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SUMMARY 

 

This dissertation is composed of three self-contained chapters with the common theme of the 

structural equation modeling method referred to as PLS, the partial least squares path modeling 

method. The first chapter introduces a cross-validated predictive ability test to conduct pairwise 

comparison of the predictive power of competing models. This chapter also proposes a stepwise 

predictive model comparison procedure to guide researchers, and it demonstrates the practical utility 

of the test using the well-known American Customer Satisfaction Index model. The second chapter 

investigates whether cross-functional team stability is critical for the development of successful new 

products. Analysis of survey data from 143 teams shows that stability plays a relatively limited role 

in creating superordinate identity. Instead, managers should focus on creating strong interlinked 

accountability, evaluation, and rewards in order to promote a cooperative attitude among members. 

The final chapter introduces a set of tests of measurement invariance in reflectively measured 

constructs by using the latent variable scores estimated from PLS. The chapter provides guidelines 

on how to sequentially perform the different levels of measurement invariance tests, and by means of 

an empirical example it illustrates how the proposed procedure allows researchers to perform 

experimental survey designs within a PLS framework. 

While chapter one and three are focused on enhancing the analytical capabilities within the PLS 

methodology, chapter two contributes to the marketing literature on cross-functional team stability. 

Chapter two has important empirical findings in itself, but in this dissertation it also has the purpose 

of putting the method expansions in chapter one and three into context with an empirical application 

that uses the prevailing PLS methodology for model validation. The measurement invariance test 

outlined in chapter three would for instance be necessary if the findings of chapter two were compared 

across countries and/or to similar variables obtained at other dates. Chapter one would be relevant to 

chapter two if researchers wish to compare competing theoretical frameworks within the cross-

functional team stability literature. Chapter one focus on finding the best structural model, while 

chapter three is concerned with the measurement model. In this respect, the focus of these two 

chapters treats separate but crucial elements of the PLS framework. 
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Chapter 1. Prediction: Coveted, Yet Forsaken? Introducing a Cross-Validated Predictive Ability 

Test in Partial Least Squares Path Modeling (Joint with Pratyush Nidhi Sharma, G. Tomas M. Hult, 

Morten Berg Jensen, Marko Sarstedt, Joseph F. Hair, and Christian M. Ringle)1 introduces the cross-

validated predictive ability test (CVPAT) in partial least squares path modeling. PLS is an excellent 

tool for building theories that offer both explanation and prediction. One limitation of PLS, however, 

is the lack of a statistical test to assess whether a proposed or alternative theoretical model offers 

significantly better out-of-sample predictive power than a benchmark or an established model. The 

CVPAT can help mitigate this problem by conducting a pairwise comparison between two 

theoretically derived models in terms of their ability to predict the indicators of all dependent latent 

variables simultaneously. To quantify the out-of-sample prediction errors, CVPAT relies on k-fold 

cross-validation. The losses of each model are compared against each other using a t-test, and the 

performance of CVPAT is substantiated via multiple Monte Carlo studies. Over the range of relevant 

empirical factor levels considered, these simulations indicate that CVPAT has proper Type I error, 

decent power levels, and that the procedure reliably detects overfitting in the structural model. The 

chapter contains a stepwise procedure for the prediction-oriented model selection method that seeks 

to align the causal-explanatory feature of PLS with the evaluation of out-of-sample performance. To 

provide additional validation and to highlight the utility of CVPAT, we compare two competing 

theoretical models and use the well-known American Customer Satisfaction index. Based on a 

comparison of out-of-sample performance, we cannot find support for an alternative model that has 

perceived value as antecedent to customer loyalty when compared against an established model that 

has customer satisfaction as antecedent to customer loyalty.  

Chapter 2. How Critical is Stability in Cross-Functional Product Development Teams? (Joint with 

Rajesh Sethi, Anju Sethi, Shikhar Sarin, and Divya Sethi) examines whether cross-functional team 

stability is critical for the development of successful new products. Managers have generally regarded 

team stability as an important factor for team effectiveness, but a changing organizational reality 

makes it less likely for organizations to rely on having stable teams. Therefore, we investigate if there 

are other ways to structure teams to ensure positive outcomes. Previous research has found both 

outcome interdependence (i.e., linking team members' responsibility, accountability, etc. to the 

project) and task interdependence (the project creates dependence on each member’s 

expertise/resources and support) to be relevant in terms of new product performance. We draw on 

social identity theory in hypothesizing that superordinate identity (the extent to which members 
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identify with the team) fully mediates the relation from both outcome interdependence, task 

interdependence, and team stability to new product performance. Hence, the main question is which 

of the antecedents to superordinate identity that has the largest effect on superordinate identity. A 

PLS analysis of survey data from 143 teams shows that stability plays a relatively limited role in 

creating superordinate identity. However, the outcome interdependence in the team is much more 

powerful in influencing superordinate identity, and the presence of outcome interdependence reduces 

the effect of stability – making stability even less important.  Furthermore, using a moderated 

mediation analysis, we find that team stability only has an effect on new product performance through 

superordinate identity for low values of outcome interdependence. Our study therefore indicates that 

managers can safely ignore the commonly held notion that team stability is critical for effective new 

product outcomes. Instead, managers should focus on creating a strong superordinate team identity 

by developing strong outcome interdependence.  

Chapter 3. Measurement Invariance Testing with Latent Variable Scores using Partial Least Squares 

Path Modeling introduces a regression-based approach for testing measurement invariance in 

reflectively measured constructs by using the latent variable scores estimated from PLS. 

Measurement invariance in general refers to the hypothesis that the metric of a construct across groups 

or occasions is the same, and that this is an important prerequisite condition before comparing 

structural equation models across time or groups. Even though tests for measurement invariance are 

common in other areas of structural equation modeling, PLS does not provide a method for testing 

measurement invariance in reflectively measured constructs. In order to fill this research gap, I adopt 

the conceptual framework of measurement invariance testing from the covariance-based structural 

equation modeling literature, but cast the testing procedure into a PLS context. More specifically, I 

develop a test for metric invariance, which tests equality of factor loadings between groups, and a test 

for scalar invariance, which tests for equality of intercepts between groups. I propose to use the 

conventional PLS validations of the outer measurement model to evaluate configural invariance and 

to use the robust Levene test together with the metric invariance test to assess if there are equal 

variances in the outer measurement errors. All of these tests are embedded in the commonly used 

sequential step procedure of measurement invariance testing. Simulations show that the proposed 

tests for metric and scalar invariance have adequate Type I error under the null hypothesis and 

satisfactory power levels in both multigroup analysis and longitudinal studies. In the longitudinal 

case, I use panel bootstrapping to account for intraindividual correlation in outer measurement errors. 

Due to the many sequential steps in the measurement invariance testing procedure, and in order to 

facilitate its practical utility, I give recommendations on the use of the proposed procedure, both in 
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the case of full and partial measurement invariance. This chapter concludes with an empirical example 

that shows how the proposed procedure can enable researchers to conduct experimental survey 

designs in a PLS framework.  
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DANISH SUMMARY 

 

Denne afhandling er sammensat af tre selvstændige kapitler, men har estimeringsmetoden partial least 

squares path modeling (PLS) som et gennemgående tema. Det første kapitel introducerer en 

krydsvalideret test til at udføre parvis sammenligning af forudsigelsesevnen i konkurrerende PLS 

modeller. Dette kapitel indeholder en trinvis procedure der kan vejlede i anvendelsen af denne test, 

og testens praktiske anvendelighed illustreres ved hjælp af den velkendte model for det amerikanske 

kundetilfredshedsindeks. Det andet kapitel undersøger om stabiliteten i tværfaglige teams er kritisk 

for virksomheders udviklingen af succesfulde nye produkter. Igennem en analyse af 143 tværfaglige 

teams viser vi, at stabilitet spiller en relativt begrænset rolle i skabelsen af en overordnet teamidentitet. 

I stedet skal ledere fokusere på at skabe teams der har en stærk gensidig ansvarlighed og bliver 

evalueret i forhold til deres bidrag til teamets succes. Dette vil skabe en højere grad af teamidentitet, 

som til gengæld har en positiv indflydelse på skabelsen af succesfulde produkter. I det sidste kapitel 

introducerer jeg en række statistiske test, der undersøger om målemodellen i PLS er ens på tværs af 

grupper eller over tid. Ved at angive retningslinjer for den sekventielle udførelse af disse test 

sammenfatter jeg dem til en overordnet procedure.  Procedurens praktiske anvendelse illustreres ved 

hjælp af et empirisk eksempel. Dette eksempel viser også hvorledes den foreslåede procedure giver 

forskere mulighed for at udføre kontrollerede forsøg inden for en PLS-ramme. 

Mens kapitel et og tre fokuserer på at forbedre de analytiske redskaber inden for PLS, bidrager kapitel 

to til markedsføringslitteraturen om tværfunktionel teamstabilitet. Kapitel to har vigtige empiriske 

implikationer i sig selv, men i denne afhandling bidrager dette kapitel også til at sætte 

metodeforlængelserne i kapitel et og tre i sammenhæng med de aktuelle modelvalideringer i PLS. De 

statistiske test for måleinvarians, beskrevet i kapitel tre, ville for eksempel være nødvendige, hvis 

resultaterne fra kapitel to blev sammenlignet på tværs af lande og/eller med lignende stikprøver i 

andre tidsperioder. Kapitel et ville være relevant for kapitel to, hvis forskere ønsker at sammenligne 

konkurrerende teoretiske modeller inden for litteraturen omhandlende tværfunktionelle teams. 

Kapitel et fokuserer på at finde den bedste strukturelle model, mens kapitel tre omhandler 

målemodellen. I den henseende fokuserer disse to kapitler på separate, men afgørende elementer i 

PLS modellen. 
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Kapitel 1. Prediction: Coveted, Yet Forsaken? Introducing a Cross-Validated Predictive Ability 

Test in Partial Least Squares Path Modeling  (fælles med Pratyush Nidhi Sharma, G. Tomas M. 

Hult, Morten Berg Jensen, Marko Sarstedt, Joseph F. Hair, og Christian M. Ringle)2 introducerer 

metoden cross-validated predictive ability test (CVPAT) som kan anvendes til at teste hvilken af to 

konkurrende PLS modeller der har den bedste forudsigelsesevne. PLS er et fremragende værktøj til 

at opbygge teorier, der tilbyder både forklaring og forudsigelse. En begrænsning af PLS er 

imidlertid manglen på en statistisk test for at vurdere, om en alternativ teoretisk model tilbyder 

væsentligt bedre forudsigelsesevne, uden for den tilgængelige stikprøve, end en etableret model. 

