influence your behaviour 
recommend you using the following payment 
methods? 

Would people influence your behaviour recommend 
you using the following payment methods in 
situations like this? 

 SI03 Would people, whose opinion you value, advise 
you to use the following payment methods? 

Would people, whose opinion you value, advise you 
to use the following payment methods in situations 
like this? 

Facilitating 

Conditions 

FC01 Do you have the necessary financial resources 
to use the following payment methods? 

Do you have the necessary financial resources to use 
the following payment methods in situations like this? 

 FC02 Do you have the technical prerequisites to use 
the following payment methods? 

Do you have the technical prerequisites to use the 
following payment methods in situations like this? 

 FC03 Can you get help from others if you want to use 
the following payment methods? 

Can you get help from others if you want to use the 
following payment methods in situations like this? 

Habit HA01 Is the usage of the following payment methods a 
habit for you? 

Is the usage of the following payment methods in 
situations like this a habit for you? 

 HA02 Is the use of the following payment methods so 
typical for you that, if you could not pay with it, 
something would be missing? 

Is the use of the following payment methods in 
situations like this so regular for you that, if you 
could not pay with it, something would be missing? 

 HA03 Is the use of the following payment methods 
self-evident to you? 

Is the use of the following payment methods in 
situations like this self-evident to you? 

Hedonic 

Motivation 

HM01 Do you enjoy paying by following payment 
methods? 

Does it make fun paying with the following payment 
methods in situations like this? 

 HM02 Do you think it is convenient to pay with the 
following payment methods? 

Do you think it is convenient to pay with the 
following payment methods in situations like this? 

 HM03 Do you find it entertaining paying with the 
following payment methods? 

Do you find it entertaining paying with the following 
payment methods in situations like this? 

Perceived 

Risk 

PR01 Are you worried about being exposed to a 
personal risk by using the following payment 
methods? 

Are you worried about being exposed to a personal 
risk by using the following payment methods in 
situations like this? 

 PR02 Are you concerned about the necessary security 
regarding the usage of the following payment 
methods? 

Are you concerned about the necessary security 
regarding the usage of the following payment 
methods in situations like this? 

 PR03 Are you worried that your finances are at risk 
when using the following payment methods? 

Are you worried that your finances are at risk when 
using the following payment methods in situations 
like this? 

Trust in 

Provider 

TP01 Do you believe that your bank and credit card 
company keep their promises? 

Do you believe that your bank and credit card 
company keep their promises in situations like this? 

 TP02 Do you believe that your bank and credit card 
company take your interest as a customer into 
account? 

Do you believe that your bank and credit card 
company take your interest as a customer into 
account in situations like this? 

 TP03 Do you believe your bank and credit card 
company are trustworthy? 

Do you believe that your bank and credit card 
company are trustworthy in situations like this? 

Trust in 

Merchant 

TM01 Do you believe that the merchant where you are 
paying for something is keeping its promises? 

Do you believe that the merchant where you are 
paying for something is keeping its promises in 
situations like this? 

 TM02 Do you believe that the merchant where you are 
paying for something takes your interest as a 
customer into account? 

Do you believe that the merchant where you are 
paying for something takes your interest as a 
customer into account in situations like this? 

 TM03 Do you believe that the merchant you are 
paying for something is trustworthy? 

Do you believe that the merchant where you are 
paying for something is trustworthy in situations like 
this? 

Behavioural 

Intention 

BI01 Do you intend to use the following payment 
methods in your daily life? 

Do you intend to use the following payment methods 
in situations like this? 
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  Item Formulation 

Construct Item Situation-unspecific Situation-specific 

 BI02 Do you intend to use the following payment 
methods in various situations? 

Do you intend to use the following payment methods 
in various similar situations like this? 

 BI03 Do you intend to use the following payment 
methods regularly? 

Do you intend to use the following payment methods 
regularly in situations like this? 
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Abstract 

A standard framework for assessing end-user acceptance is the Unified Theory of 

Acceptance and Use of Technology (UTAUT2; Venkatesh et al., 2012). It provides a 

template for assessing acceptance through self-report questionnaires completed by end-

users of the products based on a new technology. In this article, we present a 

methodological extension. In a first step, we reconceptualise the individual decision to use 

a new technology as a choice problem, with the competing options available to the user as 
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the corresponding choice set and the factors in the UTAUT2 framework as attributes in a 

multi-attribute decision problem. In a second step, we introduce the situational context as 

a moderator. We operationalise context on the level of the questionnaire formulation 

(situation-specific versus situation-unspecific item formulations) and the level of 

experimentally manipulated vignettes describing the intended usage situation. The 

extensions were tested empirically in a large study conducted in cooperation with a Swiss 

credit card issuer, and with mobile payment technology as the technology of interest. The 

data were analysed by means of structural equation modelling and discrete choice 

modelling techniques. The results show that our extensions, when implemented together, 

dramatically improve the predictive power of the UTAUT2 framework, leading to a tripling 

in the R-squared in the prediction of technology choice, relative to the standard UTAUT2 

operationalisation.  

 

  



30 

 

 

 Introduction 

Broad acceptance among end-users is crucial for the successful commercialisation of 

new technology. Several conceptual frameworks have been developed to help identify 

critical factors driving or hindering the acceptance of new technology by its intended users. 

In the research reported here, we use the unified theory of acceptance and use of technology 

(UTAUT2; Venkatesh et al., 2012) as our reference model. It provides a standardised 

template for assessing consumer acceptance of information technologies through a self-

report questionnaire, completed by end-users of the products or services based on new 

technology. UTAUT2 represents one standard approach in technology acceptance research: 

data collection based on traditional survey methods and structural equation modelling 

techniques typically used for data analysis. In the survey questionnaire, the constructs 

constituting the framework are operationalised by sets of questionnaire items that follow a 

general, technology-neutral template but are further specified to refer to the new technology 

or its embodiment in particular products or services. 

In this article, we present a methodological extension of the standard approach. By 

utilising experimental methods, our approach simultaneously allows the investigation of a 

broader set of research questions and the testing of more specific hypotheses in a more 

stringent manner. In a first step, we reconceptualise the individual decision to accept and 

use new technology as a choice problem with the different technology options available to 

the user as the corresponding choice set. We understand the various factors in the UTAUT2 

framework as attributes in a multi-attribute decision problem. Such a reformulation of the 

acceptance process allows us to use choice experiments and, in this way, to test more, more 

specific and more business-relevant hypotheses through controlled experiments. 

As a second model extension, we hypothesise that the individual decision to use a 

specific technology is strongly influenced by the situational context and formalise the 

interaction of the three primary sources of variation. We test this hypothesis empirically by 

using experimental research methodology and demonstrate that situational usage context 

constitutes an additional and highly relevant factor in the observed real-world decision 

behaviour regarding the acceptance of a new technology option.  

The empirical research was conducted in cooperation with Viseca Card Services SA, 

a Swiss credit card issuer, and with mobile payment technology as the technology of 

interest. The situational context was characterised in terms of psychological features (e.g., 

the familiarity of a use situation) and experimentally manipulated (eight typical payment 

situations that varied in terms of familiarity, perceived security risk and financial risk). The 

choice of payment method (cash, card or mobile payment) was measured as the dependent 

variable. The stated preferences were captured with the help of two slightly different 

UTAUT2 questionnaires, one tied to a concrete payment situation and the other one with 

situation-independent item formulations. The underlying UTAUT2 model was slightly 

adapted to our research subject.  
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The paper is structured as follows: Section 2.2 provides a brief overview of the relevant 

theories, together with a description of how the UTAUT2 framework has been adapted to 

our research subject. Besides, we formulate our research question as hypotheses. In Section 

2.3, we describe the experimental setup for data collection and the used statistical methods 

for data analysis. In Section 2.4, we present and discuss the results. Section 2.5, finally, 

contains the conclusions drawn from the results and the closing remarks together with hints 

for potential and promising future research activities.  

 Theory and hypothesis development 

To identify key factors driving or hindering the acceptance of new technologies by 

their intended users, several conceptual framework models have been developed. These 

include innovation diffusion theory (Rodgers, 1962; 1995), the technology acceptance 

model (TAM; Davis, Bagozzi & Warshaw, 1989), the theory of planned behaviour (Ajzen, 

1991) and their integration, the unified theory of acceptance and use of technology 

(UTAUT; Venkatesh, Morris, Davis & Davis, 2003). Like most user acceptance 

frameworks in the field of information systems, the UTAUT framework was originally 

intended to be used in an organisational context to explain the acceptance or rejection of 

new workplace technologies among employees. Motivated by review studies and critical 

findings, Venkatesh, Thong and Xu (2012) proposed a further extension from UTAUT to 

UTAUT2, adapting the model to the context of technology acceptance among consumers 

by introducing three additional constructs, including hedonic motivation, price value and 

habit.  

2.2.1 Technology acceptance as a choice problem  

In this article, we will use the UTAUT2 framework1 as the reference model. Most 

technology acceptance modelling frameworks are based on a similar research methodology, 

traditional survey methods using questionnaires usually linked to the new technology for 

data collection and structural equation modelling for data analysis (e.g., see Venkatesh et 

al., 2012). However, the acceptance or rejection of new technology can also be viewed as 

an individual decision process trying to solve a choice problem given by the already 

familiar technology options and the new one as a choice set. Reconceptualised in this way, 

the different factors in the UTAUT2 framework can be understood as attributes in a multi-

attribute decision problem. Taking our research subject, NFC-based mobile payment 

 

1 See appendix A for a graphical representation of the UTAUT2 model. 
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technology2, as an example, the launch of mobile payment systems can be understood as 

the introduction to the consumer market of end-user services based on the new technology. 

From the perspective of a technology provider, a standard framework model such as 

UTAUT2 could be used to measure the relevance and strength of the different factors 

driving the acceptance or rejection of the new technology among its intended users. From 

a consumer perspective, however, mobile payment represents an additional method of 

payment which the consumer can choose and use instead of previously used methods such 

as cash, debit or credit cards. Hence, consumer acceptance of the new technology (mobile 

payment) can be formulated as a choice problem where the different methods of payment 

available to the consumer constitute the choice set. 

Viewed this way, it becomes possible to model the relative acceptance of different 

technologies directly—technologies that can substitute each other and stand in competition. 

The notion of competition between alternative technologies that are simultaneously 

available to the same users has so far been neglected in applications of UTAUT2. We 

believe that the model reformulation we suggest here can enable substantial contributions 

to the empirical literature. It allows researchers to extend their hypotheses from monadic 

assessments of the user acceptance of a single technology to complete assessments of user 

preferences over different technologies. This, in turn, allows the prediction of market shares 

for technologies competing in end-user markets, in a similar manner as for consumer 

products in the marketing research literature (McFadden, 1986; Louviere, Hensher & 

Swait, 2000; Train, 2009).  

2.2.2 Incorporating the situational context of technology use 

The UTAUT2 framework provides a template for assessing consumer acceptance of 

information technologies based on traditional survey methodology. UTAUT2 has the 

attractive property of being a “one size fits all” model, typically applied with only minor 
contextual adjustments. However, some UTAUT2 constructs are inherently tied to the 

situational context (e.g., facilitating conditions) or are known to vary as a function of such 

 

2 Mobile payment solutions in general extend mobile devices with payment functionalities to provide 

users with the ability to initiate, authorize and complete financial transactions over mobile networks or with 

wireless communication technologies (e.g., see Srivastava, Chandra & Theng, 2010; Lu, Yang, Chau & Cao, 

2011). Near-field communication (NFC) is a technology standard containing a set of contactless 

communication protocols that enable two electronic devices, one of which is usually a portable device such 

as a smartphone, to establish communication by bringing them within 4 cm (1.6 in) of each other (see e.g. the 

website of the NFC forum). 
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situations (e.g., hedonic motivation, social influence). Take effort expectancy3 as an 

example. From a consumer perspective, this construct captures the expected degree of ease 

associated with consumers’ use of technology (Venkatesh et al., 2012, p. 159). The standard 
microeconomic theory would predict a switch to the new technology if the consumer 

expects a higher utility in comparison to the available alternatives. Behavioural economics, 

on the other hand, would predict a switch to the new technology if the consumer expects a 

gain relative to some reference level (Kahneman & Tversky, 1979). This reference level is 

more general and broader defined and also reflects prior experiences with the use of one or 

more of the technologies or corresponding proxies and, thus, implicitly includes aspects of 

the situational context of technology use.  

To illustrate this reasoning, faster completion of a financial transaction (performance 

expectancy) and fewer or less complicated operational steps required from the user (effort 

expectancy) would describe inherent characteristics where mobile payment may offer a 

gain relative to the default payment method which defines the reference level for a 

consumer. On the other hand, a less familiar payment situation in combination with higher 

perceived threat could lead to a perceived loss relative to the usually used and more usual 

payment method and trigger habitual behaviour as a consequence of this usage situation. 

Besides, data privacy concerns caused by either missing technical understanding or trust in 

NFC technology could restrict the (first) usage of this new technology to more familiar 

payment situations.  

Based on this reasoning, we propose that, besides differences between users in their 

general preferences for the distinct payment technologies, the situational context 

constitutes an additional source of systematic variation in individual choice behaviour 

regarding a specific payment method. We summarise the three primary sources of variation 

in the following formula:  𝑢𝑠𝑒 =  𝑢𝑠𝑒𝑟 ×  𝑡𝑒𝑐ℎ𝑛𝑜𝑙𝑜𝑔𝑦 ×  𝑐𝑜𝑛𝑡𝑒𝑥𝑡 (2.1) 

 

2.2.3 Operationalising a situationally adapted UTAUT2 model 

A fundamental hypothesis in our research is that individuals will reveal systematic and 

predictable patterns of variation in their choice behaviour when the situational context 

changes but the choice set remains fixed. This assumption immediately raises the question 

of how situational context should be characterised and operationalised. A simple approach 

that has successfully been used in previous research is the description of different usage 

 

3 With respect to our research subject mobile payment solutions, Wang and Yi (2012) report effort 

expectancy to be among the best predictors of consumer intention to use mobile payment solutions. 
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situations by means of short vignettes, manipulating the psychological characteristics of 

the usage situation within or between subjects.  

In a classical study involving six different data sets in which characteristics of usage 

situations were manipulated within subjects by means of such vignettes, Belk (1975) 

reports substantial moderating effects of situational context on consumer preferences. 

Using variance component analysis, he showed that the amount of variance attributable to 

the interaction of product and situational context is often several times as high as the 

variance attributable to product or situation (or indeed to the general preferences of the 

consumer) as main effects. In other words, consumers often seem to be more different from 

themselves when they are in other settings than they are from other consumers who are in 

the same context4.  

We follow the approach as proposed by Mischel and Shoda in the context of the 

development of their cognitive-affective system theory of personality (Mischel & Shoda, 

1995; Shoda et al., 1994)  and characterise the situational context of a payment situation in 

terms of psychological features. We propose that the three features familiarity, threat and 

financial risk are valid candidates for influencing the choice behaviour of consumers in 

payment situations. In their operationalisation by means of vignettes, we link these features 

with corresponding objectively observable characteristics of a payment situation including 

time, location, transaction amount and the technical capabilities of the payment terminal5. 

Familiarity. The first psychological feature, familiarity, is operationalised and 

manipulated by linking the payment situation to two different categories of merchant 

(shop): payment in a grocery, representing in general a widespread payment experience 

and, thus, reflects high familiarity, and payment in a taxi, representing a usually rather rare 

payment experience and reflecting a low level of familiarity.  

 

4 Belk’s study reflects the long-running “interactionism debate” in psychology about the question to 

which degree a conceptualisation of individual dispositions as invariant across situations and over time can 

actually be valid. In the context of the development of their cognitive-affective system theory of personality, 

Mischel and Shoda (1995) review the empirical evidence for intra-individually stable if-then situation-

behaviour relations as signatures of personality. One of the key elements of their theory is the description of 

situations in terms of psychological features. Using this approach, Shoda et al. (1994) could show that 

information about a person’s behaviour tendencies specific to a situation can be used to predict behaviour 

across a broad range of situational contexts characterised by similar psychological features. 

5 In the context of NFC-based mobile payment technologies, face-to-face payment situations (e.g., in a 

grocery, in a taxi, or in a restaurant) are the intrinsic situations where this technology is expected to be used 

first. Therefore, we constrain our experimental setup to face-to-face payment situations. In addition, to keep 

the experimental setup as simple as possible, we assume that the technical equipment (payment terminal) in 

our experimentally simulated payment situations is fully capable to process mobile payment transactions. In 

addition, the exact point of time of a payment situation is not in the focus of this study and, therefore, we 

excluded it from further considerations. 
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Threat. The second psychological construct, the perceived threat level associated with 

a situation, is manipulated by linking the payment situations to two geographically different 

payment scenarios: payment situation in Switzerland and payment situation in Brazil. We 

assume that for Swiss citizens, Brazil, as a well-known but foreign country is associated 

with a higher level of perceived threat in comparison to Switzerland being much more 

familiar to them. That may reflect prior personal experiences or can be conditioned through 

social influences as, experiences told by friends, news about the specific location, etc.  

Financial risk. The third and last experimentally manipulated psychological 

characteristic, financial risk, is operationalised by varying the payment amount with the 

two levels small and large amount differentiated by a factor of three. 

The proposed operationalisation of the manipulation of the psychological features by 

linking them directly to objectively observable characteristics of a payment situation may 

be confounded. A payment situation in a taxi can also be perceived as a stressy situation 

caused by time constraints triggering habitual behaviour. Similar argumentation can be 

applied to payment situations in Brasil which may be perceived not only as riskier but also 

as less familiar. To address these valid concerns, we use the three constructs added to the 

UTAUT2 measurement model (perceived risk, trust in the provider and trust in the 

merchant) for conducting manipulation checks to test for a sufficient level of validity and 

effect of our experimental manipulations for the goal of our study. 

2.2.4 Extending the measurement model 

The UTAUT2 measurement framework, as proposed by Venkatesh et al. (2012), forms 

our theoretical reference model. This framework provides a standardised template for 

assessing consumer acceptance of information technologies based on survey methodology. 

We adapt this modelling framework to mobile payment technology as our subject of study 

as follows.  

Price value. Price value was initially proposed by Venkatesh et al. (2012) as a 

construct of the UTAUT2 reference model. However, at the time of conducting the online 

survey in June 2016, there was no NFC-based mobile payment technology in the Swiss 

market available, and it was not clear if future NFC-based Swiss mobile payment solutions 

will have different pricing schemes or fee structure in comparison to the existing 

membership fee models6 for debit and credit cards. Therefore, we concluded that for 

 

6 At the time of conducting the online survey in June 2016, NFC-based mobile payment was not 

commercially available in the Swiss market. Some time before (in July 2014), Swisscom, a leading Swiss 

telecom provider, had in cooperation with Viseca Card Services SA, one of the three leading Swiss credit 

card issuers, launched an NFC-based mobile payment solution under the brand name Tapit. Because of a 
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consumers there should not be any perceived or expected differences in the cognitive trade-

off between the perceived or expected benefits versus the monetary costs for using mobile 

payment technology in comparison to credit cards and we decided to remove this concept 

for our research study. 

Perceived risk. According to the literature, the construct perceived security risk is an 

intrinsically relevant characteristic in the context of using electronic payment systems (see, 

e.g., Kim, Tao, Shin & Kim, 2010). The concept of perceived risk in general in consumer 

behaviour research was initially developed by Bauer (1960). His initial proposal was that 

consumer behaviour involves risk in the sense that any action of a consumer will produce 

consequences which he cannot anticipate with anything approximating certainty, and some 

of which at least are likely to be unpleasant (Bauer, 1960, p. 24). Thus, the two primary 

structural dimensions of perceived risk are uncertainty and consequences, the seriousness 

of the outcome involved. Bauer strongly emphasised that he was concerned only with 

subjective (perceived) risk and not with real-world (objective) risk. Cunningham (1967) 

continued this research path and identified different facets of perceived risk. He 

differentiated the concept into two categories, performance risk and psychosocial risk, and 

typified it with the six dimensions performance/functional, financial/economic, 

opportunity/time, safety/physical, social, and psychological loss (see also Mitchell, 1999, 

for an overview of the different conceptualisations and models). We operationalise the 

construct perceived risk in our study as risk induced and perceived through the combination 

of using technology in a concrete situational context. 

Trust. In the context of using technology, the construct trust has been usually 

associated with the reliability of a technology (e.g., Cofta, 2007). On the other hand, a 

financial transaction can be understood as an interaction between two social actors as, e.g., 

a consumer and a firm. In such a social context, trust of a person (denoted as trustor) reflects 

the degree of willingness to hand over the control over a future-directed action performed 

by a counter-party (indicated as trustee) in a specific situation and, therefore, the degree of 

acceptance of uncertainty about the outcome of this action (Jones & Shah, 2016). The 

uncertainty involves thereby the risk of failure of the action or even harm to the trustor if 

the trustee does not behave as desired or expected7. Besides, trust can be attributed to 

relationships between people and reflects the collected and, in some sense, aggregated 

positive or negative prior experiences from interactions within this relationship. Previous 

research has been shown that trust represents a critical mediating variable within the 

relationship building-process (e.g., see the commitment-trust theory of relationship 

 

quite technical and complicated customer onboarding process, this solution had never gained substantial 

market share. As a consequence, Tapit had been taken off the market at the end of 2015. 

7 In the context of mobile payment, a fraudulent usage of the credit card information can be seen as such 

a misuse of trust. 
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marketing, Morgan et al., 1994). Introduced as an additional construct in the UTAUT2 

framework, it has been shown to substantially improve the predictive power of the model 

(e.g., see Alalwan, Dwivedi & Rana, 2017). For our research study on mobile payment 

technology, we split the trust construct into two facets: (a) trust in the provider, reflecting 

the belief in the reliability of this technology, mediated by the relationship between a 

consumer and the perceived technology provider—in our case, the credit card issuing 

banking institute; (b) trust in the merchant, as an aggregation of positive or negative prior 

experiences with the counterparty in the financial transaction.  

 

 

Figure 2-1. Adapted UTAUT2 model. In comparison to the original UTAUT2 model, one construct was 

removed (price value) while three additional constructs were added (perceived risk, trust in the provider, trust 

in the merchant). The two constructs payment method (coding schema: cash; card (debit or credit); mobile 

payment) and usage situation (coding schema: familiarity; threat; financial risk) describe the experimental 

conditions for which the adapted UTAUT2 model was operationalised. To keep the model representation as 

transparent and straightforward as possible, we removed the three moderators age, gender and experience 

included in the original UTAUT2 model. 
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Figure 2-1 shows the UTAUT2 model adapted in this way8. To capture the individual 

stated preferences concerning the technology alternatives and their usage in different 

situations, we operationalised the UTAUT2 model for different contexts varying in terms 

of payment method and usage situation. To keep the model representation as transparent 

and straightforward as possible, we removed the three moderators age, gender and 

experience from the model representation9. Note that we used the three constructs added in 

the extended measurement model (perceived risk, trust in the provider and trust in the 

merchant) primarily as manipulation checks for our experimental manipulations of the 

payment method and usage situation. 

2.2.5 Previous research 

The UTAUT2 framework has been used in numerous previous studies of consumer 

acceptance of payment technologies. The meta-analysis by Liu, Ben and Zhang (2019) 

integrates the results of no less than 61 primary studies on consumer acceptance of mobile 

payment solutions. Many of the primary studies used extended measurement models with 

additional constructs similar to the ones we have suggested above. The results are 

noteworthy: aggregated over all primary studies, social and other external influences were 

the best predictor of intention to use (weighted average 𝛽 = .59), followed by trust 

(weighted average 𝛽 = .48). Perceived security was the fourth-strongest predictor 

(weighted average 𝛽 = .41). Perceived risk was the 17th-best predictor.  