CVPAT kan afhjælpe dette problem ved at foretage en parvis sammenligning mellem to teoretisk 

afledte modeller i forhold til deres evne til at forudsige indikatorerne for alle afhængige latente 

variabler. For at kvantificere forudsigelsesfejl uden for stikprøven benytter CVPAT sig af k-fold 

krydsvalidering. Forudsigelsesfejlene i hver model sammenlignes med hinanden ved hjælp af en t-

test. Via flere Monte Carlo simulationer finder vi at CVPAT har tilfredsstillende egenskaber under 

både nulhypotesen og alternativ hypotesen. I intervallet af de relevante empiriske faktorniveauer vi 

tager i betragtning, indikerer disse simuleringer, at CVPAT har korrekt Type I fejl, en 

tilfredsstillende sandsynlighed for at afvise en falsk nulhypotese, og at proceduren pålideligt påviser 

hvis der medtages for mange parametre i den strukturelle model. Vi angiver en trinvis procedure der 

ensretter CVPATs evaluering af modellers forudsigelsesevne uden for stikprøven, med den kausale 

fortolkning af PLS resultater. Den praktiske anvendelse af CVPAT bliver illustreret igennem en 

sammenligning af to konkurrerende teoretiske modeller og anvender det velkendte amerikanske 

kundetilfredshedsindeks som datagrundlag. Baseret på en sammenligning af de to modellers 

forudsigelsesevne uden for en given stikprøve kan vi ikke finde støtte til en alternativ model, der 

har opfattet værdi som forudgående for kundeloyalitet, sammenlignet med en etableret model, der 

har kundetilfredshed som forudgående for kundeloyalitet. 

Kapitel 2. How Critical is Stability in Cross-Functional Product Development Teams? (fælles med 

Rajesh Sethi, Anju Sethi, Shikhar Sarin, og Divya Sethi) undersøger, om stabiliteten i tværfaglige 

teams er kritisk for udviklingen af succesfulde nye produkter. Organisationer har over tid fået mindre 

muligheder for have teams der har de samme medlemmer fra start til slut. Dette skaber en udfordring 

for virksomheder der generelt har set stabile teams som en nødvendig faktor for disse teams 

effektivitet. Derfor undersøger vi, om der er andre måder at strukturere teams, således de kan opnå 

positive resultater. Tidligere forskning har fundet at både resultatafhængighed (dvs. at knytte 
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teammedlemmers ansvar, forpligtelse osv. til projektet) og opgaveafhængighed (projektet skaber 

gensidig afhængighed af hvert medlems ekspertise, ressourcer og support) er relevant med hensyn til 

at få succesfulde nye produkter. Med udgangspunkt i den social identitetsteori, antager vi at både 

resultatafhængighed, opgaveafhængighed og teamstabilitet udelukkende giver succesfulde nye 

produkter igennem en skabelse af en overordnede teamidentitet (i hvilken udstrækning medlemmer 

identificerer sig med teamet). Vores undersøgelse fokuserer derfor på, hvorledes man bedst kan skabe 

en overordnet teamidentitet. En PLS-analyse baseret på spørgeskemadata fra 143 teams viser, at 

teamstabilitet spiller en relativt begrænset rolle i at skabe en overordnet teamidentitet. 

Resultatafhængigheden i et team har derimod en langt større effekt på skabelsen af en overordnet 

teamidentitet, og tilstedeværelsen af resultatafhængighed reducerer effekten af teamstabilitet - hvilket 

gør teamstabiliteten endnu mindre vigtig. Ved hjælp af en modereret medieringsanalyse finder vi 

endvidere, at teamstabilitet kun har en effekt på skabelsen af succesfulde nye produkter, igennem den 

overordnede teamidentitet, i teams med en lav grad af resultatafhængighed. Vores undersøgelse 

indikerer derfor, at ledere kan ignorere den almindelige opfattelse af, at teamstabilitet er kritisk for at 

skabe succesfulde nye produkter. I stedet skal ledere fokusere på at skabe en stærk overordnet 

teamidentitet ved at udvikle en stærk resultatafhængighed i teamet. 

Kapitel 3. Measurement Invariance Testing with Latent Variable Scores using Partial Least Squares 

Path Modeling introducerer en regressionsbaseret tilgang til at teste for invarians i reflekterende 

målemodeller ved at anvende de latente score estimeret med PLS. Måleinvarians henviser til 

hypotesen om, at metrikken for latente variable på tværs af grupper eller tidspunkter er den samme, 

og er en vigtig forudsætning før man sammenligner strukturelle ligningsmodeller. Selvom det er 

almindeligt at teste for måleinvarians i andre typer af strukturel ligningsmodellering, findes der ikke 

en metode til at teste måleinvarians for reflekterende målemodeller i PLS. For at udbedre dette 

problem anvender jeg den konceptuelle ramme for test af invarians der bruges i litteraturen 

omhandlende kovarians-baserede strukturelle ligningsmodellering, men udvikler en række test der 

kan anvendes i en PLS kontekst. Mere specifikt indeholder dette kapitel en test for metrisk invarians, 

der tester om de ydre regressionskoefficienter mellem grupper er de samme og en test for skalær 

invarians, der tester om de ydre intercepts mellem grupper er de samme. Jeg bruger de konventionelle 

PLS valideringer af den ydre målemodel til at evaluere konfigural invarians, og anvender den robuste 

Levene test sammen med testen for metrisk invarians til at vurdere om variansen af de ydre målefejl 

er ens på tværs af grupper. Alle disse test er arrangeret i en sekventiel procedure til måling af 

forskellige niveauer af invarians. Via simuleringer viser jeg, at de foreslåede tests for metrisk og 

skalær invarians har tilfredsstillende egenskaber under nulhypotesen og tilfredsstillende 
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sandsynligheder for at afvise en falsk nulhypotese i situationer med enten flere grupper af individer 

eller med gentagne observationer på de samme individer. I tilfældet med gentagne observationer på 

de samme individer, tager jeg højde for mulige korrelationer i de ydre målefejl ved hjælp af panel 

bootstrapping. Jeg fremmer den praktiske anvendelighed af den sekventielle testprocedure, ved at 

give anbefalinger til dens brug, både i tilfælde med fuld og delvis måleinvarians. Dette kapitel 

afsluttes med et empirisk eksempel, der viser, hvorledes den fremførte procedure kan gøre det muligt 

at udføre eksperimentelle undersøgelsesdesign inden for en PLS-ramme.  
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Abstract 

Management researchers often develop theories and policies that are forward-looking. The 

prospective outlook of predictive modeling, where a model predicts unseen or new data, can 

complement the retrospective nature of causal-explanatory modeling that dominates the field. Partial 

least squares (PLS) path modeling is an excellent tool for building theories that offer both explanation 

and prediction. A limitation of PLS, however, is the lack of a statistical test to assess whether a 

proposed or alternative theoretical model offers significantly better out-of-sample predictive power 

than a benchmark or an established model. Such an assessment of predictive power is essential for 

theory development and validation, and for selecting a model on which to base managerial and policy 

decisions. We introduce the cross-validated predictive ability test (CVPAT) to conduct a pairwise 

comparison of predictive power of competing models, and substantiate its performance via multiple 

Monte Carlo studies. We propose a stepwise predictive model comparison procedure to guide 

researchers, and demonstrate CVPAT’s practical utility using the well-known American Customer 

Satisfaction Index (ACSI) model. 

1.1 Introduction 

Management and social science disciplines have historically placed substantial emphasis on theory 

and understanding, where prediction devoid of a causal explanation is considered suspect and 

attributed to chance correlation (Douglas, 2009; Tsang, 2009). However, deprived of the ability to 

predict, a causal explanation becomes unverifiable and uncontradictable, and so loses its practical 

relevance (Shmueli, 2010). In his seminal treatise on the philosophy of science, Conjectures and 

Refutations, Popper (1962) posited that prediction is the primary criterion for evaluating falsifiability 

and that all explanatory theories must “rise and fall based on their objective predictions” (Shugan, 

2009, p. 994). Thus, a successful marriage between explanation and prediction lends authority to our 

knowledge of a system (Dubin, 1969). This is the fundamental quest of science.   

 

While explanation and prediction are philosophically compatible, in practice they are often not treated 

as such (Yarkoni & Westfall, 2017). For example, the supervised machine-learning models utilized 

in data-driven fields like artificial intelligence, computational linguistics, and bio-informatics have 

traditionally focused solely on predictive assessments. Only recently have researchers started to 

explore how to draw causal inferences from these predictive models (Athey, 2017; Chernozhukov, 

Chetverikov, Demirer, Duflo, Hansen, Newey, & Robins, 2018; Wager & Athey, 2018). In contrast, 

the explanation-oriented models typically used in the management and social science disciplines often 
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ignore predictive power assessments using established methods such as cross-validation (Shmueli & 

Koppius, 2011; Yarkoni & Westfall, 2017). A possible reason for this singular focus is that a large 

segment of theory-driven management and social science research does not rely on observational data 

as is commonly processed by machine-learning techniques. Instead, researchers frequently deal with 

latent constructs like individuals’ attitudes, intentions, and perceptions that are analyzed by using 

complex regression-based techniques.  

 

Researchers frequently bemoan the lack of prediction in management and social science research, 

calling for the routine use of methods that facilitate estimating an explanatory model’s predictive 

power (e.g., Shmueli & Koppius, 2011; Hofman, Sharma, & Watts, 2017; Hair, Sarstedt, & Ringle, 

2019b). One particularly useful technique in this respect is the composite-based partial least squares 

path modeling (PLS), which has gained substantial popularity in the last few years in management 

research (e.g., Hair, Sarstedt, Pieper, & Ringle, 2012a; Ringle, Sarstedt, Mitchell, & Gudergan, 2019) 

and numerous other fields (e.g., Kaufmann & Gaeckler, 2015; Nitzl, 2016). PLS is considered well-

suited to create and evaluate explanatory-predictive theories due to its predictive stance coupled with 

its explanatory strengths (Jöreskog & Wold, 1982; Sarstedt, Ringle, & Hair, 2017). For example, 

Becker, Rai, and Rigdon (2013) and Evermann and Tate (2016) show that PLS has high predictive 

accuracy across a broad range of conditions. Related developments have expanded the scope of PLS’ 

predictive abilities by introducing a framework to assess out-of-sample predictive power (Shmueli, 

Ray, Velasquez Estrada, & Chatla, 2016), error-based out-of-sample metrics (Becker et al., 2013; 

Evermann & Tate, 2016), and information theory-based metrics for prediction-oriented model 

selection (Sharma, Sarstedt, Shmueli, Kim, & Thiele, 2019a; Sharma, Shmueli, Sarstedt, Danks, & 

Ray, 2019b).  