2.2.6 Hypotheses 

Based on the arguments outlines above, we formulate the following hypotheses 

regarding the systematic influence of situational context on the technology choices of 

consumers: 

• H1a: Linking the measurement of the UTAUT2 items to concrete situations increases 

the reliability and accuracy in predicting the intention to use a specific payment 

technology. 

 

8 We denote the adapted UTAUT2 model as UTAUT2* in the subsequent sections. 

9 These three variables age, gender, and experience may still have a moderating effect (see Venkatesh 

et al., 2012). 
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• H1b: Linking the measurement of the UTAUT2 items to concrete situations increases 

the reliability and accuracy in predicting the observed use of specific payment 

technology. 

• H2: The individual variation in technology acceptance and use induced by the usage 

situation is systematic and, thus, predictable. 

 

Furthermore, we formulate a set of manipulation checks for measuring the validity of 

the manipulated situational characteristics by hypothesising expected correlations between 

these characteristics and the constructs added in the extended measurement model: 

• H3.1: Experimental induction of an increased threat level in a usage situation leads to 

corresponding increases in perceived risk on the level of UTAUT2 questionnaire 

measures.  

• H3.2: Experimental induction of increased familiarity with a usage situation leads to 

corresponding decreases in perceived risk. 

• H3.3: Experimental induction of increased financial risk in a usage situation leads to 

corresponding increases in perceived risk.  

• H3.4: Experimental induction of an increased threat level in a usage situation leads to 

corresponding decreases in trust in the merchant. 

• H3.5: Experimental induction of increased familiarity with a usage situation leads to 

corresponding increases in trust in the merchant. 

 Method 

2.3.1 Participants 

The online survey was conducted in cooperation with Viseca Card Services SA, a 

leading Swiss Credit Card Issuing Company, present throughout the Swiss market. In total, 

50000 completely randomised selected German-speaking cardholders of the private card 

segment were invited by email to participate in the online experiment. To incentivise the 

participation, the opportunity to win CHF 1000 (~ USD 1000) was offered under the 

precondition of having completed the survey. In total, 6406 cardholders entered the 

experiment, and 4822 participants completed the survey. The mean age of the participants 

who completed the experiment was 39.98 years (SD = 13.40 years) in comparison 40.19 

years (SD = 13.63 years) of the target group members and to 42.10 years (SD = 14.75 years) 
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of those participants who dropped out during the experiment10. The share of female 

participants of the entire group was 35.38% in comparison to a share of 39.15% of the full 

target group11. Beside of a slightly lower willing to participate, the female participants also 

showed a slightly higher dropout rate of 27.36% in comparison to 23.55% of the male 

participants.  

2.3.2 Measures 

In analogy to the procedure established by Venkatesh et al. (2012) for the UTAUT2 

constructs, multi-item measures with an eleven-point Likert-type rating scale with the two 

anchor values 0, representing disagreement, and 10, expressing agreement, and a default 

value set to 5 were used for the measurement of the metrics of the UTAUT2 constructs. To 

capture the individual differences regarding the stated technology preferences linked to the 

concrete usage situation, the UTAUT2 questionnaire was duplicated into a situation-

unspecific and a situation-specific version. For the situation-specific version, the item 

questions were tied to a specific payment situation by asking the participant to respond to 

the items regarding the payment situation presented before the questionnaire. For example, 

the situation-unspecific item formulation “Are the following payment methods useful in 

everyday life” was slightly reformulated into the corresponding situation-specific version 

“Are the following payment methods useful in situations like this?” 12.  

To ensure comparability of the measurements between the three payment methods, the 

full questionnaire was asked for all three payment methods, independent of the participant’s 
choice of payment method in the payment situation presented before the request to respond 

to the survey. Bucheli and Scholderer (under review) show that the resulting measurement 

model possesses a sufficiently high level of measurement invariance across the different 

questionnaire variations to ensure that statistics based on the questionnaire scales can be 

compared in a meaningful manner.  

 

10 Most of the dropouts of the experiment occurred in the step where the mobile payment procedure has 

been explained. The fact that mobile payment requires some technical understanding regarding installation 

and configuring apps may explain the observed small bias in the dropout rate with respect to the age of the 

participants. 

11 These figures are in accordance with the gender distribution of VISECA’s private card segment. 

12 See the appendix B for the two complete questionnaires. 
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2.3.3 Experimental design 

The systematic manipulation of the three situational characteristics (familiarity, 

perceived threat and perceived financial risk) resulted in total eight different payment 

situations. Table 2-1 summarises the corresponding randomised 23-design of the 

experiment. 

 

Table 2-1. 23-design of the eight payment situations 

Amount Familiarity  
Perceived threat 

Small High 

Small 
High Grocery in Switzerland / CHF 25.- Grocery in Brazil / BRL 90.- 

Low Taxi in Switzerland / CHF 25.- Taxi in Brazil / BRL 90.- 

Large  
High Grocery in Switzerland / CHF 75.- Grocery in Brazil / BRL 270.- 

Low Taxi in Switzerland / CHF 75.- Taxi in Brazil / BRL 270.- 

Note. CHF 25.- / 75.- corresponds to USD 25.- / 75.-; BRL 90.- / 270.- to USD 25.- / USD 75.- 

 

The online survey was structured into several parts. After registration13, participants 

were assigned at random to one of the eight different payment situations and, orthogonally 

to that, whether they would be presented with the situation-specific or situation-unspecific 

item formulations in the questionnaire. This corresponds to 16 treatment groups in total. 

After an introduction14, all participants were shown one of the eight payment situations 

controlled by their treatment group. Then, the participants were asked to respond to the 

UTAUT2 questionnaire. After passing this questionnaire phase, the three remaining 

payment situations were presented to the participants (the payment amount was only varied 

between participants). Finally, the participants were asked to rate their already existing 

experience regarding the use of mobile payment method15 and to enter some demographic 

data like gender, age, education level, income, employment sector and place of residence. 

All demographic data were captured in coded form. Figure 2-2 shows the complete survey 

flow.  

 

13 To ensure that a cardholder participates only once at the survey, personalized tokens were sent to the 

cardholders together with the invitation email. 

14 The first phase enclosed a detailed introduction into the survey including instructions, how to use the 

different payment methods cash, debit or credit card, and mobile payment in the experimentally simulated 

payment situations (drag and drop mechanism) with the opportunity to try out the use of the different payment 

methods in some trial payment situations. 

15 Prior mobile payment experiences were captured by a four-point rating scale with the following 

coding scheme: value 1 = no experience, 2 = once tried, 3 = sporadic use, 4 = regular use. 
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Figure 2-2. Survey flow (to keep the picture concisely, only the flows of the four treatments groups “Grocery 
in Switzerland with the payment amount CHF 25“, respectively “Taxi in Brazil with payment amount BRL 
75” and with situation-specific versus situation-unspecific item questions are illustratively shown. 

2.3.4 Statistical analysis 

2.3.4.1 Multi-group structural equation modelling 

For the analysis of relationships between purely questionnaire-based UTAUT2 

measures, we follow Sörbom’s (1974) multi-group structural equation modelling approach. 

In this framework, the measurement model of the exogenous variables represents the 

observed responses to the 𝑃 questionnaire items (𝑝 = 1, . . . 𝑃) as a linear function of 𝑀 

latent factors that stand for the explanatory constructs in the UTAUT2 model (𝑚 =1, . . . 𝑀, 𝑀 ≤  𝑃): 𝐱 (g) = 𝛕𝐱(g) + 𝚲𝐱(g) ∙ 𝛏(g) + 𝛅(g) (2.2) 

where 𝒙(g) is the 𝑃 × 1 vector of observed variables in group 𝑔, 𝛕𝐱(g)
 is a 𝑃 × 1 vector 

of intercepts, 𝛏(g) is the 𝑀 × 1 vector of latent factors, 𝚲𝐱(g)
 is a 𝑃 × 𝑀 matrix of factor 

loadings, and 𝛅(g) is a 𝑃 × 1 vector of random measurement errors, assumed to be 

uncorrelated with the latent factors and to have zero expectation. The model-implied means 

μx
(g) and covariances Σxx

(g) are: 𝛍𝐱(g) = 𝛕𝐱(g) + 𝚲𝐱(g) ∙ 𝛋(g) (2.3) 
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 𝚺𝐱𝐱(g) = 𝚲 (g) ∙ 𝚽 (g) ∙ 𝚲 T(g) + 𝚯(g) (2.4) 

where 𝛋(g) is the 𝑀 × 1 vector of latent factor means, 𝚽 (g) the 𝑀 × 𝑀 covariance 

matrix of the latent factors, and 𝚯(g) the 𝑃 × 𝑃 covariance matrix of random measurement 

errors. The three different payment methods and the various treatment groups are indexed 

by the group variable 𝑔 defining the samples. 

The measurement model of the endogenous variables represents the observed 

responses to 𝑄 items (𝑞 = 1, . . . 𝑄) as a linear function of 𝑁 latent factors (𝑛 = 1, . . . 𝑁, 𝑁 ≤𝑄) and 𝑄 random errors: 𝐲 (g) = 𝛕𝐲(g) + 𝚲𝐲(g) ∙ 𝛈(g) + 𝛆(g) (2.5) 

where 𝒚 (g) is the 𝑄 × 1 vector of observed variables in group 𝑔, 𝛕𝐲(g)
 is a 𝑄 × 1 vector 

of intercepts, 𝛈(g) is the 𝑁 × 1 vector of latent factors, 𝚲𝐲(g) is a 𝑄 × 𝑁 matrix of factor 

loadings, and 𝛆(g) is a 𝑄 × 1 vector of random measurement errors, assumed to be 

uncorrelated with the latent factors and to have zero expectation. The model-implied means 𝛍𝐲(g)
and covariances 𝚺𝐲𝐲(g) fulfil analogous equations as in the case of the exogenous 

variables. 

The structural model represents the hypothesised relationship between the exogenous 

and endogenous latent factors, with 𝚪 (g) the 𝑁 × 𝑀 matrix of path coefficient and 𝛇(g) a 𝑁 × 1 vector or disturbances: 𝛈 (g) = 𝚪 (g) ∙ 𝛏(g) + 𝛇(g) (2.6) 

In our structural equation model, some factors are strongly correlated. These 

correlations may cause the well-known phenomenon of multicollinearity for coefficient 

estimations in regression analysis. This issue can be handled by applying elastic net 

regularisation, as proposed by Zou and Hastie (2005). For the technical analysis, we use 

the implementation of a regularised structural equation modelling function of Jacobucci 

(2017). Jacobucci extended the standard SEM procedures of the R package lavaan (see 

Rosseel, 2014) to a regularised structural equation modelling version16 by including an 

 

16 Elastic net regularization uses a combination of L1- and L2-Norm to constrain and penalize the growth 

of the model coefficients. According to the implementation of Jacobucci (2017) for SEM, the additional 

regularization term to penalize model parameters is added to the corresponding maximum likelihood cost 

function 𝐹𝑀𝐿 for SEMs which yields to the extended cost function  𝐹𝑟𝑒𝑔𝑠𝑒𝑚 = 𝐹𝑀𝐿 +  𝜆 ∙ 𝑃𝑒𝑛𝑒𝑡(∙) (2.7) 

with the regularisation parameter λ. The elastic regularisation term 𝑃𝑒𝑛𝑒𝑡(∙) is according to Zou and 

Hastie (2005) a compromise between ridge and lasso regularization and can be written in the form  



44 

 

 

elastic net regularisation option17. We set the control parameter 𝛼 of the elastic net 

regularisation term to .5, equivalent to a balanced combination of L1- and L2-Norm.  

2.3.4.2 Discrete choice analysis 

For the statistical analysis of choice behaviour, we use the conditional logit analysis 

technique as developed and introduced by McFadden (1974). This technique is based on a 

latent variable model called the random utility model, modelling individual 𝑗 having a 

preference 𝜇𝑗𝑘 for alternative 𝑘. The observed utility 𝑈𝑗𝑘 of individual 𝑗 obtained from the 

alternative 𝑘 varies randomly around the actual utility value 𝜇𝑗𝑘 with 𝜀𝑗𝑘 as a random 

variable having a standard extreme value distribution with constant variance and being 

independent across the different alternatives 𝑈𝑗𝑘 =  𝜇𝑗𝑘 +  𝜀𝑗𝑘 (2.10) 

Under the conditions that the choice decision 𝑦𝑗 of individual 𝑗 is controlled by 

alternative 𝑘 with the highest utility 𝑈𝑗𝑘 and 𝜇𝑗𝑘 is a linear function 𝒙𝑗𝑘 ∙ 𝜷 of the 

explanatory variables 𝒙𝑗𝑘, it follows that the probability that individual 𝑗 will choose option 𝑘 is given by  

𝑃𝑟(𝑦𝑗 = 𝑘) = 𝑒𝒙𝑗𝑘∙𝜷(𝑒𝒙𝑗1∙𝜷  + 𝑒𝒙𝑗2∙𝜷 + ⋯ + 𝑒𝒙𝑗𝐾∙𝜷) (2.11) 

where 𝜷 denotes the fixed-effect coefficient vector. Equation (2.11) facilitates the 

calculations of the odds that option 𝑘 is chosen rather than option 𝑙, 𝑃𝑟(𝑦𝑗 = 𝑘)𝑃𝑟(𝑦𝑗 = 𝑙) = 𝑒(𝒙𝑗𝑘−𝒙𝑗𝑙)∙𝜷 (2.12) 

Equation (2.12) implies the nice interpretation that if one element of the vector 𝒙𝑗𝑘 for 

alternative k denoted by x increases by 1 point, the odds ratios involving alternative k 

changes by 100 ∙ (𝑒𝛽 − 1) percentage, whereby 𝛽 denotes the corresponding estimated 

coefficient of the x-variable.  

Mixed logit models with random parameters are a generalisation of the standard 

conditional logit model, allowing the researcher to incorporate individual- or group-level 

 𝑃𝑒𝑛𝑒𝑡(𝛤𝑗)  =  (1 −  𝛼) ∙ ‖𝛤𝑗‖2 +  𝛼 ∙ ‖𝛤𝑗‖1 (2.8) 

with the additional parameter 𝛼 controlling the contributions of the L1- and L2-Norm. 

17 These regularised SEM functions are part of the R package regsem. 
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effects. Because people have different preferences, it can be misleading to aggregate the 

whole sample into a single set of utilities and thereby to neglect the structure of the 

individual or group-level utilities. To model random parameters on an individual level, the 

utility that individual 𝑗 obtains from alternative 𝑘 in the mixed logit model is given by  𝑈𝑗𝑘 =  𝒙𝑗𝑘 ∙ 𝜷𝑗 +  𝜀𝑗𝑘 (2.13) 

where 𝒙𝑗𝑘 is again the fixed design vector for individual 𝑗 and alternative 𝑘, 𝜷𝑗 the 

random effect coefficient vector for individual 𝑗, and 𝜀𝑗𝑘 the random variable term 

following iid extreme value. The coefficient 𝜷𝑗  is distributed according to the density 

function 𝑓(𝜷, 𝜽) chosen by the researcher with 𝜽 describing the corresponding distribution 

parameters as e.g. mean and variance. The probability that individual 𝑗 will choose option 𝑘 is now given by the integral expression  

𝑃𝑟(𝑦𝑗 = 𝑘) =  ∫ 𝑒𝒙𝑗𝑘∙𝜷∑ 𝑒𝒙𝑗𝑙∙𝜷𝑙  𝑓(𝜷, 𝜽) 𝑑𝜷 (2.14) 

Like in the standard choice model, 𝑦𝑗 denotes the observed choice made by individual 𝑗. The corresponding covariance matrix 𝛀β characterises the heterogeneity in the 

preferences on the individual level. Large diagonal elements of 𝛀β indicate substantial 

heterogeneity in components of the utility function and off-diagonal elements patterns in 

the evaluation of attribute levels. 

Modelling random effects on the individual level represent a challenge for standard 

frequentist methods: optimisation of the likelihood function can become numerically 

unstable when the amount of data for each individual is limited. In such situations, Bayesian 

methods are an alternative, well suited for statistical analysis of random effects. Bayesian 

methods for the estimation of mixed logit models with normally distributed random effects 

were first introduced by Allenby and Lenk (1994) and Allenby (1997). Train (2009) 

extended the Bayesian estimation approach to mixed logit models with random effects that 

follow non-normal distributions, including lognormal, uniform and triangular distributions.  

In our study, we use a relatively simple mixed logit specification with normally 

distributed random effects and approximate the stated individual utility through a simple 

linear function of the distinct attribute factors calculated as mean scores of the 

corresponding item scores. Further, we validated the reported numerical results using 

simulation methods as described in Train (2009) by comparing them to Bayesian methods 

as implemented in the procedure BChoice in the SAS 9.4 platform (see, e.g., Mcdowell 

and Shi, 2014). 
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 Result 

We will present our results in the following order. We begin with a descriptive 

overview of participants’ preferences for the different payment technologies in the eight 

usage situations investigated here. Next, we report the manipulation checks conducted to 

assess the effectiveness of our experimental manipulations. Then, we assess the 

improvement in predictive accuracy that can be gained by replacing the standard, situation-

unspecific formulation of UTAUT2 questionnaire items with situation-specific 

formulations. In this analysis, we use structural equation modelling techniques (as is usual 

for UTAUT2 analyses) and focus on the intention to use as the dependent variable. Finally, 

we analyse choices between the competing payment technologies, using discrete choice 

modelling techniques.  

2.4.1 Overview of payment preferences 

Table 2-2 shows the observed absolute and relative choice frequencies we observed 

before participants were presented with the situation-unspecific versus situation-specific 

UTAUT2* questionnaires. Cash appears to be the payment method globally preferred by 

our participants. A chi-square test indicated that there were no significant pre-treatment 

differences between the two groups χ2 (3, N = 4684) = 3.459, p = .326. 

 

Table 2-2. Observed absolute and relative choice frequencies for the four payment methods of the two 
treatment groups situation-specific versus situation-unspecific item questionnaire.  

Payment method 

Observed absolute frequencies Observed relative frequencies 

Situation-unspecific 
questionnaire 

Situation-specific 
questionnaire 

Situation-unspecific 
questionnaire 

Situation-specific 
questionnaire 

Cash 981 972 0.419 0.415 

Debit card 277 241 0.118 0.103 

Credit card 519 541 0.222 0.231 

Mobile payment 565 588 0.241 0.251 

Note.  Total N = 4684. 

 

Table 2-3 presents their choices as a function of the payment situation. The data reveal 

substantial variation in their relative preferences for the different payment methods: cash is 

preferred in situations with small amounts or higher perceived threat, credit cards are 

preferred in situations with higher transaction amounts, and debit cards are preferred in 

more familiar situations. 
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Table 2-3. Observed choice behaviour for the four payment methods across the eight different payment 
situations. 

Payment situation N 

Observed situated choice frequencies for the payment methods 

Cash Debit card Credit card 
Mobile 

payment 

Grocery in Switzerland / CHF 25.- 633 0.340 0.239 0.158 0.264 

Grocery in Switzerland / CHF 75.- 599 0.145 0.316 0.249 0.291 

Taxi in Switzerland / CHF 25.- 575 0.534 0.050 0.122 0.294 

Taxi in Switzerland / CHF 75.- 590 0.309 0.095 0.232 0.364 

Grocery in Brazil / BRL 90.- 590 0.531 0.058 0.251 0.161 

Grocery in Brazil / BRL 275.- 574 0.342 0.066 0.409 0.183 

Taxi in Brazil / BRL 90.- 586 0.621 0.017 0.164 0.198 

Taxi in Brazil / BRL 275.- 537 0.538 0.021 0.233 0.209 

Note.  Total N = 4684. 

 

Table 2-4 reports the mean and standard deviation of the stated intention to use a 

specific payment method across the eight distinct payment situations and grouped by the 

two distinct item questionnaires. The data confirm the above-stated observations. 

Furthermore, the standard deviation of the stated intention to use a specific payment method 

increases by linking the questionnaire to concrete usage situations indicating a more 

differentiated self-assessment. 

 

Table 2-4. Mean and standard deviation (in parentheses) of the stated intention to use one of the three payment 
methods cash, card, or mobile payment across the eight different payment situations and grouped by the two 
distinct item questionnaires.  

 Stated intention to use a specific payment method 

Payment situation 

Situation-unspecific questionnaire Situation-specific questionnaire 

Cash 
Card (debit 
or credit) 

Mobile 
payment 

Cash 
Card (debit 
or credit) 

Mobile 
payment 

Grocery in Switzerland / CHF 25.- 8.17 (2.24) 8.49 (1.91) 4.85 (3.14) 7.10 (2.83) 7.87 (2.17) 5.09 (3.30) 

Grocery in Switzerland / CHF 75.- 7.78 (2.61) 8.50 (1.84) 5.22 (3.23) 6.44 (2.89) 8.00 (2.35) 5.14 (3.18) 

Taxi in Switzerland / CHF 25.- 8.09 (2.49) 8.64 (1.71) 5.21 (3.14) 7.21 (2.66) 6.56 (2.77) 5.52 (3.27) 

Taxi in Switzerland / CHF 75.- 7.79 (2.50) 8.41 (2.03) 5.07 (3.31) 6.50 (2.87) 7.16 (2.54) 5.58 (3.11) 

Grocery in Brazil / BRL 90.- 8.02 (2.45) 8.49 (1.92) 5.06 (3.19) 7.27 (2.72) 7.16 (2.43) 4.47 (3.02) 

Grocery in Brazil / BRL 275.- 8.28 (2.23) 8.55 (1.92) 4.48 (3.30) 6.93 (2.89) 7.49 (2.49) 4.49 (3.35) 

Taxi in Brazil / BRL 90.- 8.22 (2.32) 8.63 (1.79) 4.77 (3.31) 7.52 (2.68) 6.23 (2.97) 4.87 (3.25) 

Taxi in Brazil / BRL 275.- 8.18 (2.18) 8.54 (1.86) 5.09 (3.34) 7.59 (2.49) 6.20 (2.82) 4.67 (3.20) 

Note.  (1) Total N = 4684. 

(2) The data were captured by an eleven-point Likert-type rating scale with the two anchor values 0, representing disagreement, 
and 10, agreement, and the default value set to 5. The stated intention to use was calculated as the mean of the corresponding 
item scores. 
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2.4.2 Manipulation checks 

Table 2-5 shows the results of our manipulation checks. The checks were performed 

using Welch’s two-sample 𝑡-test, with the differences between the means of the averaged 

UTAUT2* scores as the test statistic. The results support hypotheses 3.1 (experimental 

induction of increased situational threat is mirrored by significant increases in perceived 

risk), 3.2 (experimental induction of increased familiarity of a usage situation is mirrored 

by significant decreases in perceived risk), 3.4 (experimental induction of increased 

situational threat is mirrored by significant decreases in trust in the merchant) and 3.5 

(experimental induction of increased familiarity of a usage situation is mirrored by 

significant increases in stated trust in the merchant). Hypothesis 3.3 (experimental 

induction of increased financial risk in a usage simulation is mirrored by increases in 

perceived risk),  however, is not supported. We assume that the difference in the transaction 

amount might be too small to be perceived as an individually relevant financial risk. In 

summary, the differences in the stated UTAUT2* scores triggered by the manipulated 

characteristics of the payment situations are consistent with the expected results. 

 

Table 2-5. Manipulation checks: the additional UTAUT2 constructs were used to test for consistency 
regarding the manipulated situational factors perceived threat, familiarity, and perceived financial risk. The 
checks were performed using Welch’s two-sample t-test with the difference between the means of the 
averaged UTAUT2* scores as the test statistic.  

Manipulation check 

Nobs 

Situation-unspecific 

formulation 

Situation-specific 

formulation 

Manipulated 
situational factor 

Dependent 
variable 

Payment 
method 

Δ Score t p Δ Score t p 

Threat Perceived risk Cash 2342 -0.016 -0.160 0.873 0.574 5.220 0.000 

Threat Perceived risk Card 2342 0.113 0.998 0.318 1.022 9.107 0.000 

Threat Perceived risk 
Mobile 

payment 
2342 0.152 1.269 0.205 0.717 6.140 0.000 

Familiarity Perceived risk Cash 2342 -0.105 -1.047 0.295 -0.393 -3.571 0.000 

Familiarity Perceived risk Card 2342 -0.093 -0.823 0.411 -0.530 -4.658 0.000 

Familiarity Perceived risk 
Mobile 

payment 
2342 -0.043 -0.362 0.718 0.012 0.101 0.920 

Transaction 
amount 

Perceived risk Cash 2342 0.063 0.626 0.532 0.014 0.129 0.897 

Transaction 
amount 

Perceived risk Card 2342 -0.041 -0.359 0.720 0.067 0.581 0.561 

Transaction 
amount 

Perceived risk 
Mobile 

payment 
2342 -0.071 -0.592 0.554 -0.019 -0.162 0.872 

Threat Trust in provider - 2342 0.012 0.263 0.793 0.026 0.352 0.725 

Familiarity Trust in provider - 2342 0.140 1.845 0.065 0.058 0.782 0.434 

Transaction 
amount 

Trust in provider - 2342 0.002 0.028 0.978 0.081 1.088 0.277 

Threat 
Trust in 

merchant 
- 2342 -0.002 -0.021 0.984 -0.705 -8.426 0.000 
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Manipulation check 

Nobs 

Situation-unspecific 

formulation 

Situation-specific 

formulation 

Manipulated 
situational factor 

Dependent 
variable 

Payment 
method 

Δ Score t p Δ Score t p 

Familiarity 
Trust in 

merchant 
- 2342 0.144 1.986 0.047 0.291 3.448 0.001 

Transaction 
amount 

Trust in 
merchant 

- 2342 -0.063 -0.873 0.383 -0.004 -0.043 0.965 

Note.  N = 4684 (2342 with situation-unspecific item formulations and 2342 with situation-specific item formulations).  

 

2.4.3 Accuracy in the prediction of intention to use 

In this section, we present our results concerning the improvement in the prediction of 

intention to use that can be gained by replacing the situation-unspecific item formulations 

in the UTAUT2 questionnaire with situation-specific formulations linking the use of the 

respective payment technology to a concrete payment situation. The statistical analysis was 

performed for the original UTAUT2 model as well as the adapted UTAUT2* model with 

the additional constructs.  

Table 2-6 shows the results of the regularised structural equation modelling analysis, 

with the underlying data pooled across the different experimental conditions. The two 

model-fit statistics RMSEA and R2 are in accordance and support Hypothesis 1: linking the 

measurement of the UTAUT2 items to concrete situations increases the reliability and the 

predictive accuracy of the UTAUT2 model for the prediction of the intention to use new 

technology. The differences in the estimated R2 indicate substantial improvement for all 

models. Furthermore, these results reveal the general pattern that the degree of the 

improvement in predictive accuracy increases with the novelty of the technology: no or 

very little improvement in the prediction of intention to use cash, some improvement in the 

prediction of intention to use credit or debit cards, and moderate improvement in the 

prediction of intention to use mobile pay. In other words, linking the usage of technology 

to a concrete situation helps consumers sharpen their opinion about new technology. 

Finally, the comparison of the R2 statistics between the original and the adapted UTAUT2 

model reveals only a small additional improvement in prediction accuracy by extending the 

model with the proposed additional constructs perceived risk, trust in the provider and trust 

in the merchant.  
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Table 2-6. Improvement in the accuracy in the prediction of intention to use a specific payment method 
between situation-unspecific and situation-specific formulations of the original UTAUT2 and the extended 
UTAUT2* model. The analysis was performed by using regularised structural equation modelling. 

Model Situation-unspecific formulation 
 Situation-specific 

formulation 
 

 

Payment method RMSEA R2 
 

RMSEA R2 
 Improvement 

in R2 

          

Original UTAUT2 model          

Cash 0.063 0.874  0.055 0.884  1.06% 

Card 0.062 0.896  0.055 0.936  4.48% 

Mobile payment 0.055 0.821  0.049 0.902  9.85% 

          

Extended UTAUT2* model          

Cash 0.047 0.875  0.042 0.890  1.74% 

Card 0.046 0.897  0.042 0.939  4.71% 

Mobile payment 0.043 0.824  0.038 0.904  9.69% 

          

Note.  1) N = 4684 (N = 2342 with situation-unspecific formulated item questions and N = 2342 with situation-specific formulated item 
questions). 

 2) UTAUT2 denotes the original model; UTAUT2* the extended model.  

 3) The improvement in predictive accuracy is measured by comparing the computed R-squared values of the endogenous variable 
behavioural intention (see Eq. 6). 

 

Table 2-7 shows the estimated path coefficients for all three payment methods and 

both questionnaire versions (with situation-unspecific and situation-specific item 

formulations). The results reveal that habit and hedonic motivation seem to be the most 

important explanatory factors for predicting the stated intention to use a specific payment 

technology. In addition, the results reveal the pattern that, without concretisation of the 

payment situation, habit represents the dominant explanation factor. In other words, linking 

the questionnaire to a concrete usage situation allows catching a glimpse behind the default 

behaviour. 

 

Table 2-7. Estimated path coefficients for all three payment methods for both cases, the situation-unspecific 
and the situation-specific item questions. 

Coefficient 

Cash Card Mobile Payment 

Situation-
unspecific 

Situation-
specific 

Situation-
unspecific 

Situation-
specific 

Situation-
unspecific 

Situation-
specific 

Performance expectancy 0.005  0.003  0.000  0.072 *** 0.033  0.191 *** 

Effort expectancy 0.002  0.099 *** 0.309 *** 0.003  0.242 *** 0.111 *** 

Social influence 0.111 *** 0.052 ** 0.033  0.030  0.063 *** 0.041 * 

Facilitating conditions -0.147 *** -0.011  -0.241 *** 0.008  0.009  -0.247 *** 

Habit 0.819 *** 0.386 *** 0.872 *** 0.506 *** 0.303 *** 0.165 *** 

Hedonic motivation 0.312 *** 0.664 *** 0.124 *** 0.499 *** 0.544 *** 0.786 *** 

Perceived risk -0.034 * -0.067 *** 0.019  -0.045 *** -0.072 *** -0.076 *** 

Trust in provider -0.067 *** -0.025  -0.029  0.013  -0.042  0.002  



51 

 

 

Coefficient 

Cash Card Mobile Payment 

Situation-
unspecific 

Situation-
specific 

Situation-
unspecific 

Situation-
specific 

Situation-
unspecific 

Situation-
specific 

Trust in merchant 0.004  -0.057 *** 0.019  -0.064 *** 0.006  -0.048 * 

Note.  1) N = 4684 (N = 2342 with situation-unspecific item questions and N = 2342 with situation-specific item questions)  

2) *** p < 0.001; ** p < 0.01; * p < 0.05 

3) Unstandardized latent factors and observed variables were modelled. 

 

Table 2-8 shows the improvements in the prediction of intention to use for the specific 

payment methods, broken down by experimental condition. These results confirm the 

general pattern observed above that the degree of the improvement in predictive accuracy 

increases with the novelty of the technology. In summary, linking the formulation of the 

UTAUT2 questionnaire items to a specific usage context appears to support consumers in 

their evaluation of whether they would be willing to use the new technology. 

 

Table 2-8. Accuracy in the prediction of intention to use a specific payment method in a concrete payment 
situation, based on situation-unspecific and situation-specific formulations of the original UTAUT2 and the 
extended UTAUT2* model. The analysis was performed using regularised structural equation modelling. 

Manipulated situational 

characteristic 
Situation-unspecific formulation 

 Situation-specific 

formulation 
 

 

Payment method RMSEA R2 
 

RMSEA R2 
 Improvement 

in R2 

          
Familiarity: high          

Cash 0.050 0.882  0.039 0.908  3.05% 
Card 0.046 0.893  0.042 0.954  6.81% 
Mobile Payment 0.045 0.816  0.038 0.904  10.73% 
          

Familiarity: low          
Cash 0.046 0.883  0.046 0.881  -0.17% 
Card 0.050 0.889  0.045 0.928  4.43% 
Mobile Payment 0.044 0.839  0.040 0.908  8.26% 

          
Threat: high          

Cash 0.048 0.905  0.043 0.890  -1.61% 
Card 0.051 0.914  0.043 0.933  2.08% 
Mobile Payment 0.047 0.822  0.039 0.885  7.68% 

          
Threat: low          

Cash 0.049 0.850  0.045 0.894  5.22% 
Card 0.045 0.880  0.047 0.946  7.41% 
Mobile Payment 0.042 0.831  0.040 0.915  10.15% 

          
Financial risk: high          

Cash 0.047 0.857  0.043 0.875  2.10% 
Card 0.045 0.915  0.044 0.943  3.07% 
Mobile Payment 0.044 0.829  0.037 0.876  5.71% 
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Manipulated situational 

characteristic 
Situation-unspecific formulation 

 Situation-specific 

formulation 
 

 

Payment method RMSEA R2 
 

RMSEA R2 
 Improvement 

in R2 
Financial risk: low          

Cash 0.047 0.899  0.047 0.909  1.18% 
Card 0.049 0.869  0.045 0.938  7.87% 
Mobile Payment 0.045 0.832  0.043 0.930  11.69% 

          

Note.  1) N = 4684 (N = 2342 with situation-unspecific item questions and N = 2342 with situation-specific item questions)  

 2) Only the results of the statistical analysis of the extended model UTAUT2* are shown. 

 

2.4.4 Accuracy in the prediction of choice behaviour 

Compared to the modest improvement in predictive accuracy we observed for 

intention to use, the effect on choice was much more dramatic. We assessed the impact of 

situational context in three ways. First, by comparing the predictive accuracy of the model, 

using identical model specifications but with the coefficients estimated separately for the 

two measurement conditions (situation-unspecific versus situation-specific formulation of 

the questionnaire items). Second, we tested for moderator effects by introducing interaction 

terms between the choice option variable and the three binary-coded situational context 

features (familiarity, threat and financial risk). Third, we replaced the fixed-effects 

specification, including interaction terms, with a random-effects specification on the 

situational and individual level, assuming a normal distribution of the coefficients over the 

eight usage situations incorporated in our design.  

The attributes in the additive utility functions were calculated as mean scores of the 

items measuring the respective UTAUT2 and UTAUT2* constructs. As goodness of fit 

measures for the comparison of the different models, we use the following three fit 

statistics: the log-likelihood, the adjusted version of the log likelihood-based McFadden R2 

(McFadden, 1974)18 and the Bayesian information criterion (BIC; Schwarz, 1978)19. To 

measure any improvement between nested models, we use likelihood ratio tests. For the 

comparison of identically specified models fitted to different data sets20, the rule of thumb 

for judging differences in BIC as evidence for a statistically significant improvement in 

model accuracy as formulated initially by Jeffreys (1961) and slightly modified by Raftery 

(see Raftery, 1995; Kass & Raftery, 1995). The rule of thumb state that a difference in 

 

18 This adjusted version of the McFadden R2 accounts for model complexity. 

19 BIC attempts to addresses the issue of increasing the likelihood just by adding model parameters by 

introducing a penalty term for the number of parameters in the model. 

20 To make a comparison of models fitted to two equally structured but distinct datasets better 

interpretable, we equalized the sample size of the two datasets by excluding randomly 52 observations from 

the data set based on the situation-unspecific item questions (stratified sampling). 
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BIC21 between 0 to 2 indicates weak, between 2 and 6 positive, between 6 to 10 strong and 

greater than 10 very strong evidence. The random effects were estimated by using 

simulation-technique with Halton sequences as random draws and allowing correlations 

between the random coefficients as proposed by Croissant et al. (2012). The analysis was 

performed by using the R package mlogit (Version 1.0-2). 

We fitted a sequence of models starting with the null model – defined as the simplest 

possible model (intercepts only) – as our baseline model. We then extended the baseline 

model step by step by consecutively including variables of the UTAUT2 model and its 

adapted version UTAUT2*, respectively, and the situational context features. Finally, we 

estimated the models with random effects specified on the situational and the individual 

level. Table 2-9 presents the model fit statistics, the adjusted McFadden R2, the log-

likelihood, and the Bayesian information criterion BIC as a comparison between equally 

specified models fitted to the two data sets based on the situation-unspecifically versus 

situation-specifically formulated questionnaires. 

 

Table 2-9. Comparison of the adjusted McFadden R2, log-likelihood and BIC between equally specified 
models fitted to the two datasets based on the situation-unspecifically versus situation-specifically formulated 
questionnaires. 

Model NCoeff 
Situation-unspecific formulation Situation-specific formulation 

Δ BIC 
R2

McFadden Log L BIC R2
McFadden Log L BIC 

Null model (base) 3 0.000 -3030.4 6084.1 0.000 -3008.2 6039.7 44.5 

Option ~ Situational context 
features 

12 0.068 -2814.8 5722.6 0.073 -2780.0 5653.2 69.5 

Option ~ Intention to use 4 0.077 -2795.5 5622.0 0.194 -2422.3 4875.7 746.3 

Option ~ UTAUT2 (without 
intention to use) 

9 0.095 -2736.3 5542.4 0.258 -2227.0 4523.8 1018.7 

Option ~ UTAUT2 10 0.099 -2724.7 5527.1 0.261 -2215.6 4508.8 1018.3 

Option ~ UTAUT2* (without 
intention to use) 

16 0.098 -2719.9 5563.9 0.260 -2213.1 4550.4 1013.5 

Option ~ UTAUT2* 17 0.101 -2709.4 5550.8 0.263 -2203.3 4538.5 1012.2 

Option ~ UTAUT2 + interactions 
with situational context features 

19 0.168 -2506.2 5159.8 0.303 -2079.7 4306.9 852.9 

Option ~ UTAUT2* + interactions 
with situational context features 

26 0.171 -2488.5 5178.8 0.306 -2065.9 4333.6 845.2 

Option ~ UTAUT2 + random 
effects (situational level) 

47 0.162 -2494.3 5353.4 0.296 -2072.8 4510.2 843.2 

Option ~ UTAUT2* + random 
effects (situational level) 

62 0.162 -2481.8 5444.6 0.297 -2056.4 4593.9 850.8 

Option ~ UTAUT2 + random 
effects (individual level) 

47 0.163 -2492.9 5350.5 0.309 -2034.9 4434.4 916.1 

 

21 As proposed by Raftery (1995), we use the Bayesian information criteria BIC as approximation to the 

logarithm of the Bayes factors. 
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Model NCoeff 
Situation-unspecific formulation Situation-specific formulation 

Δ BIC 
R2

McFadden Log L BIC R2
McFadden Log L BIC 

Option ~ UTAUT2* + random 
effects (individual level) 

62 0.164 -2474.9 5430.8 0.311 -2014.3 4509.7 921.1 

Note.  1) N = 4684 (N = 2342 with situation-unspecific item questions and N = 2342 with situation-specific item questions) 

2) NCoeff = Number of coefficients in the model; R2
McFadden = adjusted McFadden R2; Log L = Log-Likelihood, BIC = Bayesian 

information criterion, Δ BIC = Difference in the BIC values between two models (calculated as the difference of the delta in BIC 
of the model to its corresponding Null model). 

 

The difference in the BIC values between the two models is calculated as the difference 

between the delta in the BIC value of the model versus the corresponding null model. All 

goodness of fit measures indicate substantial improvements when situational aspects are 

incorporated into the model. As an example, in the case of a discrete choice model with all 

UTAUT2 variables included in the model, the adjusted McFadden R2 increases from a 

value of 0.099 for the model fitted to the data set based on the situation-unspecific item 

questions to a value of 0.261 for the model fitted to the situation-specific item questions, 

equivalent to an improvement factor of 2.64. The results support strongly Hypothesis 1:   

linking the measurement of the UTAUT2 items to concrete situations increases the 

reliability and accuracy in predicting the choice between competing payment technologies. 

Table 2-10 compares the coefficients estimates for the full UTAUT2* model between 

the two data sets, situation-unspecific and situation-specific item questions. The payment 

situation features were incorporated into the model specifications. The results show a 

similar pattern of significant coefficients for both models. However, in the condition with 

situation-specific item formulations, habit seems to play a more significant role than in the 

condition with situation-unspecific item formulations. 

 

Table 2-10. Comparison of the coefficients estimates of the full UTAUT2* model between the two data sets 
based on the situation-unspecific and situation-specific item questions. The payment situation features were 
incorporated into the model specifications. 

Coefficient  Situation-unspecific   Situation-specific  

Cash (intercept)  0.052   -0.039  

Credit card (intercept)  -0.283   0.711  

Debit card (intercept)  -0.935 *  -0.603  

Performance expectancy  0.089 ***  0.123 *** 

Effort expectancy  0.155 ***  0.225 *** 

Social influence  0.062 ***  0.087 *** 

Facilitating condition  0.035   0.020  

Habit  0.001   0.082 *** 

Hedonic motivation  0.007   0.014  

Perceived risk  -0.044 **  -0.051 ** 

Behavioural intention  0.103 ***  0.107 *** 

Cash * trust in provider  0.025   -0.093  
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Coefficient  Situation-unspecific   Situation-specific  

Credit card * trust in provider  -0.007   -0.162 ** 

Debit card * trust in provider  -0.165 **  -0.167 ** 

Cash * trust in the merchant  -0.085   0.000  

Credit card * trust in the merchant  0.032   0.052  

Debit card * trust in the merchant  0.101   -0.017  

Cash * low familiarity  0.273 *  0.476 *** 

Credit card * low familiarity  -0.356 **  -0.187  

Debit card * low familiarity  -1.496 ***  -1.217 *** 

Cash * low threat  -0.894 ***  -0.756 *** 

Credit card * low threat  -0.655 ***  -0.956 *** 

Debit card * low threat  1.095 ***  1.015 *** 

Cash * low financial risk  0.698 ***  0.689 *** 

Credit card * low financial risk  -0.517 ***  -0.019  

Debit card * low financial risk  -0.460 **  0.138  

Note.  1) N = 4684 (N = 2342 with situation-unspecific item questions and N = 2342 with situation-specific item questions)  

2) *** pF < 0.001; ** pF < 0.01; * pF < 0.05 

3) Mobile payment defines the reference level 

 

As the next step, we investigated the random effects of the UTAUT2 constructs in 

more detail. We tested for random effects on the situational and on the individual level and, 

further, for correlations between the random effects. As proposed by Croissant (2012), we 

applied the three test procedures Likelihood ratio, Wald and Score test as test statistics. 

Table 2-11 reports the corresponding results. For both models UTAUT2 and UTAUT2*, a 

similar pattern revealed. In the condition with situation-unspecific item formulations, 

primarily random effects on the situational level are significant across all three tests; in the 

condition with situation-specific item formulations, on the other hand, mostly random 

effects on the individual level are significant. We suggest the following explanation for this 

pattern. In the condition with situation-unspecific item formulations, the variance related 

to the usage situation seems to dominate the variation in the situation-unspecific individual 

choice preferences. Capturing the variance related to the usage situation through 

corresponding situation-specifically formulated item questions facilitates the uncovering of 

more facets of the individual choice preferences. Regarding correlations, no significant 

differences between correlated and uncorrelated random effects were observed. 
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Table 2-11. Testing for uncorrelated and correlated random effects on the situational and individual level in 
both measurement conditions, situation-unspecific and situation-specific item questions. 

Model specification Likelihood ratio test Wald test Score test 

Hyptheses df χ2 p-value χ2 p-value χ2 p-value 

UTAUT2        

Random effects on the situational level        

Situation-unspecific formulation        

No uncorrelated random effects 7 33.24 0.000 51.80 0.000 32.55 0.000 

No correlated random effects 28 58.95 0.001 74.17 0.000 114.33 0.000 

Correlated vs. uncorrelated random effects 21 25.72 0.217 42.56 0.004 53.56 0.000 

Situation-specific formulation        

No uncorrelated random effects 7 19.27 0.007 29.49 0.000 32.68 0.000 

No correlated random effects 28 36.83 0.123 47.02 0.014 132.95 0.000 

Correlated vs. uncorrelated random effects 21 17.56 0.677 37.69 0.014 47.76 0.001 

Random effects on the individual level        

Situation-unspecific formulation        

No uncorrelated random effects 7 4.32 0.742 10.92 0.142 78.81 0.000 

No correlated random effects 28 26.66 0.537 35.54 0.155 562.50 0.000 

Correlated vs. uncorrelated random effects 21 22.34 0.380 21.08 0.454 28.17 0.135 

Situation-specific formulation        

No uncorrelated random effects 7 70.37 0.000 66.61 0.000 63.87 0.000 

No correlated random effects 28 98.79 0.000 67.62 0.000 734.03 0.000 

Correlated vs. uncorrelated random effects 21 28.42 0.129 33.84 0.038 22.64 0.363 

UTAUT2*        

Random effects on the situational level        

Situation-unspecific formulation        

No uncorrelated random effects 8 126.55 0.000 157.18 0.000 23.45 0.003 

No correlated random effects 36 144.33 0.000 206.12 0.000 141.95 0.000 

Correlated vs. uncorrelated random effects 28 17.78 0.931 140.99 0.000 100.39 0.000 

Situation-specific formulation        

No uncorrelated random effects 8 26.10 0.001 41.92 0.000 55.35 0.000 

No correlated random effects 36 47.17 0.101 68.71 0.001 173.94 0.000 

Correlated vs. uncorrelated random effects 28 21.07 0.822 56.75 0.001 229.43 0.000 

Random effects on the individual level        

Situation-unspecific formulation        

No uncorrelated random effects 8 5.76 0.674 11.73 0.164 80.48 0.000 

No correlated random effects 36 33.58 0.584 39.37 0.322 505.51 0.000 

Correlated vs. uncorrelated random effects 28 27.82 0.474 25.14 0.620 38.57 0.088 

Situation-specific formulation        

No uncorrelated random effects 8 67.17 0.000 64.64 0.000 73.64 0.000 

No correlated random effects 36 120.30 0.000 60.11 0.007 772.39 0.000 

Correlated vs. uncorrelated random effects 28 53.13 0.003 33.45 0.220 55.23 0.002 

Note.  1) N = 4684 (N = 2342 with situation-unspecific item questions and N = 2342 with situation-specific item questions). 
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Table 2-12 presents the comparison of the coefficient estimates of the UTAUT2* 

model between random effects modelled on the situational and on the individual level. The 

results reveal the following pattern. Perceived risk reflects the dominant construct for 

capturing the heterogeneity in the preferences for the different payment methods related to 

the concrete usage situation. On the individual level, when the item questions are tied to 

the usage situations, a slightly more multifaceted pattern of heterogeneity in the individual 

preferences emerges. Now, the heterogeneity is distributed over several factors: hedonic 

motivation, performance expectancy, effort expectancy, facilitating condition and 

behavioural intention. 

 

Table 2-12. Comparison of the coefficient estimates of the UTAUT2* model between random effects on the 
situational and on the individual level. The comparison for both measurement conditions is reported.  