 

Despite these promising developments, a weakness in the PLS armory is the lack of a statistical test 

to compare whether a proposed or alternative theoretical model (henceforth the AM) offers 

significantly better out-of-sample predictive power than a theoretically-derived benchmark or 

established model (henceforth the EM). This is a critical requirement if PLS is to fulfill its promise 

as a predictive tool for theory development, because expert predictions in the social sciences are often 

unreliable due to their reliance on causal-explanatory models based solely on in-sample assessments 

(Silver, 2012; Gonzalez, 2015). The ability to conduct such assessments to improve the predictive 

relevance of models is crucial, not only for theory development and validation, but also for selecting 

models on which to base managerial and policy decisions (Shmueli et al., 2016; Hofman et al., 2017).   
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Our primary contribution is to fill this research gap by introducing the cross-validated predictive 

ability test (CVPAT) in PLS. The test enables a pairwise comparison between theoretically derived 

competing models, and selecting the model with the highest predictive power based on a pre-specified 

statistical significance level, to enhance the theoretical and managerial relevance of PLS studies. Due 

to its reliance on cross-validation, CVPAT helps reduce generalization error, thereby increasing the 

likelihood that the associated inferences will apply well to other data sets drawn from the same 

population (Markatou, Tian, Biswas, & Hripcsak, 2005). This characteristic is particularly useful for 

decision makers who often face binary choices while designing and reviewing policies, and who want 

to know whether they will be effective in other situations as well (Snow & Phillips, 2007).  

 

In the following, we discuss the concerns with the current predictive model assessment tools in PLS, 

and introduce CVPAT. Next, we demonstrate CVPAT’s ability to select the best model for prediction 

purposes by assessing its statistical power and Type I error probability using multiple Monte Carlo 

studies. We then introduce a stepwise predictive model comparison procedure to guide researchers, 

and illustrate its practical utility using the well-known American Customer Satisfaction Index (ACSI) 

model. Finally, we discuss potential misconceptions that may arise in the application of the CVPAT, 

and provide guidance to researchers to support its adoption.   

1.2 Explanation sans prediction: concerns regarding the current PLS prediction 

toolkit 

In recent years, PLS has become a popular tool in management and the social sciences to model 

relationships among latent and manifest variables (e.g., Hair et al., 2012a; Kaufmann & Gaeckler, 

2015; Nitzl, 2016).3 Several models relevant to the broader management field, such as the ACSI 

(Fornell, Johnson, Anderson, Cha, & Bryant, 1996) and the unified theory of acceptance and use of 

technology acceptance model (UTAUT; Venkatesh, Morris, Davis, & Davis, 2003), have relied 

almost exclusively on PLS in their development. PLS is well-suited for building theories that offer 

both explanation and prediction, because of its empirical strengths that bridge both explanatory and 

predictive goals (Shmueli et al., 2016).4 Unlike supervised machine-learning techniques – such as 

                                                 

 

3 Appendix A.1 presents a detailed mathematical description of the PLS methodology.  
4 Gregor (2006) distinguishes between scientific theories that are geared more toward explanation (e.g., evolutionary 

theory), prediction (e.g., the standard model of particle physics), or both explanation and prediction (e.g., Shannon's 

(1948) information theory). Management and social science theories typically seek to explain the underlying causal 

mechanisms, as well as to provide verifiable and generalizable predictions, to enhance the scope and practical utility of 

research.     
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artificial neural networks, which are considered “black boxes” because they offer good predictions 

but no causal interpretability (Yarkoni & Westfall, 2017) – PLS is a transparent technique. It enables 

interpretability in the form of a diagram depicting causal linkages between variables based on theory 

so that researchers can fine-tune the actual theoretical underpinnings of predictions (Shmueli et al., 

2016; Sarstedt et al., 2017). 

 

Methodological developments in PLS have focused on developing its causal-explanatory strengths 

by proposing several goodness-of-fit measures. Examples include the standardized root mean square 

residual (SRMR) and the exact fit test (Henseler, Dijkstra, Sarstedt, Ringle, Diamantopoulos, Straub, 

Ketchen, Hair, Hult, & Calantone, 2014). Besides the conceptual concerns regarding their usefulness 

in PLS (e.g., Lohmöller, 1989; Hair et al., 2019b), the goodness-of-fit criteria are usually in-sample 

measures oriented toward assessing a model’s explanatory power and specification, but not its out-

of-sample predictive power (Shmueli et al., 2016; Sharma, Pohlig, & Kim, 2017). As a result, these 

measures provide no guarantee regarding how well the model will fit another data set, nor regarding 

how generalizable the inferences and policy recommendations will be to other, similar contexts 

(Petter, 2018). In contrast to causal-explanatory model evaluation where the focus is on parameter 

estimation and model fit (Fornell & Bookstein, 1982), predictive model evaluation relies on the use 

of cross-validation and out-of-sample error metrics (Shmueli & Koppius, 2011).   

 

Research on PLS has only recently begun to follow calls to focus on its strength as a predictive 

technique (e.g., Rigdon, 2012; 2014) and propose metrics to assess predictive relevance (Shmueli et 

al., 2016; Shmueli, Sarstedt, Hair, Cheah, Ting, Vaithilingam, & Ringle, 2019). For example, Sharma 

et al. (2019b) introduced several information theory-based model selection criteria to PLS, such as 

the Akaike information criterion (AIC) and the Bayesian information criterion (BIC), to enable model 

comparisons by balancing model fit and complexity (i.e., the bias-variance tradeoff). These criteria 

strengthen PLS’s repertoire by allowing researchers to select correctly specified models with low 

prediction error. Their in-sample nature, however, means that researchers cannot assess the actual 

out-of-sample performance of models on unseen data.  

 

Thus far, the Stone-Geisser criterion (Q²), which is based on the blindfolding procedure, has been the 

only (quasi) out-of-sample test criterion with which to assess a model’s predictive relevance in PLS 

(Chin, 1998; Hair, Hult, Ringle, & Sarstedt, 2017a). Shmueli et al. (2016) note, however, that the Q² 

has several major limitations, namely (1) it does not draw a clear distinction between the training and 
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the holdout sets5 (i.e., it is not a “true” out-of-sample metric), (2) it is an ad hoc measure, which 

provides no clear cutoffs for model comparisons, and (3) its imputation steps do not take 

heterogeneity in prediction errors into account. As a remedy, they introduced the PLSpredict 

procedure, which provides a framework within which to assess a PLS path model’s predictive quality 

via true out-of-sample metrics such as the root mean square error (RMSE) and the mean absolute 

error (MAE).  

 

While PLSpredict improves PLS’s prediction-oriented model assessment capabilities considerably, 

the approach does not offer an overall inferential test to assess whether the AM’s predictive 

capabilities are significantly better than the EM’s. Deprived of this capability, researchers are left in 

the dark regarding the generalizability of their models to other samples and contexts, and incapable 

of successfully utilizing the strengths of predictive modeling in the management and social science 

disciplines (Shmueli & Koppius, 2011; Hofman et al., 2017). Addressing this critical concern, we 

propose CVPAT to enable such comparisons, and substantiate its performance via several Monte 

Carlo studies.   

1.3 The cross-validated predictive ability test (CVPAT) for predictive model 

comparison 

CVPAT is designed to conduct a pairwise comparison between two theoretically derived models for 

their ability to predict the indicators of all the dependent latent variables simultaneously. For practical 

utility and ease in decision making, the test determines whether the AM has a significantly better 

predictive accuracy than the EM (or not) at a pre-specified significance level (e.g., α = 0.05). To 

quantify the out-of-sample prediction errors, CVPAT relies on k-fold cross-validation (Stone, 1974), 

which is a widely used procedure in modern machine-learning prediction methods, but which Shmueli 

et al. (2016) have only recently introduced in the PLS context. Cross-validation seeks to assess a 

model’s out-of-sample predictive power or generalization error by recycling and splitting the sample 

into training and holdout sets k-times (Hastie, Tibshirani, & Friedman, 2009). For representative 

samples, the cross-validated generalization error estimate will typically be very close to the model’s 

true out-of-sample performance (Yarkoni & Westfall, 2017). As such, cross-validation enables the 

assessment of a model’s generalization performance, and acts as a safeguard against overfitting and 

                                                 

 

5 The training set is the subset of data on which the predictive model is built. The model is then applied and tested on 

the holdout set to assess its generalization error (Shmueli & Koppius, 2011). 
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underfitting, particularly in situations where researchers build complex models using relatively small 

data sets – as is often the case in PLS.  

CVPAT randomly splits the data set into a specific number of groups or folds (e.g., ten folds) and 

iterates through all the folds. In the first iteration, it reserves the first fold as an independent holdout 

set and estimates the model on the remaining observations, which act as the training set. Using the 

training parameter estimates, the output variables of the first fold are predicted by their input 

variables. The out-of-sample prediction error is the difference between the predicted value of the 

output variables and their actual values. The procedure is repeated for each fold to generate the out-

of-sample prediction errors for each observation in the data set. Appendix A.2 presents a detailed 

description of the CVPAT algorithm. 

 

The loss in predictive power associated with a given model is calculated as the average squared 

prediction error over all indicators associated with the endogenous latent variables. This is done as 

follows: let 𝑁 be the sample size and 𝐿𝑖,1 and 𝐿𝑖,2 denote the individual losses for the EM and the AM 

respectively; then the average loss difference �̅� is calculated as: 

 �̅� =
1

𝑁
∑ (𝐿𝑖,2 − 𝐿𝑖,1)

𝑁
𝑖=1 ≡

1

𝑁
∑ (𝐷𝑖) 

𝑁
𝑖=1 . (1.1) 

The average loss difference is, thus, a measure of the difference in the average out-of-sample 

performance between the two competing models when predicting the indicators of the dependent 

latent variables. A higher loss implies a higher average prediction error, which indicates an inferior 

out-of-sample model performance. For significance testing, we use the following test statistic:  

 𝑇 =
�̅�

√𝑆2/𝑁
, (1.2) 

where the variance,  𝑆2, is defined as  

  𝑆2 =
1

𝑁−1
∑ (𝐷𝑖 − �̅�)2𝑁

𝑖=1 .  (1.3) 

Under the null hypothesis (H0), the EM and AM have equal predictive abilities, such that the average 

loss equals zero (i.e., 𝐸(�̅�) = 0). The structure of the CVPAT test statistic given in Equation (1.2) 

resembles the Diebold and Mariano (1995) test, which also considers the average loss-differences 

divided by its variance. However, while Diebold and Mariano (1995) introduced their test to support 

model selection in a time-series framework, CVPAT is designed to be used with cross-sectional data 

in which the losses are estimated by cross-validation. Analogous to the Diebold-Mariano test, CVPAT 
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also represents a form of the paired t-test to investigate the average effect of treating each observation 

with a different model. Based on the use of cross-validated paired t-tests in the prior literature 

(Dietterich, 1998; Alpaydin, 2014), we evaluate the test statistic in Equation (1.2) with respect to a t-

distribution with N-1 degrees of freedom.6  

1.4 Simulation Study 

1.4.1 Design 

To ensure researchers can reliably utilize CVPAT in their applications with real data, we assessed its 

performance in several Monte Carlo studies by systematically manipulating an expansive set of 

experimental conditions. The aim was to compare a population model (PM) to a misspecified model 

(MM) and calculate CVPAT’s probability of selecting the PM (e.g., Ericsson, 1991).7  

The simulation study used a relatively complex model setup (Figure 1.1) that mirrored the ACSI 

model’s principal structure (Fornell et al., 1996) and reflects the typical degree of complexity seen in 

PLS studies in marketing, management, and other social science fields (e.g., Hair, Sarstedt, Ringle, 

& Mena, 2012b; Ringle et al., 2019). The data were generated based on PM 1.1 for the simulation 

study. This model was compared to a particularly challenging non-nested alternative for predictive 

purposes, MM 1.2, which used all latent variables as direct antecedents of the target construct η7. We 

also contrasted PM 1.1 to a parsimonious misspecified version, MM 1.3, to assess CVPAT’s 

applicability in nested model comparisons that are widely encountered in empirical SEM research 

(Cagli, 1984; Pornprasertmanit, Wu, & Little, 2013).  