  Situation-unspecific  Situation-specific 

Random coefficient (sd)  Situation level Individual level  Situation level Individual level 

Cash (intercept)  -0.291 ** -0.308 **  -0.596 *** -0.734 *** 

Credit card (intercept)  -0.858 *** -0.868 ***  -0.850 *** -0.894 *** 

Debit card (intercept)  -1.486 *** -1.495 ***  -1.658 *** -1.702 *** 

Performance expectancy  0.087 *** 0.098 **  0.136 *** 0.232 *** 

Effort expectancy  0.145 *** 0.185 ***  0.242 *** 0.375 *** 

Social influence  0.047 ** 0.066 **  0.091 *** 0.126 *** 

Facilitating condition  0.044  0.033   0.011  0.045  

Habit  0.006  0.002   0.085 *** 0.097 *** 

Hedonic motivation  0.030  0.010   0.015  0.102 * 

Perceived risk  -0.022  -0.051 **  -0.048 ** -0.044 * 

Behavioural intention  0.109 *** 0.109 ***  0.115 *** 0.193 *** 

SD Performance expectancy  -0.036  -0.084   -0.010  0.285 ** 

SD Effort expectancy  0.045  -0.143   -0.019  0.241 * 

SD Social influence  0.047 ** -0.031   0.049 *** 0.080  

SD Facilitating condition  0.001  -0.034   0.021  0.206  

SD Habit  0.010  0.002   0.050 ** -0.021  

SD Hedonic motivation  0.076 *** -0.091   -0.019  0.372 *** 

SD Perceived risk  0.128 *** -0.094   0.054 *** 0.105  

SD Behavioural intention  0.062 *** -0.001   0.075 ** 0.205 ** 

Note.  1) N = 4684 (N = 2342 with situation-unspecific item questions and N = 2342 with situation-specific item questions). 

 

Table 2-13 reports the correlation matrix of the random coefficients for the full 

UTAUT2* model with random effects on the situational level and in the condition with 

situation-unspecifically formulated item questions. The data reveal the following 

interesting pattern: perceived risk correlates positively with behavioural intention, 

facilitating condition positively with habit and negatively with hedonic motivation, and 

habit negatively with hedonic motivation. 
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Table 2-13. Correlation matrix of the random coefficients for the full UTAUT2* model with random effects 
modelled on the situational level and in the condition with situation-unspecifically formulated item questions. 

Construct 
Perform. 
expect. 

Effort 
expect. 

Social 
influence 

Facilit. 
Condition 

Habit 
Hedonic 
motiv. 

Perceived 
risk 

Behav. 
intention 

Performance expectancy 1.000 -0.855 -0.512 -0.002 0.051 0.195 0.003 -0.013 

Effort expectancy -0.855 1.000 0.807 0.028 0.244 -0.271 0.000 0.001 

Social influence -0.512 0.807 1.000 0.454 0.626 -0.630 -0.046 -0.035 

Facilitating condition -0.002 0.028 0.454 1.000 0.788 -0.935 -0.431 -0.384 

Habit 0.051 0.244 0.626 0.788 1.000 -0.805 -0.552 -0.537 

Hedonic motivation 0.195 -0.271 -0.630 -0.935 -0.805 1.000 0.511 0.470 

Perceived risk 0.003 0.000 -0.046 -0.431 -0.552 0.511 1.000 0.998 

Behavioural intention -0.013 0.001 -0.035 -0.384 -0.537 0.470 0.998 1.000 

Note.  1) N = 2342 

 

Table 2-14 reports the correlation matrix of the random effects now modelled on the 

individual level and in the condition with situation-specifically formulated item questions. 

Regarding behavioural intention, there is no such dominant factor as beforehand observed. 

After reducing the situation-related variance, a more multifaceted and richer correlation 

pattern emerges. 

 

Table 2-14. Correlation matrix of the random coefficients for the full UTAUT2* model with random effects 
modelled on the individual level and in the condition with situation-specifically formulated item questions. 

Construct 
Perform. 
expect. 

Effort 
expect. 

Social 
influence 

Facilit. 
Condition 

Habit 
Hedonic 
motiv. 

Perceived 
risk 

Behav. 
intention 

Performance expectancy 1.000 -0.148 -0.797 -0.015 -0.729 0.033 -0.674 0.252 

Effort expectancy -0.148 1.000 0.375 0.015 -0.337 0.400 0.386 -0.259 

Social influence -0.797 0.375 1.000 -0.530 0.302 0.172 0.484 -0.395 

Facilitating condition -0.015 0.015 -0.530 1.000 0.303 -0.186 0.232 0.234 

Habit -0.729 -0.337 0.302 0.303 1.000 -0.206 0.482 -0.306 

Hedonic motivation 0.033 0.400 0.172 -0.186 -0.206 1.000 0.627 -0.173 

Perceived risk -0.674 0.386 0.484 0.232 0.482 0.627 1.000 -0.246 

Behavioural intention 0.252 -0.259 -0.395 0.234 -0.306 -0.173 -0.246 1.000 

Note.  1) N = 2342 

 

Table 2-15 shows the factor analysis results for the two correlation matrixes. The 

patterns in the reported factor loadings confirm the correlations observed and stated above. 

In the condition with situation-unspecifically formulated item questions, the situation-

related variance in the intention to use a technology correlates strongly with perceived risk. 

In the condition with situation-specifically formulated item questions, performance 
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expectancy and facilitating condition correlate positively with the individual variation in 

the intention to use a specific payment technology. Effort expectancy, habit and hedonic 

motivation, on the other hand, correlate negatively. In summary, these results reflect 

reasonable patterns. 

 

Table 2-15. Comparison between the factor loading matrixes of factor analysis to the two correlation matrixes 
of the full UTAUT2* model with random effects modelled on the situational level and in the condition with 
situation-unspecifically formulated item questions and modelled on the individual level and in the condition 
with situation-specifically formulated item questions. 

 

Random effects on the situational level in the 
condition with situation-unspecific item 

questions 
 

Random effects on the individual level in the 
condition with situation-specific item questions 

Construct Factor 1 Factor 2 Factor 3 Factor 4  Factor 1 Factor 2 Factor 3 Factor 4 

Performance expectancy -0.032 -0.988 0.004 0.131  -0.964 0.182 -0.005 -0.187 

Effort expectancy 0.032 0.916 0.009 0.395  -0.042 -0.040 0.227 0.970 

Social influence 0.461 0.590 0.081 0.635  0.624 -0.684 0.069 0.369 

Facilitating condition 0.979 -0.024 -0.185 0.051  0.186 0.978 -0.031 0.070 

Habit 0.701 0.000 -0.377 0.556  0.850 0.170 -0.038 -0.295 

Hedonic motivation -0.896 -0.192 0.288 -0.177  -0.102 -0.152 0.965 0.176 

Perceived risk -0.257 0.007 0.965 -0.017  0.663 0.112 0.686 0.271 

Behavioural intention -0.205 0.018 0.976 -0.046  -0.179 0.278 -0.122 -0.230 

Note.   1) N = 2342 

2) A varimax rotation transformation was applied. 

 

 Discussion and conclusion 

In this article, we present a methodological extension of the standard approach in 

technology acceptance research founded mainly on self-report questionnaires completed 

by end-users for data collection and structured equation modelling for data analysis towards 

experimental methods with the capability of conducting stringent hypotheses testing in 

controlled experiments. We reconceptualise the individual decision to use new technology 

as a choice problem with the competing alternatives, i.e. the new technology option and the 

already-familiar technologies, as the corresponding choice set. We then understand the 

different factors in the UTAUT2 framework as attributes in a multi-attribute decision 

problem. Such a reformulation of individual technology acceptance facilitates to capture 

the individual differences in the preferences towards or against a technology alternative as 

an essential source of systematic variance.  

Modelling the use of technology as a choice problem also allows the embedding of the 

technology use into real usage situations and enables, in such a way, the measurement of 
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the influence of specific situational characteristics on the individual decision behaviour. 

Operationalised as experimentally manipulated vignettes within a randomised block design 

facilitates to capture this significant additional source of systematic variance regarding the 

individual choice behaviour. 

We demonstrated the practical applicability of this methodological extensions by 

showing empirically that including of information about the situational context of 

technology use increases reliability and accuracy of the UTAUT2 model in predicting the 

stated intention to use as well as the choice of a specific payment technology in concrete 

payment situations. These results provide strong support for the two stated hypotheses, H1a 

(linking the measurement of the UTAUT2 items to concrete situations increases the 

reliability and accuracy in predicting the intention to use a specific payment technology) 

and H1b (linking the measurement of the UTAUT2 items to concrete situations increases 

the reliability and accuracy in predicting the observed use of specific payment technology). 

Furthermore, these results also indicate that the specific situational usage context of 

technology represents a significant source of systematic variance in the individual 

preferences and decision behaviour concerning the different technology options. Taking 

the adjusted R2
McFadden as an approximative measure for the explained variance in the 

observed choice behaviour, the results show that the impact of the specific characteristics 

of distinct payment situations on the observed choice behaviour lays in a similar order of 

scale as the variance explained by the stated individual intention to use a technology 

alternative as measured through the standard UTAUT2 questionnaire (compare the adjusted 

R2
McFadden = 0.068 in Table 2-9 for the model specification Option ~ Situational context 

features with R2
McFadden = 0.077 for the model specification Option ~ Intention to use, 

equivalent to a factor of 0.88). These results give strong support for the third stated 

hypothesis H2 (the individual variation in technology acceptance and use induced by the 

usage situation is systematic and, thus, predictable). Furthermore, we also showed that 

incorporating random effects into discrete choice models allows one to uncover more facets 

of the variance in the individual preferences regarding the choice of payment technologies. 

Of course, these results are, to some degree, tied to characteristics typical for payment 

technologies. That reflects a weakness of this study in terms of generalisability. However, 

we believe that the empirically measurable influence on the observed choice behaviour 

through differently perceived psychological features of the usage context and situation by 

the individual consumer can be generalized to a broader class of technologies. As an 

example, the criticality of the reliability of technology or how reliable technology is 

believed to be tied to customer privacy represent possible, further candidates for such 

features. In summary, the illumination of the degree of generalizability points to a 

promising direction for future research activities. 

Another limitation of this study in terms of generalisability of the obtained results is 

the restriction to only one specific target group population, Swiss credit cardholders. This 

requires some caution in generalising of the findings to other populations even though the 
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investigated relationship structure is not directly tied neither to a particular technology nor 

to one specific characteristic of a population.   

Furthermore, the results also show that the additional gain in explained variance by 

adding the three constructs, perceived risk, trust in the provider and trust in merchant to 

adapt the UTAUT2 framework model to mobile payment is of minor relevance. Only 

perceived risk shows a significant effect on the observed choice behaviour. On the other 

hand, in the context of the particular study reported here, the three additional constructs 

were very useful for performing manipulation checks (see Table 2-5, above).  

As a proposal for future research activities, we suggest to combine this experimental 

approach with follow-up data: linking data from (pre-launch) online experiments with 

(post-launch) real-world user behaviour data would allow investigating the degree of 

accuracy in predicting real-world consumer behaviour which can be achieved by using 

either observed decision behaviour of pre-launch experiments or stated behavioural 

intention measured through survey questionnaires, or a combination of both. Such research 

results would provide a broad range of practitioners as, e.g., product designers or marketers 

with the evidence of the practical applicability and usefulness of this experimental 

approach. Furthermore, this would also be a beautiful example for linking of theoretical 

research with practical application. 

To summarize, besides of being interesting from an academical perspective, the 

presented experimental approach and the obtained results create value for practitioners: a 

deeper understanding about the concrete situational context a technology will be used first, 

provide valuable insights for working out of recommendations for optimizing the product 

design or for the development of marketing as well as market launch strategies. 
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Appendix 

A. UTAUT2 Model 

 

Figure A-1. UTAUT2 Framework (adapted from Venkatesh, Thong & Xu, 2012, p. 60) 

B. Survey Items 

Table A-1. Item formulation 

  Item Formulation 

Construct Item Situation-unspecific Situation-specific 

Performance 
Expectancy 

PE01 Are the following payment methods useful in 
everyday life? 

Are the following payment methods useful in 
situations like this? 

 PE02 Do the following payment methods make 
paying faster? 

Do the following payment methods make paying 
faster in situations like this? 

 PE03 Can the following payment methods be used in 
a wide variety of different situations? 

Can the following payment methods be used in a 
wide variety of different situations similar to this? 

Effort 
Expectancy 

EE01 How easy is it to pay using one of the following 
payment methods? 

How easy is it to pay using the following payment 
methods in situations like this? 

 EE02 How clear and comprehensible is it to pay using 
the following payment methods? 

How clear and comprehensible is it to pay in 
situations like this using the following payment 
methods? 

 EE03 How quickly can be learned to pay with the 
following payment methods? 

How quickly can be learned to pay with the following 
payment methods in situations like this? 
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  Item Formulation 

Construct Item Situation-unspecific Situation-specific 

Social 
Influence 

SI01 Would people who are important to you, advise 
you to use the following payment methods? 

Would people, who are essential to you, advise you to 
use the following payment methods in situations like 
this? 

 SI02 Would people influence your behaviour 
recommend you using the following payment 
methods? 

Would people influence your behaviour recommend 
you using the following payment methods in 
situations like this? 

 SI03 Would people, whose opinion you value, advise 
you to use the following payment methods? 

Would people, whose opinion you value, advise you 
to use the following payment methods in situations 
like this? 

Facilitating 

Conditions 

FC01 Do you have the necessary financial resources 
to use the following payment methods? 

Do you have the necessary financial resources to use 
the following payment methods in situations like this? 

 FC02 Do you have the technical prerequisites to use 
the following payment methods? 

Do you have the technical prerequisites to use the 
following payment methods in situations like this? 

 FC03 Can you get help from others if you want to use 
the following payment methods? 

Can you get help from others if you want to use the 
following payment methods in situations like this? 

Habit HA01 Is the usage of the following payment methods a 
habit for you? 

Is the usage of the following payment methods in 
situations like this a habit for you? 

 HA02 Is the use of the following payment methods so 
typical for you that, if you could not pay with it, 
something would be missing? 

Is the use of the following payment methods in 
situations like this so regular for you that, if you 
could not pay with it, something would be missing? 

 HA03 Is the use of the following payment methods 
self-evident to you? 

Is the use of the following payment methods in 
situations like this self-evident to you? 

Hedonic 

Motivation 

HM01 Do you enjoy paying by following payment 
methods? 

Does it make fun paying with the following payment 
methods in situations like this? 

 HM02 Do you think it is convenient to pay with the 
following payment methods? 

Do you think it is convenient to pay with the 
following payment methods in situations like this? 

 HM03 Do you find it entertaining paying with the 
following payment methods? 

Do you find it entertaining paying with the following 
payment methods in situations like this? 

Perceived 

Risk 

PR01 Are you worried about being exposed to a 
personal risk by using the following payment 
methods? 

Are you worried about being exposed to a personal 
risk by using the following payment methods in 
situations like this? 

 PR02 Are you concerned about the necessary security 
regarding the usage of the following payment 
methods? 

Are you concerned about the necessary security 
regarding the usage of the following payment 
methods in situations like this? 

 PR03 Are you worried that your finances are at risk 
when using the following payment methods? 

Are you worried that your finances are at risk when 
using the following payment methods in situations 
like this? 

Trust in 

Provider 

TP01 Do you believe that your bank and credit card 
company keep their promises? 

Do you believe that your bank and credit card 
company keep their promises in situations like this? 

 TP02 Do you believe that your bank and credit card 
company take your interest as a customer into 
account? 

Do you believe that your bank and credit card 
company take your interest as a customer into 
account in situations like this? 

 TP03 Do you believe your bank and credit card 
company are trustworthy? 

Do you believe that your bank and credit card 
company are trustworthy in situations like this? 

Trust in 

Merchant 

TM01 Do you believe that the merchant where you are 
paying for something is keeping its promises? 

Do you believe that the merchant where you are 
paying for something is keeping its promises in 
situations like this? 

 TM02 Do you believe that the merchant where you are 
paying for something takes your interest as a 
customer into account? 

Do you believe that the merchant where you are 
paying for something takes your interest as a 
customer into account in situations like this? 

 TM03 Do you believe that the merchant you are 
paying for something is trustworthy? 

Do you believe that the merchant where you are 
paying for something is trustworthy in situations like 
this? 

Behavioural 

Intention 

BI01 Do you intend to use the following payment 
methods in your daily life? 

Do you intend to use the following payment methods 
in situations like this? 

 BI02 Do you intend to use the following payment 
methods in various situations? 

Do you intend to use the following payment methods 
in various similar situations like this? 

 BI03 Do you intend to use the following payment 
methods regularly? 

Do you intend to use the following payment methods 
regularly in situations like this? 
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C. Accuracy in the prediction of choice behaviour – extended data analysis 

As an extension to section 2.4.4, we tested for statistically significant differences 

between the situation-independently responded UTAUT2 item questionnaire and the 

experimentally stated situation-dependent choice preferences utilizing the observed choice 

behaviour. For this purpose, we fitted a sequence of models to the data pooled across all 

four payment situations but restricted to the measurement condition of situation-

unspecifically formulated item questions. We defined the null model – the simplest possible 

model (intercepts only) – as the baseline. Then we extended this baseline model step by 

step by including variables of the UTAUT2 model, of its adapted version UTAUT2*, and 

the situational context consecutively. Table A-2 shows the computed model fit statistics, 

the McFadden R2, its adjusted version, Log-Likelihood, and the Bayesian information 

criterion BIC.  

 

Table A-2. Comparison of the fit statistics of the distinct models fitted to the data pooled across all four 
presented payment situations and collected in the measurement condition of situation-unspecifically 
formulated item questions.  

Model NCoeff R
2
McFadden Adj. R2

McFadden Log L BIC 

Null model (baseline) 3 0.000 0.000 -11617 23261 

Option ~ BI(MP) 6 0.061 0.060 -10915 21884 

Option ~ BI 4 0.076 0.076 -10732 21501 

Option ~ context 12 0.087 0.087 -10601 21313 

Option ~ BI(MP) + context 15 0.150 0.148 -9881 19898 

Option ~ BI + context 13 0.168 0.167 -9667 19454 

Option ~ UTAUT2(MP) 24 0.069 0.067 -10818 21855 

Option ~ UTAUT2*(MP) 33 0.071 0.068 -10795 21891 

Option ~ UTAUT2 10 0.090 0.089 -10577 21245 

Option ~ UTAUT2* 17 0.092 0.091 -10545 21246 

Option ~ UTAUT2(MP) + context 33 0.158 0.156 -9780 19862 

Option ~ UTAUT2*(MP) + context 42 0.160 0.157 -9756 19895 

Option ~ UTAUT2 + context 19 0.182 0.181 -9502 19178 

Option ~ UTAUT2* + context 26 0.185 0.183 -9469 19177 

Note.  1) N = 9368. 

2) BI denotes behavioural intention; (MP) denotes the UTAUT2 constructs measured for mobile payment; context denotes the 
inclusion of the three situation variables familiarity, perceived threat, and perceived financial risk. 

 

The analysis results revealed that models with the situational context included show a 

significant higher prediction accuracy in comparison to the corresponding model without 

contextual information. For example, the model with the specification Option ~ UTAUT2 

+ context versus the model with the specification Option ~ UTAUT2 shows a significant 

improvement in the adjusted R2
McFadden = 0.180 versus 0.089 with ΔBIC = 2057 and 
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Likelihood ratio test with χ2 (9, N = 9368) = 2148.6, p < .001. These results give additional 

support for hypothesis H2: the individual variation in technology acceptance and use 

induced by the usage situation is systematic and, thus, predictable. Further, the comparison 

of the adjusted R2
McFadden between the two model specifications, Option ~ context and 

Option ~ UTAUT2, confirms that the impact of the perceived characteristics of a specific 

payment situation on the observed choice behaviour lays in a similar order of scale as usage 

predictions based on the stated individual intention to use the different technology 

alternatives. 

Furthermore, we tested for model specifications restricted to the UTAUT2 item 

measurements for the new technology only, mimicking a research study with a 

questionnaire restricted to the new technology of interest. We labelled this model 

specifications by (MP) for mobile payment. A comparison with models based on the 

UTAUT2 items measured for all payment technology alternatives separately allows us to 

estimate differences in predictive accuracy controlled by the variance in the individual 

preferences regarding the different technologies. As an illustration, the comparison 

between the fit statistics of the two discrete choice models, the model specification Option 

~ UTAUT2, fitted to the UTAUT2 item measures captured for all three choice alternatives, 

and the model specification Option ~ UTAUT2(MP), fitted to the UTAUT2 items restricted 

to mobile payment, shows a significant increase in predictive accuracy: Adj. R2
McFadden = 

0.089 versus 0.067; ΔBIC = 607; Likelihood ratio test with χ2 (14, N = 9368) = 482.49, p 

< .001. 
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Abstract 

A profound understanding of the dynamic characteristics of the adoption process of 

innovation in consumer markets is of great managerial importance in terms of making fact-

based decisions to ensure a successful market launch of new products or services. A key 

competence is thereby the ability to simulate, study and forecast realistic market response 

dynamics to a new product or service being used to optimise the product launch and 

marketing strategy or to define and take corrective, fact-based measures during market 

launch.  

This article presents an empirically grounded agent-based modelling approach built on 

the well-known micro-level technology adoption model UTAUT2 (Venkatesh et al., 2012) 

be used as a toolbox for the simulation and study of the dynamics of innovation diffusion 

processes. We demonstrate the capability of this approach by simulating a real-world 

adoption process: the two-sided market problem of the adoption of NFC-based contactless 
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payment technology by consumers in the Swiss credit card market. We validate the 

corresponding agent-based model by calibrating it with real-world credit card transaction 

data and simulating and reconstructing real-world adoption curves for a set of randomly 

selected geographical regions in Switzerland. The obtained simulation results are very 

satisfactory and create support that this approach represents a promising research direction 

in developing modelling techniques for simulating, studying, and forecasting the dynamics 

of adoption processes based on empirically founded parameter assumptions.  

In our opinion, these are remarkable results because there are only a few articles in the 

adoption process modelling literature about modelling techniques for simulating, studying 

and forecasting the dynamics of adoption processes of consumer technologies based on 

empirically founded parameter assumptions. Furthermore, the proposed approach 

addresses a weakness found in most of the research work on agent-based models explicitly 

developed for studying innovation diffusion regarding the lack of a rigorous validation of 

the model at the micro-level (Zhang & Vorobeychik, 2017). Finally, the out-of-sample 

validation approach we used in this study can be regarded as a further contribution of this 

paper to the information system literature. 
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 Introduction 

A profound understanding of the dynamic characteristics of the adoption process of 

innovation1 in consumer markets is of great managerial importance in terms of making fact-

based decisions to ensure a successful market launch of new products or services. One of 

the key competences is thereby the ability to simulate, study and forecast the market 

response dynamics to innovation. A deeper understanding of this response dynamics helps, 

for example, to optimise the product launch and marketing strategy before market launch 

or to define and take corrective, fact-based measures when the observed adoption rate 

deviates from the forecasted one. 

With the goal of this research study in mind, the rich research work and literature on 

modelling innovation adoption processes can, concerning the modelling level, be roughly 

classified into two categories, macro- and micro-level. On the macro-level, adoption 

models describe innovation adoption usually as a phenomenological process. Consumers 

or, more generally speaking, decision-makers are modelled as homogeneous decision 

agents or as homogenous consumer segments. Any complexity and variation of the 

individual decision processes are averaged out. The advantage of such a phenomenological 

description is that the dynamic characteristics of the adoption process can be summarised 

and formulated as a mathematical equation with a relatively small number of free 

parameters. The corresponding model validation is straightforward by fitting the model to 

aggregated real-world market data and estimating the free parameters. The Bass diffusion 

differential equation developed by Bass (1969) is a well-known classic example reflecting 

such a phenomenological description of the adoption process. Regarding their ability to 

simulate and forecast market responses, purely phenomenological models such as the Bass 

diffusion equation have some limitations. The corresponding fitting problem is ill-

conditioned before the adoption process has reached the saturation point (see Srinivasan 

and Mason (1986), Chandrasekaran and Tellis (2007) for an in-depth discussion on this 

topic for the Bass diffusion equation). That means that the estimation of model parameters 

on real-world market data with sufficient accuracy for forecasting is only possible ex-post. 