 

                                                 

 

6 We provide evidence regarding the validity of our use of the t-distribution in the robustness checks section. 

Alternatively, bootstrapping can be used to derive the p-values and confidence intervals.   
7 In practical CVPAT applications, researchers compare the EM against an AM, both of which have been established on 

theoretical grounds. However, we use a different more suitable terminology for the simulation study, and refer to the 

models being compared as PM and MM.  
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Figure 1.1: Population model and the two misspecified models 

 

 

 

PM 1.1 (population model) MM 1.2 (non-nested misspecified model) 

 

 

MM 1.3 (nested misspecified model) 

 

Following prior simulation studies (e.g., Reinartz, Haenlein, & Henseler, 2009; Goodhue, Lewis, & 

Thompson, 2012), we manipulated the following experimental factors:  

 Twenty conditions of equally spaced and increasing R2 values in the endogenous constructs 

ranging from 0.1 to 0.6, with the inner model coefficients changing accordingly.  

 Five conditions of sample size (50, 100, 250, 500, and 1,000). 

 Five conditions of varying numbers of indicators per construct (1, 2, 4, 6, and 8). 

 Two conditions of loadings (0.5 and 0.8).8 

 

                                                 

 

8 In the additional one-indicator composite simulation case, the loadings should be set to one in order to comply with 

composite data generation.  
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We generated normally distributed composite model data using the approach employed by Sarstedt, 

Hair, Ringle, Thiele, and Gudergan (2016), as well as by Hair, Hult, Ringle, Sarstedt, and Thiele 

(2017b).9 We also conducted additional analysis using non-normal data, reported in the robustness 

checks section. We ran 3,000 replications of each of the factorial combinations, using the following 

settings: equal weights for initialization of the algorithm (Hair et al., 2017a), correlation weights for 

the outer model estimations in all the initial simulations (Wold, 1982; Chin, 1998), path weighting 

scheme for the inner model estimations (Lohmöller, 1989), and a stop criterion of 10−5 (Tenenhaus, 

Esposito Vinzi, Chatelin, & Lauro, 2005). All simulations were run using the R statistical software 

(R Core Team, 2019) on a parallel computing environment. 

1.4.2 Results of the Power Analysis 

We investigated CVPAT’s ability to correctly reject the null hypothesis that the PM and the MM have 

equal predictive capabilities (𝐻0: 𝑙𝑜𝑠𝑠 𝑀𝑀 − 𝑙𝑜𝑠𝑠 𝑃𝑀 = 0) in favor of the alternative hypothesis that 

the PM has a higher predictive capability (i.e., a lower loss) than the MM (𝐻1: 𝑙𝑜𝑠𝑠 𝑀𝑀 −

𝑙𝑜𝑠𝑠 𝑃𝑀 > 0). A specific factor combination’s estimated power is calculated as Power̂ =

1

R
∑ 𝟙(pr ≤ 0.05)R

r=1  at the 5% significance level, where pr is the p-value of the 𝑟𝑡ℎ Monte Carlo run, 

𝟙(∙) is the indicator function, and R is the total number of Monte Carlo repetitions (Cameron & 

Trivedi, 2005). A power level of 0.8 signifies that CVPAT chose the PM in at least 80% of the 

simulation runs across the experimental conditions. Note, however, that a power level of 0.8 does not 

imply the CVPAT chose the incorrect model 20% of the time.   

The graphs in Figure 1.2 show the power results with varying sample sizes when keeping the number 

of indicators fixed at four. The x-axis plots increasing levels of R² values for specific constructs. The 

discrepancy between the null and alternative hypothesis increases with an increase in R2 values, 

resulting in higher power levels for CVPAT.  

When comparing PM 1.1 with the non-nested MM 1.2, we found that CVPAT’s power increased with 

sample size and R2 (Figure 1.2, left). With larger sample sizes (≥ 250), power levels surpassed the 

recommended threshold value of 0.8 at moderate R2 values of 0.35 (Cohen, 1988). With sample size 

100, power levels passed 0.8 when R2 was higher than 0.45. In contrast, with smaller sample sizes 

                                                 

 

9 We also generated factor model data using the method recommended by Reinartz et al. (2009) and Sarstedt et al. 

(2016). This alternative data generation approach leads to very similar results, findings and conclusions. The only 

notable difference is related to the number of indicators per measurement model. In contrast to composites, a lower 

number of indicators does have a negative effect on the power levels when considering common factors. 
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(n = 50), power levels breached the 0.8 level only when R2 was higher than 0.55. For the nested model 

comparison between PM 1.1 and MM 1.3 (Figure 1.2, right), we found that power levels surpassed 

0.8 for larger sample sizes (≥ 250) at relatively low R2 values of 0.25 and higher. A sample size of 

100 required R2 to be greater than 0.35 for acceptable power, while small sample (n=50) required 

relatively high R2 values of 0.5 and higher.  

Figure 1.2: Power analyses for varying sample sizes 

Comparison between PM 1.1 and the non-nested MM 1.2 

 

In PM 1.1, R7

2  is fixed to 0.2 and R2

2 =  R3

2 = R4

2 = R6

2   

is increased along the x-axis. 

Comparison between PM 1.1 and the nested MM 1.3 

 

In PM 1.1, R3

2 =R6

2 is fixed to 0.2 and R2

2 = R4

2 = R7

2   

is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators 

 

Next, we analyzed the effect of the number of indicators in the measurement model on the CVPAT 

power levels. Figure 1.3 shows that the number of indicators per construct did not have an appreciable 

effect on the power level. While the results shown in Figure 1.3 are for a sample size of 250, these 

differences did not change noticeably with other sample sizes. 
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Figure 1.3: Power analyses for varying number of indicators 

Comparison between PM 1.1 and the non-nested MM 1.2 

 

In PM 1.1, R7

2  is fixed to 0.2 and R2

2 = R3

2 = R4

2 = R6

2   

is increased along the x-axis. 

Comparison between PM 1.1 and the nested MM 1.3 

 

In PM 1.1, R3

2 =R6

2 is fixed to 0.2 and R2

2 = R4

2 = R7

2   

is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; the data sets have a size of N=250 

These results hold for acceptable item loadings of 0.8 for the construct’s measurement. In contrast, 

low item loadings had a negative effect on the power. Figure 1.4 displays the power levels with four 

indicators per construct, each with a low loading of 0.5, which is less than the recommended threshold 

of 0.7. As can be seen in the figure, low loadings necessitated larger samples with much higher inner 

model R2 values to reach an acceptable power level. For example, sufficient power was achieved with 

a sample size of 250 only when the R2 was higher than 0.5 for the non-nested comparison, and 0.4 

for the nested comparison. In particular, we found that sufficient power levels may not be achievable 

with sample sizes smaller than 100 and low item loadings. These results suggest that recommended 

levels of item loadings are required to achieve sufficient power levels when using CVPAT. 
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Figure 1.4: Power analyses for different sample sizes with low loadings (0.5) 

Comparison between PM 1.1 and the non-nested MM 1.2 

 
In PM 1.1, R7

2  is fixed to 0.2 and R2

2 =  R3

2 = R4

2 = R6

2   

is increased along the x-axis. 

Comparison between PM 1.1 and the nested MM 1.3 

 
In PM 1.1, R3

2 =RY6

2 is fixed to 0.2 and R2

2 = R4

2 = R7

2   

is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators 

Overall, this analysis provides evidence that CVPAT is effective in correctly rejecting the null 

hypothesis with standard sample sizes and levels of measurement model loadings, and when the inner 

models show moderate to high levels of R2, as is generally seen in management research. Under these 

conditions, PLS researchers can confidently expect to achieve high power levels with CVPAT, 

underlining its practical utility for most research situations. With small sample sizes (e.g., 100), 

researchers can still expect to achieve satisfactory power levels, provided that R2 values are also high 

(0.45 or higher). However, the use of CVPAT becomes impractical when sample sizes are smaller 

than 100 or when item loadings are low, because high R2 values may not be achievable under these 

circumstances, and thus sufficient power is not guaranteed.  

1.4.3 Robustness Checks 

We provide further evidence of CVPAT’s practical utility by conducting several robustness checks 

that assessed its performance under a broader range of conditions. First, we assessed the CVPAT test 

statistic’s reliance on the t-distribution. A test statistic that follows a t-distribution with N-1 degrees 

of freedom is expected to incorrectly reject a true null hypothesis (i.e., Type I error) in 5% of cases 

given a 0.05 significance level. To determine whether our test statistic met this criterion, we 

conducted an additional model comparison study under the null hypothesis of equal predictive ability, 

assuming a t-distribution with N-1 degrees of freedom and a 0.05 significance level. We repeated the 

analysis 3,000 times to calculate the percentage of runs in which the null hypothesis was falsely 

rejected. Table 1.1 shows the results of this simulation study. For an explanation of the models 

compared and the different factor levels considered in the simulation study, please see Appendix A.3. 
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The results show that the Type I error rates in general were slightly lower than 5%, which confirms 

that CVPAT is a well-sized, but mildly conservative inferential test.10 

Table 1.1: The CVPAT’s Type I error probability results when using a paired t-test.  

Inner model 

coefficient 

Number of 

Indicators 
Sample sizes 

    50 100 250 500 1,000 10,000 

Low: 0.15 1 0.029 0.026 0.029 0.041 0.041 0.045 

2 0.075 0.062 0.036 0.042 0.041 0.051 

4 0.066 0.048 0.030 0.037 0.04 0.059 

6 0.062 0.053 0.036 0.036 0.038 0.050 

8 0.073 0.051 0.027 0.034 0.042 0.049 

Medium: 0.3 1 0.043 0.046 0.047 0.042 0.045 0.042 

2 0.056 0.046 0.041 0.049 0.038 0.043 

4 0.044 0.042 0.037 0.039 0.039 0.045 

6 0.045 0.039 0.038 0.045 0.037 0.043 

8 0.038 0.048 0.036 0.038 0.037 0.051 

High: 0.5 1 0.047 0.042 0.04 0.034 0.036 0.040 

2 0.049 0.047 0.033 0.043 0.042 0.039 

4 0.041 0.040 0.038 0.040 0.028 0.039 

6 0.040 0.043 0.036 0.037 0.039 0.040 

8 0.042 0.038 0.032 0.037 0.040 0.034 

Second, we assessed the effect of non-normally distributed data on CVPAT’s power level by re-

running the model setup shown in Figure 1.1. We used exponential distribution with a scale parameter 

of one, kurtosis six, and skewness two (for simulations with non-normal data in PLS, also see Ringle, 

Sarstedt, & Schlittgen, 2014). As shown in Figure A.2 (Appendix A.4), non-normality adversely 

affected CVPAT power levels. In general, compared to normal data (c.f. Figure 1.2), CVPAT required 

somewhat higher levels of R2 to achieve similar power for each sample size. For example, a sample 

                                                 

 

10 The probability of making a Type I error is sometimes called the size of the test (Cameron & Trivedi, 2005, p. 246). 

Accordingly, by “well-sized” we mean that the true size of the test corresponds well to the nominal size of the test. That 

is, when the researcher uses a test on a significance level of 5% (nominal size) and the null hypothesis is true, s/he will 

also falsely reject the null hypothesis in approximately 5% of the cases. 
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size of 250 required an R2 value of at least 0.45 for the non-nested comparison and 0.3 for the nested 

comparison. Moreover, a small sample size of 100 required an R2 of at least 0.55 for non-nested 

comparison, and 0.45 for nested comparison. With smaller sample sizes (n=50), sufficient power 

levels may be very difficult to achieve in practice, in which case the use of CVPAT is not 

recommended.  

Third, we investigated CVPAT’s performance for measurement models with formative indicators 

(Sarstedt et al., 2016; Bollen & Diamantopoulos, 2017). This analysis compared PM 1.1 with the 

nested MM 1.3. However, in both models, 휂1 was now specified as a formative construct and we used 

regression weights to estimate their outer weights (Rigdon, 2012; Becker et al., 2013). The power 

results with the formative measurement model generally mirrored those of the reflective measurement 

model (Figure A.3 in Appendix A.4). In particular, the sample size and R² values continued to be the 

primary drivers of CVPAT power levels.  

Fourth, we investigated CVPAT’s performance in the presence of mediation effects that are widely 

assessed in PLS (Nitzl, Roldán, & Cepeda Carrión, 2016; Hair et al., 2017a). Figure A.4 in Appendix 

A.5 shows the simple model setup with three reflective constructs similar to the study by Henseler 

and Sarstedt (2013). Model 2.1 has two relationships, i.e., between η1 and η2, and between η2 and η3. 

Thus, η2 (fully) mediates the relationship between η1 and η3. In contrast, Model 2.2 has no relationship 

between η2 and η3, but a relationship between η1 and η3. To mitigate the possibility of bias against a 

specific type of model structure, each of the two models acted as the PM in turn, while the other acted 

as the MM. This resulted in two model comparison cases. For each case, we assessed CVPAT’s 

performance in selecting the PM. The results show that power levels easily surpassed 0.8 in both 

cases for sample sizes of 100 or more and when the R² was 0.25 or higher (Figure A.5 in Appendix 

A.5). Similar to our main analysis (Figure 1.4), we found that low item loadings (0.5) had a negative 

effect (Figure A.6 in Appendix A.5), but the number of indicators did not have any noticeable effect 

on power (Figure A.7 in Appendix A.5). We also found that the effect of non-normality was less 

pronounced in the simple model setup (Figure A.8 in Appendix A.5) than in the complex model setup 

(Figure A.2 in Appendix A.4). This analysis confirms CVPAT’s practical utility when dealing with 

both mediation and non-mediation model comparisons across a wide range of factor levels.  

Fifth, we considered that researchers can implicitly assume that the model with the highest number 

of predictors is the best predictive model due to its high R2 value, although overspecified models 

often offer weaker predictive outcomes (Shmueli & Koppius, 2011). We therefore investigated 

whether CVPAT has a systematic tendency to select a more complex model (i.e., overfitting) by 
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conducting an additional simulation study that compared the PM with more complex, systematically 

overspecified model alternatives; that is, the MMs included more paths than the PM (Figure A.9 in 

Appendix A.6). As expected, additional predictors in the overspecified models improved their in-

sample explanatory power (R2) (Figure A.10 in Appendix A.6). At the same time, however, as the 

increased loss indicates, their out-of-sample predictive capabilities decreased, suggesting overfitting. 

Although the PM had the lowest explanatory power (as expressed by the lowest R² value), it had the 

highest out-of-sample predictive power. This finding is not surprising, since the model with the 

highest in-sample explanatory power might not be the best model for out-of-sample prediction 

(Sharma et al., 2019a; Sharma et al., 2019b). CVPAT’s average loss function showed the lowest value 

for the PM, while the average loss increased with the level of model overspecification. Overall, these 

results substantiate that CVPAT avoids selecting falsely overspecified models. 

Finally, we analyzed the probability of incorrectly choosing an overspecified model as a better 

predictive alternative compared to a proposed PM. In order to do so, we used the simulations in the 

previous paragraph, where a parsimonious PM was tested against a systematically overspecified 

model alternative. We found that the use of CVPAT reduced the probability of choosing an incorrect 

model substantially in comparison to using a rule of thumb for selecting the model with the lowest 

loss. For instance, when considering the two-indicator case and one overspecification in the MM, 

approximately 85% of the results had the correct signs in the loss differences (Figure A.11, left, in 

Appendix A.6). In other words, by simply relying on a rule of thumb, researchers can expect about 

15% of their decisions to be false. However, by relying on CVPAT, researchers can expect 

substantially better outcomes. In fact, the probability of selecting a false overspecified model is close 

to zero with CVPAT regardless of the degree of over-specification (Figure A.11, right, in Appendix 

A.6).  

1.5 Application of CVPAT 

1.5.1 Procedure 

We propose a stepwise prediction-oriented model selection procedure to enable researchers and 

practitioners systematically apply CVPAT in their PLS analyses (Figure 1.5). Step 1 involves the 

selection of two theoretically motivated models to be compared for their out-of-sample predictive 

abilities. Because PLS analyses focus on providing causal explanations (Jöreskog & Wold, 1982; 

Chin, 1995), the models selected for comparison must be based on valid theoretical reasoning and 

might not be purely empirically motivated (Sharma et al., 2019a). In accordance with the null 

hypothesis testing practice, the model that represents the current state of theoretical knowledge 
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typically serves as the EM, while the model that the researcher is proposing serves as the AM. 

Because the EM represents the status quo, it serves as the null hypothesis and is only rejected if there 

is strong statistical evidence against it (Larsen & Marx, 2018). For example, in customer satisfaction 

research, Olsen and Johnson (2003) propose an alternative “satisfaction-first” model that is compared 

to the widely accepted “equity-first” formulation of customer loyalty. The specific goal of the CVPAT 

analysis is to test whether the AM offers a statistically significant improvement over the EM in its 

out-of-sample predictive power.   

Figure 1.5: Stepwise prediction-oriented model selection procedure based on CVPAT 

 

In Step 2, the researcher must ensure the suitability of the empirical context for a fair model 

comparison and conduct the PLS analysis for both the EM and the AM to assess whether the models 

meet the established requirements in terms of data and measurement quality (Hair et al., 2017a). First, 

the researcher must ensure that the data collection procedure follows the established guidelines for 

sample representativeness and minimum sample size requirements for PLS (Hair et al., 2017a). 

Second, a specific model comparison aspect requires the empirical context to be unbiased, i.e., the 

observed difference in predictive abilities should be attributable to models themselves, rather than to 

the specific sample chosen for comparison. An objective and fair model comparison process requires 

data that does not unfairly favor one theory over another (Cooper & Richardson, 1986).11 In addition, 

                                                 

 

11 To avoid this issue, the context chosen for comparison must respect the application domain and the specific boundary 

conditions of the models involved. For example, Mathieson (1991) compared the technology acceptance model (TAM) 

and the theory of planned behavior (TPB) for their ability to explain individuals’ intentions to use information 

technologies. While TAM was designed to maximize applicability across different technologies and user populations, 

TPB is context specific and requires specific outcomes and referent groups. Mathieson (1991) provides a theoretical 
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it is important that the constructs use the same measurement model in the EM and AM (i.e., the same 

indicators) and the same mode of model estimation (i.e., Mode A or B) for a valid comparison. Other 

settings also have to be identical in the EM and AM estimations (e.g., missing data treatment, PLS 

algorithm settings). Finally, both the EM and the AM have to meet the established measurement 

model evaluation criteria (Chin, 1998; Hair, Risher, Sarstedt, & Ringle, 2019a).  

Step 3 compares the EM and the AM for their out-of-sample predictive power by using CVPAT. The 

goal is to identify the model with higher out-of-sample predictive accuracy. The two key CVPAT 

algorithm settings are the number of cross-validation folds and bootstrap samples. Prior literature 

suggests the use of 5 or 10 folds (e.g., Hastie et al., 2009) and 5,000 or more bootstrap samples (e.g., 

Hair et al., 2017a).   

Finally, in Step 4 the researcher selects a model based on the CVPAT outcome. If the AM has a 

higher loss than the EM, the researcher retains the EM as the predictive model of choice. In contrast, 

a statistically significant (i.e., p < 0.05) positive loss difference (i.e., loss EM – loss AM > 0) is 

interpreted as evidence that the null hypothesis is incompatible with the observed data (Greenland, 

Senn, Rothman, Carlin, Poole, Goodman, & Altman, 2016). It is important to note that a small p-

value only suggests relative support for the AM based on the comparison with the EM, and does not 

convey any information about the size of the loss difference or its practical significance (Wasserstein 

& Lazar, 2016). Researchers should further consult evidence provided by the 95% confidence interval 

along with the p-value to take the decision (Ferguson & Speier-Pero, 2017). Table 1.2 summarizes 

the decision making based on the CVPAT results in Step 4.  