Additionally, simulations based on phenomenological models also suffer often from rather 

ad-hoc than empirically founded assumptions for the values of the model parameters (see, 

e.g., Frenzel & Grupp (2009) for a review of diffusion models to forecast market success 

or Massiani & Gohs (2015) for a discussion on the choice of Bass model coefficients to 

forecast diffusion for innovative products). 

On the micro-level, on the other hand, models try to describe the innovation adoption 

process on the level of the individual decision-maker. The Unified Theory of Acceptance 

 

1 We use in this article the term innovation synonymically for new ideas, new technologies, and new 

products. 
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and Use of Technology (UTAUT2) developed by Venkatesh et al. (2003, 2012) represents 

a well-known example of the micro-level modelling approach. UTAUT2 provides a 

framework to identify relevant psychological factors driving the acceptance or rejection of 

new consumer technology. This kind of cognitive decision models is, in general, 

operationalised through a questionnaire survey in a cross-sectional or longitudinal study 

setting with a limited number of repeated measurements and, thus, reflecting a more static 

view on a running adoption process not providing direct insights on its dynamic 

characteristics.  

This study aims to build a bridge between the rich detail structure of the empirically 

well tested micro-level adoption models with agent-based modelling techniques (ABM). 

ABM represents a flexible toolset that supports the incorporation and modelling of the 

heterogeneity of the individual micro-level decision process and interactions between 

agents and between agents and the environment (see Macal (2016) for an overview of 

agent-based modelling). In our opinion, combining these two modelling approaches 

constitutes a promising base for constructing flexible tools for scenario analyses, 

forecasting or the study of specific aspects of the adoption dynamic. 

The application of ABM to model innovation diffusion is not new. Kiesling et al. 

(2012) and Zhang & Vorobeychik (2017) provides comprehensive reviews of agent-based 

models explicitly developed for studying innovation diffusion. As Zhang & Vorobeychik 

(2017) also emphasize, a trend to use empirically grounded agent-based models, allowing 

modelling and predicting the behaviour of complex real-world systems, has emerged. On 

the other hand, according to Zhang & Vorobeychik (2017), the lack of a rigorous validation 

of the models at the micro-level constitutes weakness found in most of the research work. 

In this study, we address this gap by taking an empirically validated micro-level adoption 

model as the core building block for modelling the cognitive decision process and by 

validating the agent-based model with individual-level real-world behaviour data.  

We operationalize this approach by using the launch of contactless payment 

technology in the Swiss credit card market as the concrete real-world market response 

scenario. The UTAUT2 framework (Venkatesh et al., 2012) constitutes the core building 

block for modelling the cognitive decision process of the cardholders. We use thereby 

survey data collected in the context of a study on the acceptance of NFC-based mobile 

payment solutions (Bucheli & Scholder, in preparation) for model design decisions. 

Furthermore, we hypothesise that continuous advertising information due to promotion 

activities conducted by the technology providers boosted by casual observations of the 

payment behaviour of other consumers at the POS (point of sales) constitute the primary 

sources of information flow triggering the updating of the individual preferences towards 

this new technology. The adoption behaviour on the merchant side is modelled as a 

dynamic environment. The structure of the underlying information flow network is 

reconstructed with the help of real-world credit card transaction data of the Swiss credit 

card market. We demonstrate the accuracy of this modelling approach through an out-of-
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sample validation by simulating the observed, aggregated real-world adoption curve for a 

set of randomly selected geographical regions in Switzerland. The obtained simulation 

results are very satisfactory and create support that this modelling approach represents a 

promising research direction to fill the identified gap. In our opinion, these are remarkable 

results because there are only a few articles in the adoption process modelling literature 

about modelling techniques for simulating, studying and forecasting the dynamics of 

adoption processes of consumer technologies based on empirically founded parameter 

assumptions. 

The document is structured as follows: Section 3.2 provides a brief overview of the 

relevant theories our modelling approach is based on as well as a discussion about their 

strengths and weaknesses concerning their usability for predicting adoption curves. 

Besides, we outline our reasoning supporting the assumption that the continuous reception 

of advertising information boosted by imitation effect triggered through casual consumer 

interactions at the POS defines the primary mechanisms for driving the acceptance of 

contactless payment technology by consumers. We then formulate corresponding 

hypotheses. Section 3.3 outlines the construction of the agent-based model in detail. Section 

3.4 presents and discusses the simulation results, including the comparison to real-world 

empirical data. Section 3.5 contains the conclusions drawn from the simulation results, 

hints for promising future research activities, and the closing remarks. 

 Theory and hypotheses development  

3.2.1 Diffusion of innovation 

The adoption or rejection of innovation by consumers can be understood as a diffusion 

process (Rogers, 1962, 1995, 2010). According to Rogers’ diffusion of innovation theory 

(1962, 1995, 2010), the individual decision to adopt or reject an innovation is not 

spontaneous, but should be understood as controlled by a social process which takes time 

and consists of several phases: 

1. Knowledge phase: Building awareness through the collection of information about 

the innovation 

2. Persuasion phase: Increasing or decreasing of willing-to-try-out the innovation 

3. Decision phase: Making the individual decision whether to try out the innovation 

or not 

4. Implementation phase: The trying-out phase of the innovation 
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5. Confirmation phase: Making the final decision whether to adopt or reject the 

innovation based on the experience. 

 

Rogers suggests five characteristics of an innovation that determine the adoption rate: 

relative advantage, compatibility, complexity, trialability and observability. Furthermore, 

he also divides the individuals into five distinct adopter categories or personalities 

reflecting their willingness and pace in terms of testing and adopting innovations: 

innovators, early adopters, early majority, late majority and laggards. According to Rogers, 

the adopter categories follow approximatively a normal distribution with boundaries at 

±1(2) standard deviations. 

Besides, much attention has been paid to information flow triggered through social 

relationships as a driving force of the diffusion of innovation in contrast with, or 

complementary to, pure economic considerations by an individual. Starting with the early 

groundwork by Ryan and Gross (1943), extensive research has been performed on how 

social network structure, group norm, opinion leadership, weak ties and critical mass 

influence diffusion of innovations (Valente and Rogers 1995; Valente 1996). 

3.2.2 Macro-level modelling 

On the macro level, the individual adoption or rejection of innovation is aggregated 

into a phenomenological description of the market behaviour. The dynamic characteristics 

of the adoption process are captured in time series models as, for example, adoption- or 

lifecycle models, or the diffusion process is formulated as a differential equation and 

studied using an appropriate mathematical toolset. The well-known, classical Bass 

diffusion equation developed by Bass (1969) represents such a typical member of the class 

of phenomenological models (see also Mahajan et al., 1990, for a review of the Bass 

equation research). In this model, the complexity of the decision process of the individual 

consumers, as well as the information flow among consumers, is fully averaged out. The 

most simple formulation of the Bass diffusion equation describes a model with three free 

parameters: coefficient of innovation p, capturing external influence factors such as 

advertising activities; coefficient of imitation q, capturing internal influence factors and 

effects as, for example, imitation effects which are driven by social learning, social 

pressure, or social influences by family members, friends, colleagues at work, or more 

generally by word-of-mouth information flow processes; and, finally, market potential M, 

defining the number of ultimate adopters. The corresponding differential equation can be 

written in a hazard-like functional form:  𝑓(𝑡)1 − 𝐹(𝑡) = 𝑝 + 𝑞𝐹(𝑡) (3.1) 
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The term on the right side describes how likely it is that a consumer who has not yet 

adopted by time t does adopt in the time interval [t, t + dt] (dt → 0). F(t) thereby denotes 

the cumulative distribution function and 𝑓(𝑡) =  𝑑𝐹(𝑡) 𝑑𝑡⁄  denotes the corresponding 

probability density function. Multiplying both sides with the number of consumers M of 

the potential market gives the aggregated net flow of consumers between the two states 

non-adopted and adopted. By choosing appropriate parameter values for p, q and M, 

M×F(t) describes the s-shaped cumulative adoption curve A(t) typically observed in real-

world adoption processes.  

We tested the accuracy of the Bass equation for our subject of study, the market launch 

of the NFC-based contactless payment method in the Swiss credit card market2. We first 

calculated the observed empirical adoption curves for the two players merchants and 

consumers regarding the contactless payment method. These two curves define the 

reference adoption curves. The state transition from non-adopted to adopted of a cardholder 

or merchant is thereby defined by the observation of at least Nobs credit card transactions 

initiated and authorised by contactless payment method (Nobs = 3 for cardholders and Nobs 

= 5 for merchants). In a second step, we estimated the four parameters p, q, m (for 

convenience, we replaced the size of the potential market M by its share m = M/N of the 

total market N) and the take-off timepoint ttake-off by solving the optimisation problem of 

fitting the closed-form solution of the Bass differential equation (3.2) to the real-world 

adoption curves with the objective function to maximise the similarity between the two 

curves.  

𝐹(𝑡) = 1 −  𝑒−(𝑝+𝑞)∙𝑡1 + 𝑞𝑝 ∙ 𝑒−(𝑝+𝑞)∙𝑡 (3.2)
 

To solve this optimisation problem, we implemented an adaptive search strategy3 in 

the parameter space spanned by p, q, m and the take-off timepoint ttake-off with the root-

mean-square error (RMSE) as the similarity measure. Figure 3-1 shows the comparison 

between the observed empirical adoption curve and the fitted s-shaped cumulative adoption 

trajectory of the Bass diffusion model. 

 

 

2 The empirical data analysis was performed on credit card transaction data of the private customer 

portfolio of Viseca Card Services SA (a Swiss Credit Card Issuer with a market share of around 25 percent). 

3 The adaptive optimization algorithm was implemented as a SAS program written in the SAS 9.4 

environment. 
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Figure 3-1. Accuracy of the Bass equation for the market launch of the NFC-based contactless payment 

method in the Swiss credit card market. The figure shows the comparison between the observed empirical 

adoption curve and the fitted s-shaped cumulative adoption trajectory of the Bass diffusion model for the 

adoption process of contactless payment technology in the Swiss credit card market; the technology 

acceptance is thereby defined by the observation of at least three credit card transactions initiated and 

authorised through the contactless payment method on the cardholder side and at least five credit card 

transactions on merchant side. NCDH ~ 1,0 million cardholders, pCDH = .00099, qCDH = .0540, mCDH = .9250; 

NPOS ~ .15 million POS, pPOS = .00032, qPOS = .0710, mPOS = 1.0. 

 

The accuracy of the Bass equation for our subject of study is quite astonishing. 

Furthermore, the results imply that the model parameters are constant over time, and thus 

a continuous, time-independent mechanism seems to drive the diffusion process. The real-

world data also suggest that the potential market m for the adoption on the consumer side 

lies below its maximal value (mCDH ~ .9250).  

Regarding the capability to forecast the market share, the Bass equation has a 

weakness: the fitting problem is ill-conditioned before the adoption process has reached the 

saturation point4. That means that for a specific real-world problem, the three parameters 

p, q and m can only be estimated with sufficient accuracy on real-market data ex-post. This 

substantial restriction limits the practical use of this equation-based method for forecasting 

the success rate of a product on the market ex-ante. 

In summary, a phenomenological description of the innovation adoption process as 

illustrated by the presented Bass diffusion model is capable of capturing the shape of the 

adoption curve by estimating a small number of model parameters and, in such a way, of 

describing the dynamics of the adoption process. On the other hand, in addition to the 

weakness of being ill-conditioned in an early stage of an adoption process, simulations based 

on phenomenological models also suffer often from rather ad-hoc than empirically founded 

assumptions for the values of the model parameters (see, e.g., Frenzel & Grupp (2009) for a 

 

4 A reliable estimation of the two parameters p and q requires data at both turning points, the take-off 

prior to growth and the slowdown prior to maturity; see, for example, Srinivasan and Mason (1986), 

Chandrasekaran and Tellis (2007) for an in-depth discussion on this topic. 
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review of diffusion models to forecast market success or Massiani & Gohs (2015) for a 

discussion on the choice of Bass model coefficients to forecast diffusion for innovative 

products). Finally, a phenomenological description does also not reveal direct insights, 

neither into the detailed structure nor the driving factors of the individual decision 

processes. 

3.2.3 Micro-level modelling 

Modelling on the micro-level allows capturing and modelling the heterogeneity in the 

individual decision behaviour of the consumers. In this article, we focus on the well-known 

and extensively tested Unified Theory of Acceptance and Use of Technology (UTAUT2) 

developed by Venkatesh et al. (2012) as our conceptual framework for modelling the 

consumer’s cognitive decision process. This framework provides a broadly accepted, 

standardised template for assessing technology acceptance among consumers. According 

to Venkatesh et al. (2012), the main influence factors in controlling the behavioural 

intention to use new technology can be summarized into seven psychological constructs: 

performance expectancy, effort expectancy, social influence, facilitating conditions, 

hedonic motivation, price value, and habit. Typically, the UTAUT2 framework is applied 

to a specific technology with only minor contextual adjustments (see the appendix for a 

brief description of the UTAUT2 model). 

Concerning our subject of study, Bucheli and Scholderer used the UTAUT2 

framework with only small adjustments in their research work on the acceptance of NFC5-

based mobile payment solutions6 in the Swiss market (Bucheli and Scholderer, under 

review)7. For their study, Bucheli and Scholderer reformulated the acceptance of a new 

payment method as a choice problem with the different payment methods available to the 

consumers (cash, debit or credit card, mobile payment) as the corresponding choice set. 

 

5 Near-field communication is a technology standard containing a set of contactless communication 

protocols that enable two electronic devices, one of which is usually a portable device such as a smartphone, 

to establish communication by bringing them within 4 cm (1.6 in) of each other (for more details, see, e.g., 

the website of the NFC forum). 

6 Mobile payment solutions in general extend mobile devices with payment functionalities to provide 

users with the ability to initiate, authorize, and complete financial transactions over mobile networks or with 

wireless communication technologies (e.g., see Srivastava, Chandra & Theng, 2010; Lu, Yang, Chau & Cao, 

2011). From a technological perspective, NFC-based mobile payment solutions use the same near-field 

communication technology (NFC) as the NFC-based contactless payment capability of classical chip-based 

credit card plastics. 

7 Bucheli and Scholderer study the dependency of technology acceptance on the concrete situational 

usage context and show empirically that including the context in the model can lead to significantly higher 

accuracy in predicting whether consumers accept new technology or not. 
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Reformulated in such a way, one can understand the different factors in the UTAUT2 

framework as different attributes in a multi-attribute decision problem. We used this 

methodological extension of technology acceptance research and the corresponding survey 

results in designing the agent-based model presented in this article.  

In summary, micro-level research methodology as represented in this article by the 

UTAUT2 framework is capable of capturing the individual heterogeneity in decision 

making to accept or reject new technology and revealing valuable insights into the 

understanding of consumer behaviour. On the other hand, this kind of cognitive decision 

models is, in general, operationalised through a questionnaire survey in a cross-sectional or 

longitudinal study setting with a limited number of repeated measurements and, thus, reflecting 

a more static view on a running adoption process not providing direct insights on its dynamic 

characteristics.  

3.2.4 Information diffusion 

As Rogers worked out in his diffusion of innovation theory (Rogers 1962, 1995, 2010), 

the individual decision to adopt or reject an innovation is not a spontaneous decision but 

should be understood as controlled by a social process. In this section, we focus on a 

suitable theoretical framework for modelling this social learning process as information 

flow among consumers and between consumers and the environment. 

Triggered through an increasing number of online social networks in combination with 

progress in the field of machine learning, a new research field, information diffusion, has 

emerged. Information diffusion focuses on modelling and predicting how information 

propagates across social networks (see, for example, Bonchi et al. 2011; Guille et al. 2013; 

Shakarian et al. 2015). We take the basic idea of information flow across a network from 

this research field to guide our reasoning on modelling the social process for our research 

purpose. As outlined by Zhang & Vorobeychik (2017) in their review article, the two most 

common models in information diffusion are Independent Cascades (IC) (Goldenberg et 

al. 2001) and Linear Threshold (LT) models (Granovetter 1978). In both model classes, the 

diffusion process starts with some spontaneous or early adopters. In the IC model, there is 

a direct influence of one adopter on the adoption behaviour of its direct neighbour. In the 

LT model, on the other hand, the adoption behaviour of an agent is controlled by the 

collective behaviour of the nearest neighbour, and the adoption is triggered by reaching a 

threshold value. In the IC model, there is the additional constraint that a new adopter has 

only one chance to convince its neighbours. 

We adapt this information flow mechanism to our subject of study as follows. From a 

consumer’s perspective, the different payment methods seem to belong to a class of rather 

low-involvement technologies, and the choice of the payment method at the POS is 
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dominated by habitual behaviour8,9. A regression analysis of the survey data collected by 

Bucheli & Scholderer for their UTAUT2 study (Bucheli & Scholderer, under review) 

reveals that the construct habit indeed explains up to 59.6% of the variance in behavioural 

intention to use a specific payment method (cash = .584, card = .596, mobile payment = 

.480). Linking the UTAUT2 item questionnaire to concrete payment situations increases 

the explained percentage up to 71.1% (cash = .602, card = .711, mobile payment = .475). 

The regression analysis of the UTAUT2 survey data also reveals that the construct hedonic 

motivation defines the most relevant factor for explaining the variance in behavioural 

intention to use mobile payment technology. Hedonic motivation explains up to 60.6% of 

the variance in behavioural intention to use mobile payment in comparison to 36.0% for 

cash or 27.5% for the card payment method. Linking the item questionnaire to concrete 

payment situations increases the explained percentage up to 68.3% (cash = 46.9%, card = 

54.0%). The complete report of the regression analysis is included in the appendix. 

These results imply that paying by the NFC-based mobile payment method seems to 

be perceived as more convenient than paying by a classical payment method. By arguing 

that both NFC-based payment methods, card-based contactless and mobile payment, share 

the same underlying NFC technology and, thus, also the same characteristics in terms of 

perceived speed and convenience, these results can to some extent be generalised to our 

contactless case. This similarity from a consumer’s perspective allows us to interpret the 

two payment methods as close substitutes. Association analysis of the survey data collected 

by Bucheli and Scholderer for their UTAUT2 study (Bucheli & Scholderer, under review) 

shows a significant association between the observed real-world usage of contactless 

payment method and the stated prior experience in mobile payment, χ2 (9, N = 4684) = 

116.6, p < .001, or the observed choice behaviour in the survey, χ2 (12, N = 4684) = 55.0, 

p < .001 and, thus, gives support to this interpretation. The full report of the association 

analysis is included in the appendix. 

We now hypothesise that the effect of a continuous stream of advertising information 

related to the new payment method is capable of breaking up the habitual behaviour. 

Besides, we believe that an imitation effect triggered by observing other consumers at the 

POS when they pay by contactless, and, thus, becoming aware of this much faster and more 

convenient way of paying, boosts the breaking up of the habitual behaviour. This imitation 

effect defines a second mechanism of information flow in the context of the adoption of 

 

8  Low involvement in a product from the consumer side also substantially reduces the effectiveness of 

direct marketing activities or word-of-mouth information flow through a social network; in other words, we 

cannot assume “that consumers are talking about their preferred payment method(s) with friends.” 

9 An additional argument for habitual behaviour being the dominant force exists: some press coverage 

suggested that payment methods using NFC technology may be risky in terms of fraudulent data misuse as, 

e.g., by reading out of card or mobile data (see Khalilzadeh et al., 2015; Cocosila and Trabelsi, 2016). Such 

perception of risk related to the use of new technology requires building up trust before testing it. 
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contactless payment method. We believe that this kind of casual POS-induced information 

flow enforces a positive learning effect mediated through the construct hedonic motivation 

and, thus, feeds the social learning process.  

In summary, the habitual shopping behaviour, together with continuous advertising 

and random contacts at a POS, defines a POS-induced virtual social network as the carrier 

of the information flow controlling the adoption and usage of contactless payment 

technology. The topology and the characteristics of this virtual social network can, 

therefore, be deduced from analysing real-world credit card transaction data.  

3.2.5 Agent-based modelling 

Agent-based models define a class of simulation models that are capable of capturing 

the dynamic interactions among a collection of individuals, also denoted as agents, or 

between individuals and an environment (see Macal, 2016, for an overview article). 

Originally, agent-based modelling techniques were developed as a tool for studying 

complex systems (Holland, 1995; Lewin, 1999). A key concept in the research of complex 

systems is emergence, i.e., the observation of higher-order behaviour or patterns of a system 

generated by simple lower-order interaction rules of its components which do not show this 

higher-order behaviour itself. In other words, it is the observation of macro-scale system 

properties from the interactions of micro-scale subsystems. 

Over the past decades, agent-based modelling techniques have gained substantial 

popularity in many scientific fields and have already been used successfully for research 

on innovation diffusion (see Macal (2016) for a general overview; Epstein and Axtell 

(1997) for an overview of the use of agent-based models in social science; Kiesling et al. 

(2012) or Zhang & Vorobeychik (2017) for an overview of the application of ABM to 

innovation diffusion). In the context of innovation diffusion, agent-based models represent 

a population of objects, implemented in a simulation environment, where each object 

mimics the stylized behaviour of an economic agent. Each agent has properties reflecting 

preferences, attitudes or other agent-individual characteristics, and methods for learning by 

interacting with other objects or with the environment and for reaching a decision together 

with initiating corresponding actions. The possible forms of information flow between 

objects and interaction between objects can be restricted to a specific network topology that 

mimics proximity between the economic agents, roles in the interaction or processing 

(financial) transactions, embedding in a social environment, and so on.  

Besides, a trend concerning the increasing use of empirically grounded agent-based 

models has emerged, allowing modelling and predicting the behaviour of complex real-

world systems (Zhang & Vorobeychik, 2017). Empirically grounded means that empirical 

data is used to make model design decisions, to parameterise, initialise, and calibrate agent-

based models, and, also, to evaluate the validity and accuracy of a model. In the context of 

innovation diffusion, Zhang and Vorobeychik (2017) provide a comprehensive review of 
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empirically grounded agent-based models explicitly developed for studying innovation 

diffusion. In their review work, Zhang and Vorobeychik propose to split the agent-based 

models into six classes based on the modelling of the individual agent decision processes: 

mathematical optimization-based models, economics-based models, cognitive agent 

models, heuristic models, statistics-based models, and social influence models. 

For modelling our subject of study, the adoption of contactless payment technology, 

we focus primarily on the class of cognitive agent models. For example, pure economics-

based models elaborate economic aspects of the decision process as, e.g., the maximisation 

of utility and integrate simple threshold effects. Cognitive agent models, on the other hand, 

aim to explicitly model how individuals affect one another in cognitive and psychological 

terms such as opinion, attitude, subjective norm and emotion. The ABM class of cognitive 

agent models also encompasses models based on the Theory of Planned Behavior (TPB; 

Ajzen, 1991), which, to some extent, defines a building block of the theoretical foundation 

of the UTAUT2 model. 

Zhang and Vorobeychik (2017) list in their review several research projects using 

agent-based models based on the TPB (e.g., see Kaufmann et al., 2009; Schwarz & Ernst, 

2009)10. All these research projects follow a typical pattern of data usage: survey data is 

used primarily to calibrate the weights of the TPB attributes attitude, subjective norms, and 

perceived behavioural control contributing toward the intention and, also, to calibrate the 

threshold at which the agent will adopt. The validation of the model was, in most cases, 

performed by means of additional data as, e.g., market research data not used for model 

calibration.  

A weakness found in most of this research work is, according to Zhang and 

Vorobeychik, the lack of a rigorous validation of the model at the micro-level. A 

contribution of this paper is to provide such an out-of-sample validation at the micro-level. 

To summarise, empirically grounded agent-based models offer two advantages in 

comparison to pure phenomenological models concerning the innovation adoption 

research: Firstly, they facilitate the modelling of agent heterogeneity, and secondly, they 

enable fine-grained modelling of interactions and social learning mediated by social 

networks.  

3.2.6 Hypotheses 

We now summarise our previously outlined reasoning. We believe that, in the context 

of the acceptance of the contactless payment method, the combination of perceiving and 

processing continuous flow of advertising information together with the casual observation 

 

10 Concerning our research approach and to the best of our knowledge, there is no published research 

article which uses the UTAUT2 framework in the context of agent-based modelling. 
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of the payment behaviour of other consumers at the POS triggers and drives a continuous 

increase in the behavioural intention to try out the contactless payment method. This 

process of awareness building is capable of breaking up the habitual behaviour when 

reaching an individual threshold level. Thus, we hypothesise 

• H1: Continuous learning about the new payment method through consumer 

information and advertising leads to an increase in the individual level of intention to 

try out the technology. This learning mechanism is capable of breaking up the habitual 

behaviour when reaching an individual threshold of intention. 

• H2: Observation of the payment behaviour of other consumers at the POS defines a 

peer effect capable of boosting the individual learning process. 

 

The agent-based model proposed in the next section will capture both information flow 

mechanisms, advertising and peer observation, as channels for influencing adoption 

behaviour. Furthermore, by applying agent-based modelling, we aim to calibrate a model 

that can reproduce observed and measurable macro-level market behaviour through 

simulations based on micro-level principles. The out-of-sample fit of this model will 

provide evidence for the validity of the used micro-level mechanism. 

 Model 

A well-designed agent-based model should capture an adequate level of the 

complexity of the real-world system to reproduce its behaviour as accurately as possible 

while keeping the number of free parameters as small as possible to guarantee good 

generalizability (see Garcia and Jager (2011) or Zhang and Vorobeychik (2017) for an in-

depth discussion on this topic). This parsimony principle guides our systematic and 

reasoned simplification of the cognitive decision model that serves as a point of departure 

for the model design process described in the following.  

3.3.1 Real-world system 

The diffusion of NFC-based contactless payment technology defines a two-sided 

market problem. Figure 3-2 shows a simplified representation of this real-world system 

used for modelling the adoption process.  
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Figure 3-2. Simplified representation of the real-world system to be modelled. The consumers 1 & 2 (or the 

consumers 2 & 3) are linked together in the POS-induced network through purchases at the same POS 1 (2). 

Purchases at the same POS create some chance to exchange information about the payment behaviour. 

 

Consumers (cardholders) and POS (point of sales) define the two agent classes relevant 

to our research question. The three additional actors required for processing payment card 

transactions, i.e., card issuer, acquirer, and the card schemes, are modelled as hidden agents 

responsible for running the required infrastructure and, besides, providing the continuous 

flow of advertising information. The POS-induced information flow network is constructed 

as follows: The two consumers 1 and 2 (or the consumers 2 and 3) are linked together 

through purchases at the same POS 1 (2). Further, the two POS 1 and 2 are linked together 

through the shared consumer 2. Purchases at the same POS create some chance to exchange 

information between consumers about their payment behaviour. 

3.3.2 Cognitive decision model 

The UTAUT2 model defines our theoretical foundation for designing the cognitive 

decision model of a consumer. For the adaptation of the UTAUT2 framework to our ABM 

model, we use the research results of Bucheli and Scholderer (under review). According to 

their research, the two constructs habit and hedonic motivation define the two dominant 

factors for predicting the intention to use mobile payment technology. Guided by the 
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parsimony principle, we simplify the UTAUT2-based cognitive decision model to the 

following equation 𝐵𝐼𝑖,𝑘 = 𝛼𝐻𝐴,𝑘 ∙ 𝐻𝐴𝑖,𝑘 + 𝛼𝐻𝑀,𝑘 ∙ 𝐻𝑀𝑖,𝑘 (3.3) 

with the decision rule that consumer i prefers payment method k when it solves 

𝑎𝑟𝑔 𝑚𝑎𝑥 𝑘′ (𝐵𝐼𝑖,𝑘′  + 𝜀𝑖,𝑘′) (3.4) 

The first equation (3.3) describes the linear functional relationship between 

behavioural intention BI, habit HA and hedonic motivation HM; i index consumer i and k, 

k’ ∈ {cash, card, mobile payment} payment method k or k’, respectively. The consumer i 
adopts the new payment method whenever it maximises the behavioural intention value. 

Equation (3.4) formalizes this decision rule. The additional error term εi,k captures noise 

and unobserved influences on behavioural intention affecting the individual decision 

process. 

Constraining the decision rule to the adoption of precisely one new option as, e.g., the 

new payment method, this cognitive decision model can be further simplified without loss 

of generality to the following straightforward form 𝛥𝐵𝐼𝑖  > 𝛿𝑖 (3.5) 

The expression 𝛥𝐵𝐼𝑖 now captures the individual differences in behavioural intention 

to use the new payment method k versus the default method(s) k’. The model parameter 𝛿𝑖 
defines an individual threshold capturing the above mentioned random noise in the 

individual decision behaviour. 

We validate the structure of this micro-level decision model and determine the shape 

and statistics of the distribution of the model parameter 𝛿𝑖 by means of the survey data of 

Bucheli & Scholderer (under review). The online survey11 on the acceptance of mobile 

payment technology was designed as a combination consisting of a survey item 

questionnaire based on a slightly adapted UTAUT2 model and online choice experiments 

mimicking four typical payment situations (see Bucheli & Scholderer, under review, for a 

detailed description of the survey). All participants were asked to respond to the item 

 

11 The online survey was conducted in cooperation with Viseca Card Services SA, a Swiss credit card 

issuing company. In total, 50000 German-speaking cardholders of the private card segment were randomly 

selected and invited by email to participate in the online experiment. As an incentive for participation, the 

opportunity to win CHF 1000 (~ USD 1000) was offered under the precondition of having completed the 

survey. In total, 6406 cardholders entered the experiment, and 4822 participants completed the survey. For 

the data analysis, the data set was randomly balanced with respect to the two questionnaires and the four 

payment situations (N = 4682). 
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questionnaire for the three payment methods cash, plastic card (credit/debit), and mobile 

payment (credit). Furthermore, the participants were also asked to rate their degree of 

already existing experience in the use of mobile payment methods12.  

Figure 3-3 shows the distribution of the differences13 in the averaged item responses14 

to the UTAUT2 construct behavioural intention between the mobile payment and the 

default payment methods grouped by the stated prior user experience with mobile payment. 

 

 

Figure 3-3. The figure shows the differences in the stated intention to use mobile payment technology in 

comparison to the two default payment options grouped by the stated prior user experience with mobile 

payment; the degree of experience varies between no experience, once tried, occasional use and regular use.  

 

 

12 Prior mobile payment experiences were captured by a four-point rating scale with the lowest value 1 

= no experience, 2 = once tried, 3 = sporadic use and 4 = regular use. 

13 The difference in the behavioural intention score is calculated according to the formula  ∆𝐵𝐼 =  𝐵𝐼𝑚𝑃𝑎𝑦 − 𝑚𝑎𝑥 (𝐵𝐼𝑐𝑎𝑠ℎ , 𝐵𝐼𝑐𝑎𝑟𝑑). 

14 The items of the UTAUT2 constructs were measured by using an eleven-point Likert-type rating 

scale with the two anchor values 0 representing disagreement and 10 representing agreement. The default 

value was set to 5. 
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The distribution of the differences in the behavioural intention for the cardholders who 

stated to have no prior experience in the use of mobile payment follows a uniform 

distribution with two exceptions: peaks at the two values 0 and -10. Gaining more and more 

experience with the new payment option seems to lead to a right shift of the ΔBI score 

distribution. This right shift reflects the dynamic of the updating of the behavioural 

intention and, in some sense, mirrors the process of opinion formation to the new 

technology over time. These results provide some evidence for the structure of the above 

formulated cognitive decision model (5).  

Figure 3-4 presents the distribution of the ΔBI score now grouped by the observed 

choice behaviour in the four simulated payment situations in the online experiment. The 

shape of the distribution of the ΔBI score confirms the above observation and creates 

additional evidence in favour of the threshold-based cognitive decision model (5). Besides, 

the shape of the distribution of ΔBI score for NmPay = 0 motivates to initialise ΔBI in the 

simulation model through a random draw from a uniform distribution. Additionally, the 

shape of the distribution of ΔBI score for NmPay > 0 suggests that the individual threshold 𝛿𝑖 can be approximated by a normal distribution around the upper boundary of the uniform 

distribution. The ratio between the standard deviation of the normal distribution and the 

length of the interval of the uniform distribution can be learned approximately from this 

survey data (for NmPay ≥ 3, mean = .0935, SD = 2.982, length of interval = 10). 
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Figure 3-4. The figure shows the differences in the stated intention to use mobile payment technology in 

comparison to the default payment options grouped by the observed choice behaviour in the four simulated 

payment situations in the online experiment. 

 

3.3.3 Information flow and network topology 

As outlined in the theory section, we model the update of the behavioural intention of 

a cardholder to try out the new payment method as triggered and driven by an information 

flow primarily mediated through the construct hedonic motivation. As hypothesized, we 

split the information flow into two different mechanisms. 

The first information flow mechanism is given by the promotion activities of the 

payment technology providers, i.e., the card schemes, the card issuer (banking institutes) 
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and the acquirer. These players inform the consumers and the merchants about the new 

payment technology through a set of promotion and advertising activities across different 

channels as, for example, advertising information at the POS or direct marketing activities. 

This mechanism feeds the POS-induced network with information about the new payment 

technology. We summarise this first kind of information flow mechanism under the term 

advertising effect and model its effect as a continuous update of the construct behavioural 

intention. We formalise this learning mechanism as follows 𝐵𝐼𝑖(𝑡 + 1) = (1 +  𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔,𝑖) ∙ 𝐵𝐼𝑖(𝑡) (3.7) 

The individual learning rate 𝜆advertising,𝑖 captures the degree of perception and 

willingness to accept such advertising messages. Recalling the parsimony principle and 

repeating the line of arguments applied above, we simplify this learning rule by 

incorporating the individual differences into the threshold parameter 𝛿𝑖 and replacing the 

individual learning rate with a collective learning rate 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 being constant across 

the consumers. This learning rate 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 defines the first free model parameter which 

must be calibrated to real-world data. We denote this free parameter as advertising 

awareness. 

The second information flow mechanism is given by the casual observation of the 

payment behaviour of other consumers at the POS when they pay by the NFC-based 

contactless payment method. This information flow triggers, depending on the individual 

degree of perception of such kind of observations, an update in behavioural intention 

primarily mediated through the psychological construct hedonic motivation to try out this 

technology by themselves. We model this update process by means of the following 

learning rule  𝐻𝑀𝑖,𝑘(𝑡 + 1) = (1 + 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛,𝑖) ∙ 𝐻𝑀𝑖,𝑘(𝑡) (3.8) 

where 𝜆imitation,𝑖 denotes an individual learning rate reflecting the individual 

perception and processing of this kind of information. By repeating the same line of 

arguments as above, we simplify this learning step by using a collective learning rate 𝜆imitation being constant across the consumers and by replacing the update on the 

psychological construct hedonic motivation with its direct effect on behavioural intention 

leading to the following simplified learning rule: 𝐵𝐼𝑖(𝑡 + 1) = (1 + 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛) ∙ 𝐵𝐼𝑖(𝑡) (3.9) 

This learning rate 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛 defines the second model parameter, which must be 

calibrated to real-world data. We denote this second free parameter as imitation awareness. 

Both learning rules reflect the human learning capability and model it as, of course, a 

drastically simplified information processing system (Miller, 2002). However, these two 

rules capture the essence of the core mechanism in our simulation model of how 
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cardholders become aware of and learn about the new payment method by continuously 

receiving and processing tiny pieces of information.  

As a next step, we specify the topology of the POS-induced interaction network. For 

this design decision, we create a bridge to the empirically observed consumer behaviour 

based on real-world POS card transaction data of Swiss credit cardholders. We construct 

the POS-induced consumer-to-consumer interaction network by specifying that purchases 

detected through corresponding card transactions at the same POS on the same day define 

a link between two consumers. We thereby interpret purchases on the same day at the same 

POS as an approximation of the possibility of observing each other during the check-out 

process. Of course, this is a strong simplification of the real world; however, the pattern of 

the topology of the Swiss consumer network should emerge in a sufficiently accurate way 

by analysing a sufficiently large number of observed consumers. Figure 3-5 shows the 

corresponding distribution of the POS-induced consumer network calculated on more than 

nine years of card transaction data (2011 - 2019) for a randomly selected geographical 

region in Switzerland (a local district of the city Zurich specified by the ZIP Code = 8004). 

 

 

Figure 3-5. Distribution of the POS-induced cardholder and POS network for a district in Zurich, Switzerland 

(ZIP Code = 8004). Two cardholders are linked together if they made a purchase at the same POS on the 

same day. Two POS are linked together if they share the same cardholder. The left side shows the logarithm 

of the number of linked cardholders per cardholder in descending order, the right side the corresponding 

values for the linked POS. The shape of these distributions is, for most parts, a straight line and, thus, shows 

approximately the typical scale-free property of the class of preferential network topologies. Ncardholder ~ 

50000; NPOS ~ 2000.  

 

The right side shows the distribution of the logarithm of the number of linked 

cardholders per cardholder of the POS-induced cardholder network in descending order. 

Two cardholders are thereby linked together if they made a purchase at the same POS on 
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the same day. The right side shows the corresponding distribution of the POS network, 

where two POS are linked together when they share the same cardholder. Figure 3-6 

illustrates the real-world POS-induced cardholder network topology utilizing two 

examples, the cardholder network induced and generated by 20 randomly selected POS and 

the network belonging to one randomly chosen cardholder. 

 

  

Figure 3-6. Illustrations of the real-world POS-induced cardholder network. The figure on the left side shows 

the POS-induced cardholder network for 20 randomly selected POS (POS are marked as red points, 

cardholders as points in dark grey). The right side presents the network for one randomly selected cardholder. 

 

The shape of both distributions in Figure 3-5 is, for most parts, a straight line and, thus, 

shows approximately the scale-free property of the class of preferential network topologies 

as proposed by Barabási and Albert (1999)15. We operationalise the POS-induced 

cardholder-to-cardholder network topology by including the real-world cardholder-

individual POS-preferences into the agent-based model.  

As the last step, we include the merchant side in the simulation model. As outlined in 

Figure 3-2, the adoption of the NFC-based contactless payment technology defines a two-

sided market problem. Besides the consumer in its role as a cardholder, also the merchant 

in its role as the counterparty in the payment process must accept and allow the contactless 

payment method at the POS. This merchant side acceptance does not come for free: a highly 

 

15 The scale-free property characterizes network topologies in which the probability that an agent (here 

represented through cardholders or POS) has k links follows a power law 𝑃(𝑘) ~ 𝑘−𝛾. That means, there is 

no typical scale of length emerging from the POS-induced network. 
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available and faultless payment functionality during the check-out process is essential for 

a merchant; any changes in this process step carry the risk of disrupting the end-to-end 

process as a whole.  

In this article, we focus on consumer behaviour, although the analogous individual 

decision process on the merchant side to accept or reject new technology would also be a 

fascinating topic to study in detail. Therefore, we decided to model the merchant side 

adoption process in the form of a dynamic environment. We operationalised this idea by 

controlling the adoption process of the POS network16 by a predefined time-dependent 

adoption curve and calculated the corresponding temporal shape of the adoption curve by 

using real-world card transaction data17. We implemented two different scenarios, real-

world adoption behaviour and randomised adoption behaviour. In the scenario, real-world 

adoption behaviour, the adoption behaviour of each POS is simulated as observed in the 

real-world. In the second scenario, randomised adoption behaviour, the adoption behaviour 

of the POS is controlled by a likelihood function derived from the real-world cumulative 

adoption curve 𝐹𝑃𝑂𝑆(𝑡). The probability of POS j to start to accept the NFC-based 

contactless payment method at time point t when not already having adopted it before t is 

given by 𝑃𝑟𝑜𝑏𝑗(𝑡 | 𝑡𝑎𝑑𝑜𝑝𝑡,𝑗 > 𝑡 − 1) = 𝐹𝑃𝑂𝑆(𝑡) −  𝐹𝑃𝑂𝑆(𝑡 − 1) (3.10) 

This second simulation scenario of the adoption behaviour of the POS randomises the 

observed real-world behaviour in terms of the exact adoption point in time. This approach 

adds noise to the simulation but allows us to test the robustness of the model. 

The strength of this approach, to model the merchant side as a dynamic environment, 

is that one can simulate the response of consumers for any given structure of POS supply. 

Such a model design facilitates the simulation of a broad range of adoption scenarios 

starting from the exact reconstruction of the real-world merchant behaviour to entirely 

hypothetical adoption behaviour scenarios. Such constructed artificial adoption behaviour 

allows studying, for example, the existence of a critical mass of merchants who must have 

accepted the NFC-based payment method to trigger the mass take-off of the adoption 

process on the consumer side. 

 

16  To simplify the notation, we use the term POS (point of sales) to denote a single merchant shop.  

17  This methodological approach is only approximately correct because we reconstructed the POS 

contactless adoption behaviour by means of the observed corresponding cardholder contactless transactions. 

However, an in-depth analysis of the scale of the time lag between the decision to accept contactless as 

payment method by a specific POS and the observation of the first contactless transaction at this POS within 

the simulation shows that this approximation works sufficiently well. 
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3.3.4 Model calibration 

For the calibration of the topology and the statistical characteristics of the consumer- 

and the POS-network, we used real-world credit card transaction data covering the 

observation period from January 2011 to December 201918. Each transaction data record is 

composed of surrogate keys for the identification of the cardholders and POS, the date of 

the transaction and a flag indicating if the cardholder authorisation process was initiated by 

the contactless method. In this context, it is essential to mention that all credit cards 

(plastics) in the data sample were equipped with the NFC-based contactless payment 

functionality from the beginning of the observation period.  

We used the following model calibration procedure. First, a set of data samples 

containing only card transactions of randomly chosen regions in Switzerland were created. 

This sampling approach keeps the computational effort for the simulation as well as for the 

data analysis part on a manageable level. The topology of the consumer-POS network was 

reconstructed precisely according to the observed real-world POS preferences of the 

cardholders (see Figure 3-6 for an illustration). For controlling the individual purchase 

frequency of the consumers as well as the number of daily purchases at a specific POS by 

consumers, we implemented two scenarios, real-world purchase behaviour and 

randomised purchase behaviour. In the scenario, real-world purchase behaviour, the 

average daily purchase frequency was calculated for each cardholder and POS and assigned 

during simulation initialisation. In the second scenario, randomised purchase behaviour, a 

cardholder and a POS purchase frequency distribution based on real-world transaction data 

was calculated. During the initialisation phase of a simulation run, a purchase frequency 

was randomly drawn for each cardholder and POS from the corresponding frequency 

distribution and assigned. During the simulation run, for each purchase, a POS was 

randomly drawn from the cardholder’s POS-preference network. The random draws were 

thereby weighted by the number of observed purchases at the distinct POS. The dynamics 

of the contactless adoption behaviour on the POS-side was controlled as described 

beforehand.  

To set reasonable initial values for the difference in behavioural intention 𝛥𝐵𝐼𝑖 and for 

the threshold 𝛿𝑖, we used the survey data of Bucheli and Scholderer (under review) as 

outlined above. Firstly, we scaled for convenience the uniform distribution for the initial 

value of the difference in behavioural intention 𝛥𝐵𝐼𝑖 to the interval [-1, 0]. Secondly, fitting 

a normal distribution to the survey data for NmPay > 0 gives a ratio between the standard 

deviation of the normal distribution and the length of the interval of the 𝛥𝐵𝐼𝑖 score of 

around .3 (e.g., NmPay ≥ 3, mean = .0935, SD = 2.982, length of interval = 10). For specifying 

 

18 The card transaction data were completely anonymized before being used in the data analysis to fulfil 

all requirements to comply with the Swiss data privacy law.  
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a meaningful value for the mean of the 𝛿𝑖-normal distribution reflecting the shift from the 

upper boundary of the uniform distribution, we refer to the diffusion of innovation theory 

developed by Rogers (1962, 1995, 2010). We specified the shift of the 𝛿𝑖-normal 

distribution by two standard deviations. This value corresponds to the boundary between 

innovators and early adopters. That reasoning finally leads to a normal distribution of the 

form 𝑁(0.6, 0.3).  

The individual initial values for the two parameters of the cognitive decision model 

were then randomly drawn for each simulation run and each cardholder i from the 

corresponding distribution during the initialisation phase by the rule 𝛥𝐵𝐼𝑖 ∈ 𝑈(−1, 0) and 𝛿𝑖 ∈ 𝑁(0.6, 0.3). 

As the final step in the model configuration, we specified the point in time for the 

beginning of the advertising information flow. We set the beginning to the time point when 

the first POS accepted contactless payment within our real-world simulation data set. 

In summary, this calibration procedure captures the topology and the base statistics of 

the POS-induced cardholder-to-cardholder network while reducing random noise as much 

as possible and, besides, limiting the number of free model parameters19 to the two 

collective learning rates 𝜆advertising and 𝜆imitation of the two information flow mechanisms. 

These two model parameters can now be learned from the data by a sequence of simulation 

runs.  

3.3.5 Model validation 

The validation of our agent-based model follows the widely accepted definition that a 

sufficient level of model validity is commonly identified with the ability to accurately 

represent or predict the environment being modelled (see Zhang & Vorobeychik, 2017, for 

a review of the topic of validation in agent-based modelling).  

We operationalised this validation approach by investigating the capability of our 

model to match the shape of the curve of adoption of contactless payment method by the 

cardholders in an accurate, robust, and repeatable way. We interpret “robust” and 
“repeatable” in the sense that small changes in the two model parameter values should not 
lead to a substantial change in the shape of the curve.  

 

19 It is essential to mention that the specification of the two random distributions for 𝛥𝐵𝐼𝑖  and 𝛿𝑖 defines 

a set of additional model parameters that could also be treated as free model parameters. However, these 

distribution parameters are not entirely independent from the scale of the learning rates. Some classes of 

transformations on these two distributions can be compensated by rescaling the two learning rates. We leave 

a more systematic investigation of the effect caused by varying these parameters as well as the shape of the 

two random distributions for future research. 
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As is a standard approach in the agent-based modelling literature for evaluating the 

accuracy of curve fitting, we use the root-mean-square error statistics (RMSE) as a 

goodness-of-fit measure for the model accuracy. As an additional measure for evaluating 

the similarity between the two adoption curves, the simulated versus the empirically 

observed real-world one, we borrow the Hausdorff20 distance metric from the field of 

mathematics. That distance metric is less sensitive to outliers than the RMSE statistics. 

However, both measures do not represent stringent statistical tests but instead, give a sense 

of the goodness-of-fit. Furthermore, to provide a more intuitive measure for the similarity 

between the two adoption curves, we also calculate the relative proportion of the overlap 

of the areas below two cumulative adoption curves.  

To determine the external validity of our model, we consider how well the model fits 

out-of-sample data, i.e., data that were not used for calibrating the model. We 

operationalised this out-of-sample validation procedure by exploring how well the 

parameter values estimated for a randomly chosen geographical region are capable of 

reconstructing the real-world adoption curve of a set of also randomly chosen alternative 

geographical regions. In addition, we investigated the distribution of the optimal model 

parameters across the set of randomly chosen geographical regions in terms of how well 

the parameters are clustered. 

In order to screen the model parameter space systematically for optimising the model 

parameters as well as for identifying local minima in the hypersurface generated by the 

goodness-of-fit measure, we implemented three different parameter search strategies: a 

random search, a grid search, and an adaptive search strategy. The adaptive search 

strategy21 reduces stepwise the search area in the parameter space by minimising the RMSE 

statistics.  

In summary, this validation procedure enables the comparison of models with different 

information flow mechanisms, the investigation of the external validity of our model, and, 

thus, the creation of evidence for the formulated hypothesis. 