 

 

 

 

 

                                                 

 

rationale as to why the empirical context chosen for the study is appropriate for both TAM and TPB to ensure a fair 

comparison. 
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1.6 Empirical Illustration 

We illustrate the application of CVPAT on empirical data to showcase its utility and provide 

additional validation. We draw on the ACSI, which is one of the most widely-used models in business 

research and practice for analyzing the impact of customer satisfaction on repurchase intentions or 

customer loyalty (Fornell et al., 1996; Anderson & Fornell, 2000).12 The ACSI conceptualizes 

customer satisfaction as a cumulative construct and asks customers to rate their overall experience 

with the provider to date. This contrasts with transaction-specific satisfaction models that evaluate 

satisfaction based on customers’ experience related to a specific product or service transaction (Olsen 

& Johnson, 2003). The main benefit of cumulative evaluations is they are better predictors of 

customer behavior. Figure 1.6 (left) shows the ACSI model, which is widely supported by research 

(e.g., Fornell et al., 1996; Hult, Sharma, Morgeson, & Zhang, 2019), and thus serves as the EM in 

Step 1 of the procedure. The model consists of five reflectively measured constructs: customer 

satisfaction (ACSI), customer expectations (CUEX), customer loyalty (CUSL), perceived quality 

(PERQ), and perceived value (PERV).13  

                                                 

 

12 The ACSI has become the favored performance indicator for companies and government agencies, as well as entire 

industries and sectors (Fornell, Morgeson, & Hult, 2016; Hult, Morgeson, Morgan, Mithas, & Fornell, 2017). 
13 In accordance with prior research, we utilize a modified version of the original ACSI model without the customer 

complaint construct for which the measurement relies on a single dummy-coded item; in addition, CUSL only uses a 

single indicator, and indicator cuex3 has been dropped because of its low outer loading (e.g., Rigdon, Ringle, Sarstedt, 

& Gudergan, 2011; Ringle et al., 2014).  

Table 1.2: Use of the CVPAT significance testing 

EM is favored a priori over AM 

One-sided significance test* Conclusion 

𝑙𝑜𝑠𝑠 𝐸𝑀 − 𝑙𝑜𝑠𝑠 𝐴𝑀 ≤ 0 

𝑙𝑜𝑠𝑠 𝐸𝑀 − 𝑙𝑜𝑠𝑠 𝐴𝑀 > 0 

Cannot reject 𝐻0: retain EM 

Reject 𝐻0: choose AM 

Note: EM = established model; AM = alternative model; loss = average prediction error; 

* H0:  𝑙𝑜𝑠𝑠 𝐸𝑀 − 𝑙𝑜𝑠𝑠 𝐴𝑀 = 0 and H1: 𝑙𝑜𝑠𝑠 𝐸𝑀 − 𝑙𝑜𝑠𝑠 𝐴𝑀 > 0 
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Figure 1.6: The ACSI model example 

Established Model (EM) 

 

Alternative Model (AM) 

 

We focused on the causal link between PERV, CUSA, and CUSL to identify a theoretically motivated 

AM for the purpose of our illustration. The majority of customer research supports the “value first” 

conceptualization of the EM where PERV serves as the immediate antecedent of CUSA (Hult et al., 

2019). In contrast, research in customer value equity literature suggests an alternative “satisfaction- 

first” conceptualization, where PERV mediates the effect of CUSA on CUSL, particularly when 

cumulative satisfaction is being considered for customers who have had no reason to complain 

(Johnson, Gustafsson, Andreassen, Lervik, & Cha, 2001). For example, Olsen and Johnson (2003) 

argue that customers’ cumulative satisfaction determines their value equity judgments when they are 

making repurchase decisions.14 Cumulative satisfaction is therefore seen as the direct cause of 

customers’ attitude formation regarding the value associated with a product or service provider. In 

other words, satisfied customers with no reason to complain in the long run are likely to perceive the 

provider’s service as “good value for money,” which affects their loyalty positively (Vogel et al., 

2008). Related research by Chang and Wildt (1994) also supports the direct effect of PERV on 

repurchase intentions, which is an item of CUSL. Based on this line of reasoning, we propose an AM 

(i.e., the “satisfaction first” research model) as depicted in Figure 1.6 (right). The two models (EM 

and AM) form the starting point of our illustration of the stepwise predictive model comparison 

procedure using CVPAT. The main question of interest is: which of the two theoretical models (i.e., 

EM and AM) exhibits higher out-of-sample predictive ability?  

                                                 

 

14 Value equity is defined as the perceived ratio of what is received (e.g., the quality of a product or service) to what is 

sacrificed (e.g., price paid; Vogel, Evanschitzky, & Ramaseshan, 2008). PERV, however, is largely similar to value 

equity and also captures customers’ perceptions regarding the quality of products and services in relation to the price 

(Olsen & Johnson, 2003). 
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In Step 2, to ensure a fair comparison among the models, we followed Olsen and Johnson’s (2003) 

recommendations and focused only on the customers of the utilities industry who did not complain.15 

Previous research has validated the applicability of both the EM (e.g., Schlittgen, Ringle, Sarstedt, & 

Becker, 2016) and the AM (e.g., Olsen & Johnson, 2003) for such customers. Our final sample 

consisted of 2854 unique survey responses.16 For the PLS model creation, estimation, and validation, 

we utilized the SmartPLS 3 software (Ringle, Wende, & Becker, 2015). Appendix A.7 and A.8 

present the PLS results of the EM and AM. The outcomes of both models meet the established 

evaluation criteria of PLS for the measurement models and the structural model (e.g., Chin, 1998; 

Hair et al., 2017a).  

Next, we ran a CVPAT-based model comparison (Step 3) using our own code for R statistical 

software (R Core Team, 2019).17 The goal was to determine whether the AM offers significantly 

higher predictive power than the EM. We therefore tested the EM against the AM using a one-sided 

hypothesis test.18 The null hypothesis proposes equal out-of-sample predictive abilities (i.e., H0: Loss 

of EM = Loss of AM), while the alternative hypothesis proposes that the AM has lower average loss 

than the EM (i.e., H1: Loss of EM > Loss of AM).  

We found that the EM exhibited lower loss (0.682) than the AM (0.690), which supported retaining 

the EM as the best predictive model (Table 1.3). The high p-value of one indicated that we cannot 

reject the null hypothesis of the two models having equal predictive ability given the alternative 

hypothesis. The same inference was supported by the 95% CI.  

 

                                                 

 

15 We would like to thank Claes Fornell and the ICPSR for making the ACSI data available. 
16 Note: The findings of this example do not substantially change when using the full sample (i.e., including customers 

who did and did not complain). 
17 The CVPAT code for the statistical software R and technical instructions for its application are available for 

download at the following webpage: https://github.com/ECONshare/CVPAT/. 
18 It is also possible to carry out a two-sided test. In this case, the EM and the AM are considered equally suitable model 

alternatives a priori. A significant CVPAT result could provide evidence in favor of the one or the other model; if not, 

we cannot reject their having equal predictive accuracy.  
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Table 1.3: The CVPAT results of the ACSI model illustration 

 
Average Losses 

p-value* CI** 
EM AM EM-AM 

CVPAT 

results 
0.682 0.690 -0.008 1.000 [-0.012; ∞] 

* The null hypothesis is equal predictive ability and the alternative hypothesis is that the AM (column 3) has better 

predictive ability than the EM (column 2); the p-value is based on 10,000 bootstrap samples;  

** CI = 95% confidence interval of the one-sided test.   

Note: EM=established model; AM=alternative model; a negative average loss value difference between the EM and 

AM indicates that the EM has a smaller average loss and is therefore preferable. If the average loss value difference 

is positive, the AM has superior predictive power. 

Step 4 focuses on the final decision making and model selection. Based on the empirical evidence, 

we chose to retain the EM, which offers higher predictive accuracy than the AM. Overall, the results 

support the PERV’s theoretically established role as a predecessor of CUSA as conceptualized in the 

original ACSI model for improving the predictive accuracy of the ACSI model.19  

1.7 Discussion 

1.7.1 Findings 

Management and business disciplines are inherently forward-looking where anticipation is a crucial 

element for taking successful policy decisions. To remain ahead of the competition, management 

experts and practitioners invest heavily not only in identifying the current trends and perceptions, but 

also in preparing for unforeseen changes in the dynamic social, technological, and economic 

environment. In this vein, the prospective outlook of predictive modeling, in which a model is 

constructed to predict unseen or new data, can provide a valuable lens for theoretical validation that 

complements the retrospective (or postdictive) nature of causal-explanatory modeling that dominates 

the field (Gauch & Zobel, 1988; Shmueli, 2010).  

From an academic standpoint, predictive modeling is valuable for theory construction and 

enhancement via comparison, relevance assessment, improvement in measures and construct 

operationalizations, and benchmarking the predictability of a given phenomenon (Shmueli et al., 

2016; Hofman et al., 2017). From a practitioner’s perspective, the focus is not typically on validating 

                                                 

 

19 In contrast to Olsen and Johnson (2003) results that favor CUSA as a predecessor, the CVPAT results support the 

original conceptualization of the ACSI model for the utilities industry. One possible explanation for this discrepancy is 

that Olsen and Johnson (2003) compare the models for their fit and R2, which are in-sample tests for model adequacy 

but are not geared for assessing their true out-of-sample predictive abilities (Shmueli & Koppius, 2011). 
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or testing theories, but rather on generalizable approaches or policies with immediate commercial 

utility or predictive power (Ruddock, 2017).  

Predictive modeling has the potential to engage stakeholders on both sides of the theoretical spectrum. 

A sharper focus on a model’s predictive abilities can help to connect the subjective and objective 

realities by helping assess the distance between theory and practice, and narrowing the range of 

possibilities to ensure successful policy making (Shmueli & Koppius, 2011; Silver, 2012). PLS 

emphasizes prediction in estimating statistical models with a structure designed to simultaneously 

provide theoretical explanation (Wold, 1982; Lohmöller, 1989). To fulfill its initial promise as a 

predictive technique, PLS researchers need to have proper tools to reliably conduct and compare the 

out-of-sample predictive abilities of their models – as recent research calls have indicated (e.g., 

Richter, Cepeda Carrión, Roldán, & Ringle, 2016). To this end, we introduce the CVPAT – a 

procedure that permits researchers to develop and examine theoretical models through a predictive 

lens rather than with purely explanation-oriented model evaluation metrics. More specifically, by 

relying on cross-validation and out-of-sample prediction errors and allowing for the null hypothesis 

testing of two competing models (i.e., the EM against an AM), CVPAT distinguishes itself from 

current PLS-based explanatory fit criteria that support the postdictive approach to model building 

(e.g., SRMR and exact fit; Henseler et al., 2014).  