 

20 The Hausdorff distance is the maximum of all the (Euclidean) distances from a point in one curve to 

the closest point in the other curve and calculated as 𝑑𝐻(𝐹𝑜𝑏𝑠, 𝐹𝑠𝑖𝑚) = 𝑚𝑎𝑥 (𝑠𝑢𝑝𝑥∈𝐹𝑜𝑏𝑠𝑖𝑛𝑓𝑦∈𝐹𝑠𝑖𝑚𝑑2(𝑥, 𝑦), 𝑠𝑢𝑝𝑦∈𝐹𝑠𝑖𝑚𝑖𝑛𝑓𝑥∈𝐹𝑜𝑏𝑠𝑑2(𝑥, 𝑦)) (3.11) 

We use the implementation of the Hausdorff distance metric of the R package pracma: Practical 

Numerical Math Routines (Borchers, H. W., 2019). 

21 In order to find an accurate learning rate for the adaptive search strategy, some hyperparameter tuning 

is required. We denote the learning rate for the model parameters and the shrinking factor of the search area 

in the parameter space as hyperparameters. 
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 Results 

In this section, we report and discuss the results for the following two simulation 

scenarios: advertising effect only and advertising plus imitation effect. 

3.4.1 Advertising effect only 

The first simulation scenario, advertising effect only, models the promotional activities 

for the new payment method by the card schemes and issuer as a continuous flow of 

advertising information to the cardholders. That means the cardholder continuously 

receives and processes tiny pieces of information about the features and benefits of 

contactless payment. The decision criterion to change from the awareness-building phase 

into the state of becoming willing to try out the contactless payment method is defined by 

reaching the individual threshold 𝛿𝑖 for the difference between the behavioural intention 

for the new payment method versus the default option(s). The cardholder will then pay by 

contactless at the next purchase under the precondition that the POS accepts the contactless 

payment method. This scenario does not contain any first-order POS-induced network 

effects. We assume, however, that the cardholder is entirely aware of whether the POS 

accepts paying by contactless or not. 

As described above, we restricted the simulation to a set of data samples containing 

only card transactions within specific geographical regions of Switzerland22,23. We 

randomly selected the region 9050 - Appenzell (NPOS = 361, NCDH = 4796) as our reference 

data set for model training. The region 9050 - Appenzell represents a typical rural area. 

Figure 3-7 shows the results for this simulation scenario 1.  

 

 

22 A preliminary and detailed explorative data analysis including the calculation of the contactless 

adoption curves for the full Swiss POS and cardholder portfolio and the comparison of randomly chosen 

geographical areas reveal a satisfying similarity between the shapes of the different adoption curves with the 

only exception of region-specific take-off points. We thus understand the construct take-off point as the point 

in time of the beginning of mass adoption. These observed region-specific different take-off points can be 

explained by different adoption behaviour of the local merchants. 

23 This restriction was motivated by keeping the computational effort on a manageable level. Hence, a 

reasonable size of the region in terms of the number of POS and cardholders was the only preselection 

criterion for the geographical regions. 
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Figure 3-7. Simulation scenario 1 (geographical region 9050 - Appenzell with ZIP Code = 9050, NPOS = 361 

and NCDH = 4796): The figure on the left side shows the RMSE as a function of the simulation parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔  with NSIM = 100. The data reveal that there exists a small region with minimal RMSE. The figure 

on the right side illustrates a comparison between the simulated versus the observed real-world cumulative 

adoption curve for the cardholders. The parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 is thereby fixed to the mean value around the 

minimal RMSE (NSIM = 100). 

 

The left side shows the root-mean-square error statistics (RMSE) as a function of the 

free model parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔. The data reveal that there exists a small region with 

minimal RMSE and moderate variance (𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 ~ 4.22e − 04) implying the existence 

of a local, small area in the parameter space with robust and reproducible solutions for the 

simulation problem. The figure on the right side illustrates a comparison between the 

simulated versus the observed real-world cumulative adoption curve whereby the 

parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 is fixed to the mean taken from the identified small region with 

minimal RMSE. 

These results are quite astonishing in terms of how well this simple simulation model 

is capable of reproducing the empirically observed real-world adoption curve. However, 

there are also modelling aspects that have to be assessed critically as, for example, the 

restriction of the simulation to small geographical regions. These small regions cannot be 

seen as entirely isolated. That means an information flow comes from the outside. 

Cardholders also pay by card outside of the simulated geographical region. In this sense, 

this first simulation scenario does not reflect a pure advertising effect only but sums up 

other effects implicitly, for example, possible imitation effects. Further, this very first 

model provides no answer to the question of how the cardholder becomes aware that one 

can pay contactless at a specific POS24.  

 

24 In the real-world scenario, there were supporting information elements as, for example, flyers and a 

specific symbol signalling that the terminal is capable of processing contactless payment transactions at the 
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As the next step, we investigate the degree of generalizability of this simple first model 

through a two-step out-of-sample validation procedure. First, we assess the capability of 

the model calibrated with the data of the reference region 9050 - Appenzell to reproduce 

the cardholder adoption curve accurately for alternative geographical areas. Second, we 

estimate the optimal parameter value for each geographic region separately and study the 

corresponding parameter distribution concerning the clustering of the parameter values. 

Table 3-1 presents the simulation results of the first step of the out-of-sample 

validation procedure. The RMSE statistics and the Hausdorff distance measure are 

evaluated between the simulated versus the empirically observed cardholder adoption curve 

for the set of 10 randomly chosen validation regions in Switzerland by using the parameter 

value 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 =  4.22𝑒 − 04 for the model parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 as calibrated with 

the data of the reference region 9050 – Appenzell (NSimulation = 30). The mean value and 

standard deviation of the RMSE statistics as well as of the Hausdorff distance metric are 

reported. 

 

Table 3-1. Simulation results of the out-of-sample validation procedure by using the model parameter 𝜆advertising with the value 4.22e-04 as calibrated on the reference data set Appenzell (region ID = 0). The 

RMSE statistics and the Hausdorff distance measure are evaluated for the simulated cardholder adoption 
curves for the set of 10 randomly chosen validation regions in Switzerland (NSimulation = 30). 

 Region N  RMSE  Hausdorff distance  Overlap 

ID ZIP Code - Name POS CDH  Mean sd  mean sd  [%] 

0 9050 - Appenzell 361 4796  1.74e-02 1.86e-03  3.85e-02 4.60e-03  87.1 

1 1009 - Pully 307 5174  8.56e-02 2.55e-03  2.12e-01 5.55e-03  44.7 

2 1018 - Lausanne 378 5220  1.07e-01 2.16e-03  2.72e-01 6.58e-03  24.4 

3 1206 - Genève 424 4954  1.06e-01 2.01e-03  2.59e-01 5.43e-03  44.0 

4 2540 - Grenchen 344 4188  3.60e-02 3.14e-03  5.88e-02 4.08e-03  82.1 

5 3123 - Belp 321 5332  1.93e-02 1.49e-03  4.33e-02 5.19e-03  89.1 

6 4055 - Basel 330 3312  3.97e-02 2.45e-03  1.17e-01 8.33e-03  84.8 

7 4132 - Muttenz 332 5548  2.82e-02 2.54e-03  4.44e-02 3.30e-03  84.6 

8 8052 - Zuerich 370 4978  8.20e-02 3.04e-03  1.63e-01 5.88e-03  72.5 

9 8700 - Kuesnacht ZH 302 5519  5.84e-02 3.32e-03  1.13e-01 6.45e-03  80.4 

10 9400 - Rorschach 355 5398  2.07e-02 2.04e-03  3.57e-02 3.29e-03  89.4 

Note.  1) The time interval (NTicks = 3270) was scaled to [0, 1] for the calculation of the Hausdorff distance measure. 

2) The overlap provides an intuitive measure for the similarity between the two adoption curves and is calculated as the relative 
proportion of the overlapping area of the two cumulative adoption rates to the mean area below the two curves. 

 

This fixed-parameter validation procedure reveals that except for the three regions, 

1009 – Pully, 8052 – Zuerich, and 8700 - Kuesnacht ZH, the RMSE statistics are localized 

around the parameter value of the reference region 9050 - Appenzell in an entirely 

 

POS in Switzerland. These contactless-specific information elements might have boosted the individual 

building of awareness of and knowledge about contactless payment. 
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satisfactory manner. The Hausdorff distance and the calculated overlap between the two 

cumulative adoption rates, on the other hand, identifies the three regions 1009 – Pully, 1018 

- Lausanne, and 1206 - Genève as not well fitted when using the parameter value of the 

reference region. 

Table 3-2 presents the simulation results of the second validation procedure step. The 

free model parameter 𝜆advertising was now optimized in terms of minimizing RMSE by 

using the adaptive search strategy for each of the geographical regions separately (NSimulation 

= 50). 

 

Table 3-2. Simulation results of the second, less strict validation procedure step. The value of the free model 
parameter 𝜆advertising was now optimized concerning minimising RMSE by using an adaptive search strategy 

for each of the geographical regions separately (NSimulation = 50). 

 Region  Parameter value RMSE Hausdorff distance       Overlap 

ID ZIP Code - Name  mean sd mean sd Mean sd [%] 

0 9050 - Appenzell  4.22e-04 1.30e-06 1.75e-02 1.70e-03 3.94e-02 5.79e-03 87.1% 

1 1009 - Pully  5.49e-04 6.28e-06 1.59e-02 1.94e-03 2.88e-02 2.90e-03 88.9% 

2 1018 - Lausanne  6.12e-04 5.01e-06 8.00e-03 1.36e-03 1.84e-02 3.98e-03 93.3% 

3 1206 - Genève  5.58e-04 4.53e-06 1.36e-02 1.85e-03 2.52e-02 3.33e-03 93.4% 

4 2540 - Grenchen  4.08e-04 6.62e-06 2.61e-02 2.92e-03 5.00e-02 6.60e-03 86.9% 

5 3123 - Belp  4.27e-04 5.59e-06 2.08e-02 2.85e-03 4.34e-02 7.66e-03 88.3% 

6 4055 - Basel  4.41e-04 9.19e-06 3.48e-02 2.50e-03 7.92e-02 1.62e-02 84.4% 

7 4132 - Muttenz  4.11e-04 6.21e-06 2.47e-02 2.74e-03 4.90e-02 8.10e-03 87.1% 

8 8052 - Zuerich  4.98e-04 5.81e-06 2.00e-02 2.26e-03 3.17e-02 4.29e-03 91.5% 

9 8700 - Kuesnacht ZH  4.73e-04 2.56e-06 9.84e-03 1.79e-03 1.97e-02 2.60e-03 95.2% 

10 9400 - Rorschach  4.18e-04 5.92e-06 2.17e-02 1.65e-03 4.56e-02 8.75e-03 89.6% 

Note.  1) Adaptive search strategy: 20 simulation runs were used for optimising the parameter value; the mean and sd were then 
calculated on the subsequent 30 simulation runs. 

2) The overlap provides an intuitive measure for the similarity between the two adoption curves and is calculated as the relative 
proportion of the overlapping area of the two cumulative adoption rates to the mean area below the two curves. 

 

 

Again, except for the three regions 1009 – Pully, 1018 - Lausanne and 1206 - Genève, 

the values of the model parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 are localised around the value for reference 

region 9050 - Appenzell. These results of the second validation step confirm those of the 

first step.  Figure 3-8 shows the corresponding distributions of the parameters 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 

across the different geographical regions as boxplot diagrams. 
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Figure 3-8. Boxplot diagram of the parameters 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 across the different geographical regions. 

 

The results of this second out-of-sample validation procedure demonstrate that the 

proposed agent-based model generalises satisfactorily across the validation set of randomly 

chosen geographical regions. However, the data also reveals that for the optimal 

reconstruction of the real-world cardholder adoption curve, a fine-tuning of the model 

parameters is still required. The appendix includes additional illustrations of the simulated 

versus observed adoption curves for both validation procedure steps. 

To summarise, these results create support for the hypothesis H1 that learning about 

and building awareness of the new payment method through a continuous flow of 

advertising information is capable of breaking up the habitual behaviour of consumers 

when an individual threshold of intention to try out the new technology is reached. 

3.4.2 Advertising plus imitation effect 

The second simulation scenario, advertising plus imitation effect, extends the first 

scenario by adding a POS-induced network effect generated by the observation and 

imitation of the payment behaviour of other cardholders at the POS. The scale of magnitude 

of this network or peer effect is, besides the individually different perception of the payment 

behaviour of other cardholders, controlled by the individual purchase frequency, the 

individual POS-preferences, and the size of the POS-induced consumer network.  

As in scenario 1, we first systematically screen the parameter space spanned by the 

two free model parameters 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 and 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛 for regions with minimal RMSE. For 

this screening task, we use a simple grid search strategy. Figure 3-9 presents the results 

with NSimulation = 1125.  
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Figure 3-9. Results of the parameter space screening for the simulation scenario 2 (NSIM = 1125): The figure 

on the left side shows a 3D-plot of the RMSE as a function of the two simulation parameters 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 and 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛 . The 3D-plot reveals that there exists a small region with the shape of a valley with a minimal 

RMSE. The figure on the right side illustrates the same data in the form of a contour plot. The contour plot 

reveals the existence of a small area in the valley with minimal RMSE.  

 

The figure on the left side shows a 3D-plot of the RMSE as a function of the two 

simulation parameters 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 and 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛. The 3D-plot reveals that there exists a 

small region with the shape of a valley with minimal RMSE. The shape of a valley with a 

narrow but flat bottom for the region with minimal RMSE implies that the two effects are 

capable of compensating each other to some extent25. The figure on the right side illustrates 

the same data in the form of a contour plot. The contour plot reveals the existence of a small 

area in the valley with minimal RMSE signalling robust and reproducible solutions for this 

simulation problem. 

To investigate the scale of improvement in the accuracy of reproducing the adoption 

curve by activating both effects, advertising plus imitation, we split the simulation runs into 

two phases. In the first phase, only the advertising effect was activated and the optimal 

value for the model parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 was estimated by a prespecified number of 

simulation runs. In the second phase, both effects, advertising and imitation, were activated 

and the two corresponding parameters, 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 and 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛, were estimated 

simultaneously. We thus used the value of the parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 estimated in the first 

phase as the initial value. For finding optimal parameter values, we applied the adaptive 

search strategy. Figure 3-10 shows a typical pattern for the RMSE as a function of the 

 

25 The curve along minimal RMSE shows a small negative slope in the direction of increasing 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛 . 

This means that an increase in 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛 leads to a corresponding decrease in 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 under the condition 

to keep RMSE minimal. 
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simulation run sequence reflecting the learning process of the adaptive search strategy for 

finding optimal model parameters. 

 

 

Figure 3-10. RMSE as a function of the simulation sequence of the adaptive search strategy for the simulation 

scenario two on the data of the reference region 9050 - Appenzell (NSimulation, Phase 1 = NSimulation, Phase 2 = 30). For 

the first 30 simulation runs, only the advertising effect was activated. For the simulation runs 31 to 60, both 

effects were activated. For both simulation phases, a Loess-type spline regression line was fitted to the data 

separately. 

 

These simulation results based on the data of the reference region 9050 - Appenzell 

reveal a small improvement in the RMSE concerning the mean and variance when both 

effects are activated. Table 3-3 presents the calculated RMSE for the simulations with the 

data of the full validation set of geographical regions. 

 

Table 3-3. RMSE for the two-phase simulation on the full set of the randomly selected distinct 11 
geographical regions by using the adaptive search strategy (NSimulation, Phase 1 = NSimulation, Phase 2 = 30). 

Region 
 RMSE 

PRE 
 Advertising effect only Advertising & imitation effect 

ID ZIP Code - Name  mean sd mean sd [%] 

0 9050 - Appenzell  1.778e-02 1.887e-03 1.436e-02 1.765e-03 -19.2 

1 1009 - Pully  1.594e-02 1.682e-03 1.663e-02 1.773e-03 4.4 

2 1018 - Lausanne  8.489e-03 1.502e-03 7.602e-03 1.657e-03 -10.5 

3 1206 - Genève  1.277e-02 1.137e-03 7.886e-03 1.856e-03 -38.2 

4 2540 - Grenchen  2.727e-02 4.236e-03 2.032e-02 2.967e-03 -25.5 

5 3123 - Belp  2.232e-02 4.143e-03 1.696e-02 2.001e-03 -24.0 

6 4055 - Basel  3.513e-02 3.277e-03 2.800e-02 2.866e-03 -20.3 

7 4132 - Muttenz  2.410e-02 1.937e-03 1.824e-02 2.741e-03 -24.3 
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Region 
 RMSE 

PRE 
 Advertising effect only Advertising & imitation effect 

ID ZIP Code - Name  mean sd mean sd [%] 

8 8052 - Zuerich  2.118e-02 2.769e-03 1.877e-02 3.900e-03 -11.4 

9 8700 - Kuesnacht ZH  1.013e-02 2.048e-03 7.029e-03 2.099e-03 -30.6 

10 9400 - Rorschach  2.110e-02 1.008e-03 1.413e-02 1.416e-03 -33.0 

Note.  1)  Detail procedure of the adaptive search strategy: the first fifteen simulation runs are used for optimising the model 
parameter(s); the mean and standard deviation are then calculated on the subsequent 15 simulation runs. 

2)  PRE denotes the proportional reduction in error and is calculated as the relative reduction in the RMSE between two models. 

 

Except for one region, 1009 - Pully, there is a substantial improvement in the evaluated 

RMSE when both effects are activated. Table 3-4 shows the corresponding results for the 

Hausdorff distance metric calculated between the simulated and the observed adoption 

curve. 

 

Table 3-4. Hausdorff distance metric for the two-phase simulation on the full set of the randomly selected 
distinct 11 geographical regions by using an adaptive search strategy (NSimulation, Phase 1 = NSimulation, Phase 2 = 30). 

Region 
 Hausdorff distance metric 

PRE 
 Advertising effect only Advertising & imitation effect 

ID ZIP Code - Name  mean sd mean sd [%] 

0 9050 - Appenzell  3.98e-02 6.05e-03 3.30e-02 4.53e-03 -17.1 

1 1009 - Pully  2.86e-02 2.70e-03 3.56e-02 6.29e-03 24.4 

2 1018 - Lausanne  1.82e-02 4.08e-03 1.65e-02 3.58e-03 -9.1 

3 1206 - Genève  2.42e-02 3.87e-03 1.65e-02 4.79e-03 -31.8 

4 2540 - Grenchen  5.01e-02 7.89e-03 3.52e-02 6.14e-03 -29.9 

5 3123 - Belp  4.38e-02 7.00e-03 3.40e-02 3.58e-03 -22.4 

6 4055 - Basel  7.81e-02 1.53e-02 6.99e-02 1.19e-02 -10.5 

7 4132 - Muttenz  4.80e-02 8.68e-03 3.87e-02 8.08e-03 -19.3 

8 8052 - Zuerich  3.38e-02 5.07e-03 2.99e-02 4.98e-03 -11.5 

9 8700 - Kuesnacht ZH  1.95e-02 3.29e-03 1.89e-02 5.27e-03 -3.4 

10 9400 - Rorschach  4.17e-02 7.38e-03 2.85e-02 4.68e-03 -31.6 

Note.  1)  Detail procedure of the adaptive search strategy: the first fifteen simulation runs are used for optimising the model 
parameter(s); the mean and standard deviation are then calculated on the subsequent 15 simulation runs. 

2)  PRE denotes the proportional reduction in error and is calculated as the relative reduction in the Hausdorff distance between 
two models. 

 

The results of the evaluation of the Hausdorff distance metric confirm the RMSE 

results. Except for the region, 1009 - Pully, there is a substantial improvement concerning 

the similarity between the two adoption curves observable when both effects are activated.  

Table 3-5, finally, completes the picture and presents the estimated values for both 

model parameters 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 and 𝜆𝑖𝑚𝑖𝑡𝑎𝑡𝑖𝑜𝑛 for the two phases. 
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Table 3-5. Parameter values for the two-phase simulations on the full validation set of geographical regions 
by using an adaptive search strategy (NSIM, phase 1 = NSIM, phase 2 = 30). 

Region 
 Advertising effect only Advertising & imitation effect 

 𝜆advertising 𝜆advertising 𝜆imitation 

ID ZIP Code - Name  mean sd mean sd mean sd 

0 9050 - Appenzell  4.22e-04 1.17e-06 4.05e-04 4.25e-07 9.40e-03 1.74e-05 

1 1009 - Pully  5.49e-04 7.56e-06 5.26e-04 4.00e-06 9.50e-03 2.16e-04 

2 1018 - Lausanne  6.13e-04 3.73e-06 5.92e-04 4.09e-06 9.79e-03 9.10e-05 

3 1206 - Genève  5.60e-04 4.97e-06 5.19e-04 3.13e-06 9.51e-03 1.11e-04 

4 2540 - Grenchen  4.09e-04 6.46e-06 3.71e-04 4.09e-06 1.02e-02 1.06e-04 

5 3123 - Belp  4.30e-04 6.40e-06 4.05e-04 3.30e-06 9.92e-03 7.80e-05 

6 4055 - Basel  4.41e-04 9.04e-06 4.10e-04 5.16e-06 9.39e-03 2.31e-04 

7 4132 - Muttenz  4.12e-04 6.31e-06 3.85e-04 3.85e-06 9.22e-03 2.11e-04 

8 8052 - Zuerich  4.96e-04 6.82e-06 4.73e-04 4.93e-06 9.93e-03 1.50e-04 

9 8700 - Kuesnacht ZH  4.74e-04 2.76e-06 4.51e-04 2.08e-06 9.93e-03 3.00e-05 

10 9400 - Rorschach  4.19e-04 5.36e-06 3.97e-04 3.28e-06 9.56e-03 8.07e-05 

Note.  1) Adaptive search strategy: the first fifteen simulation runs are used for optimising the model parameter(s); the mean and standard 
deviation are then calculated on the subsequent 15 simulation runs. 

 

To summarise, the results of this second simulation scenario create support for the 

hypothesis H2 that the observation of the payment behaviour of other consumers at the 

POS generates a peer effect which is capable of boosting the individual learning process 

and, in this way, the observed macro-level adoption process of the contactless payment 

method.  

The appendix includes illustrations of the simulated versus observed adoption curves 

for this second simulation scenario. 

 Discussion and conclusion 

This article demonstrates the promising potential of using empirically grounded agent-

based modelling techniques in the context of studying the dynamics of technology adoption 

processes, or more generally, the diffusion of innovations. 

Starting from the Unified Theory of Acceptance and Use of Technology (UTAUT2; 

Venkatesh et al., 2012) as our conceptual framework for assessing technology acceptance, 

we developed a micro-level cognitive decision model allowing for the capturing of the 

heterogeneity in the individual decision behaviour of the consumers. As a second step, we 

identified two mechanisms of continuous information flow to model two driving factors of 

the temporal dynamics of the adoption process. We then applied this agent-based model to 

the study and simulation of the adoption of the contactless payment method in the Swiss 

credit card market. The simulation results demonstrate that the proposed ABM is capable 
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of reconstructing the observed empirical real-world adoption curve of cardholders on the 

macro-level quite satisfactorily. We assessed the external validity of our model through an 

out-of-sample validation procedure which shows that the agent-based model also 

generalises satisfactorily across a set of randomly chosen distinct geographical regions. 

However, the simulation results also revealed that an optimal reconstruction of the real-

world cardholder adoption curve still requires a fine-tuning of the model parameter.  

In summary, the presented modelling approach—taking an empirically validated micro-

level adoption model as the core building block for modelling the cognitive decision process 

and validating the agent-based model with individual-level real-world behaviour data—
contributes to resolving the weakness of lacking a rigorous validation of the models at the 

micro-level found in most of the research work on ABM explicitly developed for studying 

innovation diffusion as raised by Zhang & Vorobeychik (2017). The proposed agent-based 

model approach is thereby quite flexible and not restricted to the UTAUT2 model as the 

conceptual framework for assessing technology acceptance. As Zhang and Vorobeychik 

(2017) list in their review paper, a variety of research work is based on alternative 

technology acceptance frameworks as, for example, the Relative Agreement Model 

(Deffuant et al., 2000, 2002), the Theory of Planned Behavior (TPB; Ajzen, 1991), or 

combinations of both.  

Regarding NFC-based contactless payment method as our concrete subject of study, 

we demonstrated that our simulation model creates evidence that learning about the new 

payment method, mainly fed and driven by a continuous flow of advertising information, 

is capable of breaking up the habitual behaviour when reaching an individual threshold of 

intention to use the new payment method. Furthermore, observation of other consumers’ 
payment behaviour at the POS creates a peer effect which is capable of boosting the 

individual learning process. This peer effect at the POS defines a less obvious mechanism 

but which is also capable of triggering the disruption of habitual use. To the best of our 

knowledge, learning and imitation through observation of others’ behaviour at the POS 
have not been studied much in marketing or consumer behaviour research so far. The 

proposed simulation approach based on an empirically grounded agent-based model could 

point out a promising direction for this research area. 

This research and modelling methodology and the inference based on it also require 

some critical reflections. Explaining an observed macro-effect through a micro-mechanism 

might not be a well-posed problem in general. It is not clear a priori if a unique solution for 

the particular problem under study exists. There might exist more than one micro-

mechanism capable of reproducing precisely the same macro-effect. Furthermore, we made 

some substantial simplifications of the real-world problem to reduce the complexity of the 

simulation model to fulfil the parsimony principle. As an example, we have not included 

the time-dependent size of the customer portfolio, i.e., the increase or decrease of the 

portfolio size through onboarding of new customers or the leaving of cardholders through 
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the cancellation of the card contract26. Furthermore, we calculated the adoption behaviour 

of merchants indirectly through the observed card usage of the cardholders. A caveat of 

this simplification is that the dynamic merchant environment contains information about 

the acceptance behaviour of cardholders in an uncontrolled way. 

Besides these potential weaknesses, the presented modelling methodology has some 

highly desirable properties. For example, it is straightforward to extend the micro-level 

decision model with additional dimensions as, e.g., with a decision option of rejecting the 

new technology because it does not work as expected. Such an additional decision 

alternative could be operationalized by extending the state model of the adoption process 

with a corresponding status rejected. Further, the failure rate of the new technology could 

be modelled as a Poisson process with the density parameter λ estimated on real-world data. 

Another strength of this modelling approach is the capability of simulating 

hypothetical if-then scenarios and, in this way, to shed light on aspects of the market 

behaviour which are either difficult to measure or not at all observable in the real world as, 

e.g., the existence of a critical mass, forecasting a realistic potential market share or speed 

of diffusion before market launch. Primarily, the capability of simulating hypothetical if-

then scenarios promises essential managerial implications. To name a few examples of 

conceivable practical applications: As part of the planning of market launch, a set of distinct 

scenarios and assumptions can be simulated and tested for the expected impact in advance. 

Simulations on a set of distinct geographical regions can be used for uncovering local spots 

which promise faster market growth than average; information which is useful for 

prioritizing of promotions and planning of the marketing budget. As a further example, 

continuous monitoring of the observed real-world growth curve during the market launch 

and comparison with the simulated curve facilitates a much quicker detection of significant 

deviations, allowing one to verify and adjust assumptions made before market launch by 

retraining the simulation models, and, further, to take appropriate, fact-based 

countermeasure.   

In summary, the presented research methodology for studying the dynamics of the 

technology adoption process by using empirically grounded agent-based modelling 

techniques opens the door to a promising research direction. Besides, we believe that 

combining this powerful toolset with results from the research field of machine learning 

(ML) and artificial intelligence (AI) offers a further direction for fruitful future research. 

For example, combining agent-based modelling with reinforcement learning techniques27 

 

26 We leave the extension of the simulation model with a time-varying cardholder and merchant portfolio 

and measuring the corresponding impact on the simulation results for future research. 

27 Reinforcement learning (RL) represents a machine learning approach capable of solving stochastic 

decision-making problems without explicit labels indicating the correct solution (see, for example, Sutton 

and Barto (1998) for an introduction). It learns through trial and error by interacting with the environment 
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could be a candidate for a tool providing the capability of analysing and learning an optimal 

market launch strategy in an entirely autonomous and automated way (see, for example, 

Zhang and Vorobeychik (2017) for a review on research activities at the touchpoint 

between ABM and ML, Rand (2006) for a framework model on how to combine ABM 

with ML, and Buşoniu et al. (2010) for an overview on multi-agent reinforcement learning). 

Modelling the technology provider as the learning agent who tries to maximize profit as 

the target reward function by interacting with the consumers (and competitors) modelled 

as the corresponding dynamic environment could be a viable starting point. Such a toolkit 

would create tremendous managerial value. Extending the cognitive decision model 

through the integration of the discrete choice modelling framework (Train, 2009) offers, in 

our opinion, another promising research direction. Finally, regarding our subject of study, 

NFC-based contactless payment, the verification and validation of the hypothesized and 

simulated peer effect, i.e., the information flow triggered through the observation of others’ 
payment behaviour at the POS, on real-world transaction data defines another exciting 

direction for future research work. 
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Appendix 

A. UTAUT2 framework 

The UTAUT2 framework (Venkatesh et al., 2012) is an enhancement of the original 

Unified Theory of Acceptance and Use of Technology (UTAUT; Venkatesh et al., 2003) 

and extends the modelling framework to consumers. The original UTAUT framework itself 

was intended to be used in organisational context to explain the acceptance of new 

workplace technologies among employees and was developed based on comprehensive 

review work of existing acceptance models as, for example, the theory of planned behavior 

(Ajzen, 1991). Figure A-1 provides an overview of the UTAUT2 framework.  

 

 

Figure A-1. UTAUT2 Framework (adapted from Venkatesh et al. 2012, p. 60) 

 

According to Venkatesh et al. (2012), the main influence factors in controlling the 

behavioural intention to use a new technology can be summarised into seven psychological 

constructs: performance expectancy, reflecting the degree of belief that applying the 

technology will provide a benefit in performing specific activities; effort expectancy, the 

degree of belief that the required effort associated with the use of the technology is worth 

it; social influence, the degree of belief that close relatives (e.g., family or friends) find they 
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should apply the technology; facilitating conditions, referring to consumers’ expectations 

regarding resources and support required and available to apply the technology; hedonic 

motivation, reflecting the expectation of pleasure gained from using the technology; 

price value, reflecting the consumers’ cognitive trade-off between the perceived benefit 

and the monetary cost of applying the technology; habit, reflecting the degree to which 

people tend to perform behaviours automatically because of previous learning. 

Typically, the UTAUT2 framework is applied to a specific technology with only minor 

contextual adjustments.  
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B. Results of the regression analysis of the UTAUT2 survey data 

In order to assess the relevance and strength of each of the nine modelled UTAUT2 

constructs in explaining the variance in the behavioural intention, we use the R-square 

measure of a regression analysis of the UTAUT2 survey data collected by Bucheli & 

Scholderer (Bucheli & Scholderer, under review). We split the survey data into the two 

subsets according to two distinct questionnaires, the situation-unspecific versus situation-

specific item formulations and performed a regression analysis on both data sets separately. 

The factors representing the UTAUT2 constructs were calculated as mean scores of the 

corresponding item scores. The regression analysis was performed by using elastic-net 

regularised generalised linear models as developed by Friedman et al. (2019). The full 

model BI ~ PE + EE + SI + FC + HA + HM + PR + TB + TM defines the baseline model. 

For all constructs, a regression model of the form BI ~ construct was specified and fitted to 

both data sets grouped by all three payment methods cash, card and mobile payment. Table 

A-1 summarises the estimated R-square measures of the regression analysis. 

 

Table A-1. R-square statistics of the regression analysis of the UTAUT2 survey data. For all UTAUT2 
constructs, a regression model of the form BI ~ construct was fitted to the two data sets, SQ = N (data collected 
by using a situation-unspecific UTAUT2 questionnaire) and SQ = Y (data collected by using a situation-
specific UTAUT2 questionnaire). The full model BI ~ PE + EE + SI + FC + HA + HM + PR + TB + TM 
defines the baseline model. 

  Cash Card Mobile Payment 

Model  SQ = N SQ = Y SQ = N SQ = Y SQ = N SQ = Y 

Full model  .692 .734 .682 .785 .723 .767 

BI ~ PE  .390 .490 .374 .476 .362 .436 

BI ~ EE  .383 .509 .430 .509 .446 .495 

BI ~ SI  .283 .400 .222 .420 .380 .410 

BI ~ FC  .197 .304 .185 .226 .241 .278 

BI ~ HA  .584 .602 .596 .711 .480 .475 

BI ~ HM  .360 .469 .275 .540 .606 .683 

BI ~ PR  .043 .023 .033 .038 .099 .029 

BI ~ TB  .003 .006 .054 .067 .039 .039 

BI ~ TM  .000 .026 .023 .071 .035 .056 

BI ~ HA + HM  .654 .679 .635 .758 .673 .724 

Note.  1)  N = 4684 (NSQ = N = 2342, NSQ = y = 2342) 

 2)  Cash = cash; Card = credit or debit card; Mobile Payment = NFC-based mobile payment solution; (SQ = N) = data collected 
in the condition of a situation-unspecific UTAUT2 questionnaire; (SQ = Y) = data collected in the condition of a situation-specific 
UTAUT2 questionnaire; PE = performance expectancy; EE = effort expectancy; SI = social influence; FC = facilitating condition; 
HA = habit; HM = hedonic motivation; PR = perceived risk; TP = trust in provider; TM = trust in merchant; BI = behavioural 
intention. 

 3)  The regularization parameter 𝝀 controlling the contribution of the two L1- and L2-regularization terms of the elastic net 
regularization was set to .5. 
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The R-square statistics reveal that the construct habit represents the most relevant 

factor for explaining the variance in behavioural intention to use one of the well-known 

payment methods, cash or card. Habit explains up to 59.6% (cash = .584, card = .596, 

mobile payment = .480) of the variance in behavioural intention. Incorporating the 

situational context of the payment situation into the model by linking the item questionnaire 

to concrete payment situations increases the R-square statistics up to a value of 71.2% (cash 

= .602, card = .711, mobile payment = .475). Besides, the R-square results also reveal that 

the construct hedonic motivation reflects the most relevant factor for explaining the 

variance in behavioural intention to use the new mobile payment technology. Hedonic 

motivation explains up to 60.6% of the variance in behavioural intention to use mobile 

payment in comparison to .360 for cash or .275 for the card payment method. Linking the 

item questionnaire to concrete payment situations increases the R-square statistics up to a 

value of 68.3% (cash = .469, card = .540, mobile payment = .683). 

Table A-2 shows the estimated R-square measures of the regression analysis but now 

with adjusted values for the UTAUT2 construct behavioural intention calculated as the 

difference between the unadjusted value of the payment method k and the maximal value 

of the other payment options k’ according to the formula 𝐵𝐼𝑘,𝑎𝑑𝑗 = 𝐵𝐼𝑘 − max𝑘′≠𝑘(𝐵𝐼𝑘′) (A. 1) 

Table A-2. R-square statistics of the regression analysis of the UTAUT2 survey data with an adjusted 
UTAUT2 construct behavioural intention. A regression model of the form BIadj ~ construct was fitted to both 
data sets, SQ = N (data collected by using a situation-unspecific UTAUT2 questionnaire) and SQ = Y (data 
collected by using a situation-specific UTAUT2 questionnaire). The full model BIadj ~ PE + EE + SI + FC 

+ HA + HM + PR defines the baseline model. 

  Cash Card Mobile Payment 

Coefficients  SQ = N SQ = Y SQ = N SQ = Y SQ = N SQ = Y 

Full model  .731 .797 .635 .760 .732 .759 

BI ~ PE  .389 .538 .287 .436 .386 .451 

BI ~ EE  .405 .557 .327 .504 .466 .516 

BI ~ SI  .282 .423 .238 .420 .402 .422 

BI ~ FC  .164 .287 .091 .227 .260 .309 

BI ~ HA  .611 .659 .485 .635 .513 .505 

BI ~ HM  .545 .660 .412 .590 .544 .609 

BI ~ PR  .064 .036 .010 .011 .129 .041 

BI ~ HA + HM  .710 .771 .589 .732 .682 .717 

Note.  1)  N = 4684 (NSQ = N = 2342, NSQ = Y = 2342) 

 2)  Cash = cash; Card = credit or debit card; Mobile Payment = NFC-based mobile payment solution; (SQ = N) = data collected 
in the condition of a situation-unspecific UTAUT2 questionnaire; (SQ = Y) = data collected in the condition of a situation-specific 
UTAUT2 questionnaire; PE = performance expectancy; EE = effort expectancy; SI = social influence; FC = facilitating condition; 
HA = habit; HM = hedonic motivation; PR = perceived risk; BI = behavioural intention. 

 3)  The regularization parameter 𝝀 controlling the contribution of the L1- and L2-regularization terms of the elastic net 
regularization has been set to .5. 
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The results of this second regression analysis confirm that habit and hedonic 

motivation are the dominant explanatory factors for the construct behavioural intention to 

use a specific payment method. 

 

C. Results of the association analysis of the UTAUT2 survey data 

Table A-3 summarises the results of the association analysis of the UTAUT2 survey 

data collected by Bucheli & Scholderer (Bucheli & Scholderer, under review) for the two 

payment methods contactless and mobile payment. For all combinations of the three 

variables, the stated prior experience in mobile payment, the observed choice behaviour in 

the survey and the observed real-world usage of contactless payment method, both 

association measures, the χ2 Test of Independence and Kendall’s Tau Test of Independence, 

show a significant association between these three variables. 

 

Table A-3. Association analysis of the UTAUT2 survey data. For all combinations of the three variables, the 
stated prior experience in mobile payment, the observed choice behaviour in the survey, and the observed 
real-world usage of contactless payment method, both association measures, the χ2 Test of Independence and 
Kendall’s Tau Test of Independence, show a significant association between these three variables. 

  χ2
 Test of Independence Kendall’s τb 

Test Scenario  N df χ2 p-value τb p-value 

MPE vs MPC  4684 12 245.6 < .001 0.181 < .001 

MPE vs NFCE  4684 9 116.6 < .001 0.120 < .001 

MPC vs NFCE  4684 12 55.0 < .001 0.084 < .001 

Note.  1) MPE = stated prior experience in mobile payment, MPC = observed choice behaviour in the survey, NFCE = observed real-
world usage of contactless payment method. 
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D. Illustrations of the simulated cardholder adoption curves 

Figure A-2 presents illustrations of the observed versus simulated cardholder adoption 

curves as a response to the observed POS adoption behaviour. In this out-of-sample 

validation procedure labelled as fixed-parameter, the value of the advertising model 

parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 as estimated by means of the data of the reference region Appenzell 

(𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 = 4.22e-04) is used for the simulation of the cardholder adoption behaviour 

for the validation set of 10 randomly chosen distinct geographical regions. The figure 

shows the averaged simulated adoption curves for NSimulation = 30 for the simulated time 

period between 2011 and 2019 being equivalent to Ntick = 3270 simulation steps.  

 

 

Figure A-2. Illustration of the simulated versus observed cardholder adoption curves as a response to the 

observed POS adoption behaviour. In this fixed-parameter validation scenario, the value of the advertising 

model parameter as estimated with the data of the reference region Appenzell is used for the simulation of 

the cardholder adoption behaviour for the validation set of 10 randomly chosen distinct geographical regions 

(𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 =  4.22𝑒 − 04, NSimulation = 30, Ntick = 3270). 
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Figure A-3 shows the illustrations of the second out-of-sample validation procedure 

labelled as adaptive search strategy. In this validation scenario, the optimal value of the 

advertising model parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 was estimated for all 11 geographical regions 

separately by using the adaptive search strategy. The figure shows the averaged simulated 

cardholder adoption curves for NSimulation = 50.  

 

 

Figure A-3. Illustration of the simulated versus observed cardholder adoption curves as a response to the 

observed POS adoption behaviour. In this adaptive search strategy validation scenario, the optimal value for 

the advertising model parameter 𝜆𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 was estimated for each of the 11 geographical regions separately 

(NSimulation = 50, Ntick = 3270). 
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Figure A-4 shows the illustrations of the adoption curves for the second simulation 

scenario for the case where both effects were activated (NSimulation = 30). 

 

 

Figure A-4. Illustration of the simulated versus observed cardholder adoption curves for the second 

simulation scenario for the case where both effects were activated (NSimulation = 30, Ntick = 3270). 
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E. Simulation program flowchart & implementation 

Figure A-5 shows the simulation flowchart with the core building blocks, model 

initialisation, simulation run28, and logging of the simulation results.  

 

Figure A-5. Program flowchart of the simulation model with the building blocks initialisation, simulation 

run, and logging of the simulation results. 

 

One loop of the simulation steps within the building block simulation run reflects a 

day and is controlled by the observed empirical consumer purchase and payment behaviour. 

The temporal dynamics of the individual purchase behaviour are often modelled as a 

Poisson process (see, for example, Schmittlein et al., 1987; Glady et al., 2009). Guided 

again by the parsimony principle, however, we used a simple probability function 

calibrated on the real-world card transaction data.  

 

28 In order to keep the flowchart as simple as possible, only the update mechanism of behavioural 

intention by observing the payment behaviour of other consumers at the POS is described. 
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We implemented the agent-based simulation model in the NetLogo 6.1 environment.    

Figure A-6 shows a snapshot of the corresponding user interface of the simulation model. 

The full NetLogo model, along with sample datasets and detailed model descriptions, can 

be requested from the author. 

 

 

Figure A-6. UI of the implementation of the ABM simulation model in the NetLogo 6.1 environment.  
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Conclusion 

  In summary, this PhD dissertation contributes in several ways to the body of 

knowledge in consumer research on the adoption and acceptance of new technologies. On 

a methodological level, Chapter 2 outlines the reconceptualisation of the acceptance of new 

technology from a standard, non-choice, singular-object and attitudinal problem to a choice 

problem formulation with the competing technology alternatives defining the choice set. 

We operationalised this approach by taking the well-known and broadly used technology 

acceptance modelling framework UTAUT2 (Venkatesh et al., 2012) as a reference model 

and payment technology as the particular subject of interest defining the application context 

of this PhD research work.  

In Chapter 1, we demonstrated that the UTAUT2 framework can be operationalised in 

such a way that the measurement model possesses a sufficient level of measurement 

invariance across the two contextual variations of interest (competing technologies and 

distinct usage situations). We could establish strong and in many cases even strict factorial 

invariance across the different conditions we tested. This result ensures that group 

comparisons such as those conducted in the statistical analysis in Chapter 2 are indeed 

meaningfully interpretable.  

The results in Chapter 2 reveal that the heterogeneity of individual preferences with 

respect to competing technologies represents, as hypothesized, a significant source of 

variation. Furthermore, we demonstrated that the usage context of a given technology is 

another significant factor influencing individual choice behaviour. Accounting for these 

two sources of variance in the statistical modelling improves substantially the predictive 

accuracy of the models, both when the intention to use is defined as the target variable and 

when the stated choice is defined as the target variable. 

Finally, Chapter 3 introduced a further methodological extension of the “standard 

approach” in technology acceptance research, incorporating empirically grounded agent-

based modelling and simulation techniques and thereby allowing us to study the dynamic 

aspects of the technology adoption process. This extension provides a basis for scenario 

analysis and “ex-ante” forecasting of the adoption dynamic in a specific target market. We 

demonstrated the capability of this approach by simulating a real-world adoption process: 

the two-sided market problem of the adoption of NFC-based contactless payment 

technology by consumers in the Swiss credit card market. We validated the corresponding 

agent-based model by calibrating it on the basis of real-world credit card transaction data 

and then simulating and reconstructing real-world adoption curves for a set of randomly 

selected geographical regions in Switzerland. The obtained simulation results were highly 

satisfactory and lend much support to our approach. This third chapter constitutes a 

significant contribution to the adoption process modelling literature, introducing techniques 
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for simulating, studying and forecasting the dynamics of adoption processes of consumer 

technologies based on empirically founded parameter assumptions. 
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Konklusion 

  Sammenfattende bidrager denne ph.d.-afhandling på flere måder til den samlede 

viden om forbrugerundersøgelser omhandlende anvendelse og accept af nye teknologier. 

Kapitel 2 skitserer på metodisk plan gentænkningen af accept af ny teknologi fra et 

standard-, non-choice-, singularobjekt- og holdningsmæssigt problem til en choice 

problem-formulering indeholdende de konkurrerende teknologiske alternativer, der 

definerer valgsættet. Vi operationaliserede denne tilgang ved at tage den velkendte og bredt 

anvendte teknologiske analyseramme UTAUT2 (Venkatesh et al., 2012) som 

referencemodel og vælge betalingsteknologi som det særlige interessefelt, der definerer 

anvendelseskonteksten for denne ph.d.-afhandling. 

I kapitel 1 demonstrerede vi, at UTAUT2-rammen kan operationaliseres på en sådan 

måde, at målingsmodellen besidder et tilstrækkeligt niveau af målemæssig invarians på 

tværs af de to kontekstuelt forskellige interesseområder (konkurrerende teknologier og 

forskellige anvendelsessituationer). Vi kunne etablere stærk og i mange tilfælde endda 

fuldstændig factorial invariance på tværs af de forskellige omstændigheder, vi undersøgte. 

Dette resultat sikrer, at gruppesammenligninger som dem, der blev udført i den statistiske 

analyse i kapitel 2, faktisk kan tolkes meningsfuldt. 

Resultaterne i kapitel 2 afslører, at heterogeniteten i individuelle præferencer i forhold 

til konkurrerende teknologier repræsenterer en betydelig kilde til variation, som vi antog. 

Desuden demonstrerede vi, at brugskonteksten for en given teknologi er en anden væsentlig 

faktor, der har indflydelse på individuel valgadfærd. Det forbedrer væsentligt modellens 

præcision ift. forudsigelser, når der redegøres for disse to kilder til varians i den statistiske 

modellering; både når intention om anvendelse defineres som målvariablen, og når angivet 

valg defineres som denne. 

Endelig introducerede kapitel 3 yderligere en metodologisk udvidelse af 

”standardtilgangen” til forskning i accept af ny teknologi, der inkorporerer empirisk 
forankret agentbaseret modellering og simuleringsteknikker og derved giver os mulighed 

for at studere de dynamiske aspekter af processen vedr. indførelse af ny teknologi.  

Denne udvidelse giver grundlag for scenarieanalyse og forudgående prognoser for 

optagelsesdynamikken i et særligt udvalgt marked. Vi demonstrerede denne tilgangs 

egnethed ved at simulere en rigtig optagelsesproces: det dobbeltsidede markedsproblem 

med vedtagelsen af NFC-baseret kontaktløs betalingsteknologi hos forbrugere på det 

schweiziske kreditkortmarked. Vi validerede den tilsvarende agentbaserede model ved at 

kalibrere den på baggrund af reelle transaktionsdata fra kreditkort og derefter simulere og 

rekonstruere rigtige kurver over optagelse for et sæt tilfældigt udvalgte geografiske 

regioner i Schweiz.  
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De opnåede simuleringsresultater var meget tilfredsstillende og støtter i høj grad vores 

tilgang. Tredje kapitel udgør et væsentligt bidrag til litteraturen om modellering af 

optagelsesprocesser ved at introducere nye teknikker til at simulere, studere og forudsige 

dynamikken i disse optagelsesprocesser vedr. forbrugerteknologi baseret på empirisk 

funderede parameter assumptions. 
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