Our simulations confirm CVPAT’s capability to reliably assess an established model’s predictive 

performance compared to that of an alternative model. Furthermore, our simulations point to 

CVPAT’s potential to help detect the best inner model for prediction purposes. We find that CVPAT 

performs in accordance with the expectations of a null hypothesis-based test (Cameron & Trivedi, 

2005). Specifically, our simulation results reveal that CVPAT has very high power with samples of 

size 250 and more, and when the measurement model loadings are 0.8. With lower sample sizes, 

researchers can still expect to achieve satisfactory CVPAT power levels when R2 values are 0.4 or 

higher. However, CVPAT power levels are generally below the recommended threshold of 0.8 when 

sample sizes are 100 or smaller. The number of indicators per construct and model complexity do not 

have a significant impact on the power levels. Moreover, CVPAT is well sized but slightly 

conservative, and it does not show a tendency to systematically choose the model with the highest 

number of predictors (i.e., highest R2). Due to its favorable characteristics and performance across a 

wide range of model and data constellations, CVPAT can be a valuable tool to support both 

researchers and practitioners in their prediction-oriented model assessments.  
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1.8 Guidelines to avoid pitfalls in the application of CVPAT 

While the assessment of a model’s predictive power is well documented in prior PLS research 

(Shmueli et al., 2016; Danks & Ray, 2018), predictive model comparisons have remained 

unaddressed, with few available guidelines. Hence, we issue several clarifying remarks below to help 

researchers avoid certain pitfalls when applying CVPAT: 

Role of theory is paramount 

A sound theoretical basis for the proposed and the alternative models is mandatory in order to ensure 

that the analysis focuses on a limited number of theoretically plausible model alternatives (Sharma et 

al., 2019a). The proposed stepwise procedure should not be used in data-driven searches for a model 

that offers best predictive fit but lacks theoretical foundation. Other purely predictive methods, such 

as neural networks, support such a goal better than PLS – the latter technique seeks to balance 

explanation and prediction. Comparing a limited number of theoretically plausible models also 

safeguards against difficulties related to multiple comparisons. While approaches for maintaining the 

familywise error rate of statistical tests (e.g., the Bonferroni correction) can be applied to CVPAT, 

there is no clear consensus on when to apply them, since their use often causes substantial increase 

in Type II error rates (Cabin & Mitchell, 2000).  

 

In-sample and out-of-sample assessments might differ 

In-sample model assessment criteria might not agree with CVPAT’s out-of-sample prediction 

assessments, because they serve different purposes (Shmueli & Koppius, 2011). For instance, the best 

predictive model may not necessarily offer the highest in-sample explanatory power (i.e., highest R²) 

or the greatest number of statistically significant paths (Lo, Chernoff, Zheng, & Lo, 2015). It is also 

important to note that CVPAT does not represent an all-encompassing assessment of PLS results. 

Instead, researchers should carefully define the specific goal of their research and apply the metrics 

that support it. For example, when the focus is on explaining trends specific to the sample-at-hand, 

researchers should rely on the in-sample explanatory criteria, such as R2, but with the caveat that the 

inferences drawn will be tailored to the specific context being studied, with little or no justification 

for generalizability to other data sets (Ward, Greenhill, & Bakke, 2010). However, CVPAT should 

be preferred when the main analytic goal is prediction and theoretical generalization beyond the 

sample-at-hand, because cross-validation provides an assessment of the generalization error. Models 

selected for their out-of-sample predictive ability are more likely to apply well to other, similar 

contexts (Yarkoni & Westfall, 2017).   
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Statistically significant loss differences do not automatically imply predictive relevance 

In large samples, even small loss differences can become statistically significant, while large loss 

differences may fail to reach statistical significance in small samples (Lin, Lucas, & Shmueli, 2013). 

This holds for null hypothesis testing in general, as well as for CVPAT, because the differences in 

the predictive power of models – while significant – can sometimes be marginal. Researchers can 

make more informed decisions regarding the relevance of loss differences by constructing confidence 

intervals that provide more information in the form of the range of actual values and the precision of 

the estimates (Gardner & Altman, 1986).  

1.9 Contribution and Future Research 

The PLS method plays an important role in management studies and broader social sciences (e.g., 

Mateos-Aparicio, 2011) to develop robust theories that offer both explanation and prediction in 

parallel (Evermann & Tate, 2016; Shmueli et al., 2016). Researchers place great emphasis on in-

sample explanatory power and model specifications, but ignore the out-of-sample predictive 

performance of PLS models. We address this imbalance and gap in research practice by introducing 

CVPAT as a means to conduct a pairwise comparison of models for their out-of-sample predictive 

abilities. Our complex simulation study shows that CVPAT is a reliable and practical tool for 

researchers. Applying CVPAT allows researchers and practitioners to compare EMs with 

theoretically motivated AMs to provide stronger evidence of theoretical progress. More specifically, 

by offering the means to compare competing PLS path models in terms of their out-of-sample 

predictive power, CVPAT contributes to management research and practice in the following respects: 

Theory validation and development 

Documenting the predictive superiority of one model over another is a crucial aspect of theory 

validation that offers direct evidence regarding whether the current theory development effort has 

been successful (Shmueli, 2010). When comparing the predictive abilities of two competing theories 

in such a manner, the focus should be less on assessing the statistical significance of the individual 

paths (or variables) in the models, and more on holistically assessing whether a model offers 

significantly better predictions than its rival model. This is because a statistically significant variable 

in a model does not automatically imply stronger prediction. In fact, a variable with strong predictive 

power can sometimes fail to be statistically significant (Shmueli & Koppius, 2011). Thus, relying on 

statistical significance at the individual path or variable level can result in the researcher overlooking 

highly predictive variables (Lo et al., 2015). CVPAT offers a means of statistically comparing 
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predictive power at the model level, thereby aiding theory development via (relative) predictive 

power assessments and identification of variables with high predictive power.  

Reduced uncertainty in model selection 

Researchers typically rely on out-of-sample error metrics, such as RMSE or MAE to judge their 

models’ predictive accuracy. These metrics, however, do not have well-defined thresholds, which 

renders any relative judgments about the quality of model predictions arbitrary (Roy, Das, Ambure, 

& Aher, 2016). In addition, because out-of-sample prediction is a data-driven activity (Shmueli & 

Koppius, 2011), ruling out chance as an alternative explanation is a valuable and necessary step in 

theory confirmation (Lempert, 2009). Using CVPAT enables researchers to statistically compare the 

predictive strengths of models to judge whether model choice is reliable and not affected by chance 

or sampling error.  

The ability to quantify loss (gain) in predictive accuracy 

CVPAT enables researchers to quantify the loss in predictive accuracy associated with the models 

being compared, and to assess how far their predictions are from the observed value. Recall that loss 

represents the penalty for inaccurate predictions in that a model with higher associated loss has 

inferior predictive accuracy compared to a model associated with lower loss. Quantifying predictive 

accuracy via the loss functions has been the bread and butter of machine learning researchers. 

Research using the PLS method has lacked a mathematically rigorous and objective measure to 

indicate whether theoretical modeling has been successful in capturing information that will also 

apply beyond the sample-at-hand. For example, it is widely known that adding more variables (or 

paths) to the model will increase the model’s ability to fit the observed data (e.g., R2). The use of 

CVPAT can provide complementary information regarding whether the inclusion of the variable(s) 

has resulted in improved out-of-sample predictive accuracy, and if so, by how much.   

Improved confidence in decision making 

Prediction is pivotal for making decisions under conditions of uncertainty, and in creating 

opportunities to compete for fresh business strategies (Agrawal, Gans, & Goldfarb, 2018). Decision 

makers regularly face binary choices while designing and reviewing crucial policies that require a 

decision on whether to take a specific course of action or not. They often wonder whether their 

policies will work well in other situations (Snow & Phillips, 2007). CVPAT makes such decisions 

less error-prone by reducing generalization error so that the policy decisions will be more likely to 

work in other settings (Markatou et al., 2005).  
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A useful tool to avoid overfitting 

Overfitting occurs when a model confuses spurious patterns (sample-specific noise) in the data as 

signal. Sole reliance on the in-sample fit measures (e.g., R2) means that there is always an incentive 

to overfit the models by introducing more parameters than are needed, because R2 increases with 

model complexity by simultaneously tapping both noise and the signal (Sharma et al., 2019a). 

CVPAT helps guard against overfitting because the cross-validation procedure assists in recovering 

the signal in the data minus the noise (Yarkoni & Westfall, 2017). As researchers build their models 

by progressively adding more parameters, explanatory power will continue to rise, while predictive 

accuracy will taper off and decrease after peaking at the so-called “Ockham’s hill” (Gauch, 1993). 

This point of divergence between the in-sample explanatory power and out-of-sample predictive 

accuracy reflects the regime of overfitting.  

Future Research 

CVPAT is certainly not a panacea for all PLS modeling efforts. Varoquaux (2018; p. 5) notes, 

however, that cross-validation (as implemented in CVPAT) “is the best tool available, because it is 

the only non-parametric method to test for model generalization.” In order to further improve the 

method’s usefulness, future research should address our study’s limitations. First, while CVPAT 

reduces uncertainty regarding predictive model selection, it does not focus on the accurate prediction 

for single cases. Future research can investigate predictive errors on the level of single observations 

when applying CVPAT. Second, CVPAT permits assessing whether an AM has a significantly higher 

predictive accuracy than the EM, when considering all constructs in the model simultaneously. 

However, the method can be readily extended to assess losses at the level of a specific construct to 

complement the single target construct-oriented model selection based on the BIC and GM criteria 

proposed by Sharma et al. (2019b). Such an assessment would enable researchers to identify 

constructs that have a diminishing effect on the model’s predictive power, which would be 

particularly valuable as the statistical significance of path coefficients offers no guidance in this 

respect (Ward et al., 2010). Third, CVPAT might have the potential to identify misspecifications of 

measurement models. For example, an exogenous indicator could have a high cross loading with 

another exogenous construct. CVPAT could be used to show which construct the indicator should be 

assigned to when the main objective is the prediction of the endogenous latent variables. However, 

improving indicator allocation based on CVPAT must always be guided by theoretical reasoning. 

Future research should address this worthwhile CVPAT extension. Fourth, future research should 

fully address the statistical significance versus relevance question when comparing models for their 

predictive accuracy. For instance, pre-determined levels of minimum loss differences could be 
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established to guide researchers in deciding whether a small, but significant, loss difference is relevant 

to select an AM over a theoretically established model. Fifth, as with all simulation studies, the results 

depend on the manipulated factors and their levels. In line with prior publications on cross-validation 

in machine learning (e.g., Kim, Park, & Williams, 2019) we used ten folds for the CVPAT. Future 

research could address the question whether ten folds is an adequate parameter when running the 

CVPAT in detail. Also, it would be beneficial to investigate whether the complex models’ relatively 

low power is due to the mixture of low and high inner coefficients, or whether it is the consequence 

of model complexity. Studying the effect of other data distributions can offer further insight into 

CVPAT’s performance in settings commonly encountered in management research (e.g., model 

complexity in relation to sample size and/or R² values required to ensure sufficient power). Similarly, 

future CVPAT simulation studies should analyze a broader range of AMs and their different forms 

of model misspecification. Sixth, our empirical illustration is limited to a prominent example from 

the literature. Future research should assess CVPAT on a broader range of empirical applications with 

different kinds of theoretically substantiated model alternatives. These results would be important to 

support the adequacy and relevance of CVPAT in practical applications. Also, the outcomes of these 

applications would allow comparison of the EM with potential alternatives and, based on the results, 

provide additional clarification for the model choice in subsequent applications. For example, the 

analysis of the UTAUT model in information systems research (e.g., Shiau & Chau, 2016) can be a 

particularly fruitful area for future CVPAT applications. Finally, we have assessed CVPAT’s abilities 

for PLS analyses. However, the method is also amenable to alternative composite-based structural 

equation modeling methods such as GSCA (Hwang & Takane, 2014; Hwang, Sarstedt, Cheah, & 

Ringle, 2019). Future research should expand the use of CVPAT to such related methods.  
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 Partial least squares structural equation modeling (PLS) 

To facilitate understanding of the cross-validated predictive ability test (CVPAT), we briefly explain 

the standard model specification and parameter estimation procedure in (PLS; Wold, 1982; 

Lohmöller, 1989). A PLS path model is a recursive model, with no circular relationships, that consists 

of K directly observed manifest variables and H indirectly observed latent variables. The PLS path 

model distinguishes the inner model, which represents the relationships between the latent variables, 

from the outer model, which represents the relationships among latent variables and their block of 

manifest variables. Let N be the sample size and the inner model be given as:  

 휂 = 𝐵휂 + 𝜈 , (A.1.1) 

where η the H×N matrix containing the latent variables, B the H×H lower triangular matrix containing 

the path coefficients specifying the relationship between latent variables, and ν is the H×N matrix of 

inner residuals. Similarly, we can depict the outer model as: 

 𝑥 = 𝛱휂 + 휀 , (A.1.2) 

where 𝑥 is a K×N matrix of manifest variables, 휀 the K×N matrix of outer residuals, and Π represents 

the K×H loadings matrix. A weight relation is also specified as follows to generalize the model: 

 휂 = 𝛺′𝑥 + 𝛿. (A.1.3) 

Ω is the K×H matrix containing the weights and δ is the H×N matrix of “validity residuals” 

(Lohmöller 1989, p. 84). The location parameters in equations (A.1.1), (A.1.2), and (A.1.3) are 

disregarded without a loss of generality (for further explanations and the predictor specification 

assumptions of PLS, see Wold 1982).  

In PLS path model estimation, the manifest variables are divided into H blocks, where a specific 

block, h, is used to approximate the 1 × N vector ηℎ, η = (η1′, … , ηh′, … , ηH′)′ as a weighted sum. 

The purpose of the estimation is to find these H sets of weights. A manifest variable is considered 

connected to a latent variable if there exists a non-zero weight coefficient between them. After Ω has 

been estimated, approximations of η can be calculated by using Equation (A.1.3) and by assuming 

δ = 0. OLS is used on Equations (A.1.1) and (A.1.2) to estimate the unknown parameters, Π and B, 

that are not restricted to zero. 
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 The cross-validated predictive ability test (CVPAT) algorithm 

To run the cross-validated predictive ability test (CVPAT) algorithm, we begin with splitting the 

standardized original sample into J groups, each with size 𝐺𝑗, 𝑗 = 1,… , 𝐽, such that 𝑁 = ∑ 𝐺𝑗
𝐽
𝑗=1 . The 

procedure follows seven steps, which are repeated for each of the two models to be compared.  

1. Estimate the model omitting the j’th group. 

2. Use Equation (A.1.3) to estimate the latent variables in group j  

 휂̂𝑗 = Ω̂−𝑗′𝑥𝑗, (A.1.4) 

where subscript −𝑗 indicates that group 𝑗 was left out while estimating the parameters and 

subscript 𝑗 indicates that only observations from this fold are included.  

3. Use Equation (A.1.1) to predict the dependent latent variables  

 휂̃𝑗 = �̂�−𝑗휂̂𝑗. (A.1.5) 

4. Use Equation (A.1.2) to predict the manifest variable  

 �̃�𝑗 = Π̂−𝑗휂̃𝑗 (A.1.6) 

5. Take subsets of 𝑥𝑗 and �̃�𝑗 (𝑥𝑗,𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 and �̃�𝑗,𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 respectively) where these subsets is 

of dimension 𝐾𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 × 𝐺𝑗 , and consist of the 𝐾𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 manifest variables connected to 

the dependent latent variables.  

6. Calculate the prediction errors  

 �̃�𝑗 = 𝑥𝑗,𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 − �̃�𝑗,𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡. (A.1.7) 

7. Let 𝜅𝑗: {1, … ,𝑁} → {1,… , 𝐺𝑗} be an indexing function that indicates where observation 𝑖 is 

randomly located in fold 𝑗. Calculate the individual loss in the 𝑗 fold as the average squared 

prediction error  

 

𝐿𝑖 =
1

𝐾𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡
∑ �̃�𝑗[𝑘, 𝜅𝑗(𝑖)]

2
 

𝐾𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡

𝑘=1

, 𝑖 ∈ 𝒢𝑗  

(A.1.8) 

where �̃�𝑗[𝑘, 𝜅𝑗(𝑖)] denotes the (𝑘, 𝜅𝑗(𝑖))
th entry in the �̃�𝑗 matrix and 𝒢𝑗 is the set of observations in 

the 𝑗th fold. As a result, we end up with one set of losses, 𝐿1,1, … , 𝐿𝑁,1, for Model 1 and another set, 

𝐿1,2, … , 𝐿𝑁,2, for Model 2.  
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The average of the squared prediction errors per observation then represents the loss in predictive 

accuracy associated with Model 1, 𝐿𝑖,1, and the alternative Model 2, 𝐿𝑖,2. More specifically, 𝐿𝑖,1 and 

𝐿𝑖,2 denote the stochastic losses for the ith observation for Models 1 and 2, and the average loss 

difference (�̅�) is given as:  

 �̅� =
1

𝑁
∑ (𝐿𝑖,2 − 𝐿𝑖,1)

𝑁
𝑖=1 ≡

1

𝑁
∑ (𝐷𝑖) 

𝑁
𝑖=1 . (A.1.9) 

The average loss difference is, thus, a measure of the difference in average out-of-sample 

performance between the two competing models when predicting the manifest variables of the 

dependent latent variable. For testing, we use the following test statistic: 

 𝑇 =
�̅�

√𝑆2/𝑁
, (A.1.10) 

where 

 𝑆2 =
1

𝑁−1
∑ (𝐷𝑖 − �̅�)2𝑁

𝑖=1 . 
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 Type I error simulation study 

To assess CVPAT’s Type I error probability (i.e., whether it meets the expected probability of error 

level), we construct a simulation study with a testing situation in which the null hypothesis is true, 

and the population model (PM) as well as the misspecified models (MMs) have equal predictive 

abilities. The model set-up is shown in Figure A.1. The PM is on the left, whereas MM 1 in the center 

is incorrectly missing the path between 2 and 3, while MM 2 on the right is incorrectly missing the 

path from 4 to 5. Hence, MM 1 and MM 2 are two symmetrically misspecified models with equal 

predictive ability.  

Figure A.1: Models for CVPAT’s Type I error assessment when using a paired t-test 

Left: population model (PM); center: misspecified model (MM) 1; right: misspecified model (MM) 2 

 

Instead of using pre-specified R² values (see the simulation study section of the article), we vary the 

inner model relationships from 0.15, 0.3, to 0.5 (e.g., Goodhue, Lewis, & Thompson, 2012). Thereby, 

we can determine the Type I error probability for a specific level of relatively low, medium, and 

strong path coefficients. The sample size varies from 50, 100, 250, 500, 1,000, to 10,000 (e.g., 

Reinartz, Haenlein, & Henseler, 2009). We performed 3,000 replications for each factor level 

combination. While the data was generated for the PM, we test MM 1 against MM 2 by using the 

paired t-test at a 5% significance level20, with the null hypothesis of equal predictive ability and the 

                                                 

 

20 One could, however, have two statistical concerns about the paired t-test. First, the distribution of the proposed t-

statistic is robust to the underlying distribution of Di, which represents the loss of each observation i. However, if Di’s 

distribution is extremely skewed and the sample size is small, then the issues, which are well-known for the normal 

paired t-test in such situations, become a concern (Larsen & Marx, 2018). Second, the Di are not independent, which is 

an assumption in the normal paired t-test. Bootstrapping may represent a solution to address these concerns. In a 

robustness check, we also generated the bootstrap results of the Type I error probability simulations. Different 

bootstrapping procedures (e.g., bootstrapped variance, percentile method on �̅�, and the percentile-t method, which 
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alternative hypothesis that MM 1 has better predictive ability than MM 2. The results (see Table 1.1 

in the robustness checks section of the article) are based on indicators simulated from a normal 

distribution, but the results are similar when using exponentially distributed indicators. 

  

                                                 

 

provide asymptotic refinement), yield fairly similar results compared to our proposed test-statistics, which provides 

additional confidence for the general applicability of CVPAT. 
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 Additional power analyses of the complex model 

Figure A.2: Power analyses for different samples sizes with exponentially distributed indicators 

 
Comparison between PM 1.1 and the non-nested MM 1.2 

 
In PM 1.1, RY7

2  is fixed to 0.2 and  

R2

2 =  R3

2 = R4

2 = R6

2  is increased along the x-axis. 

Comparison between PM 1.1 and the nested MM 1.3 

 
In the PM 1.1, R3

2 =R6

2 is fixed to 0.2 and  

R2

2 = R4

2 = R7

2  is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators 
 

 

Figure A.3: Power analyses for different samples sizes with formative measurement model 

 
Comparison between PM 1.1 and the nested MM 1.3 

 
In PM 1.1, R3

2 =R6

2 is fixed to 0.2 and  

R2

2 = R4

2 = R7

2  is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators; construct 

 휂1 has been formatively operationalized while all other constructs in the models are reflective 
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 Mediation analysis 

Figure A.4: Simple models 

 

            Model 2.1          Model 2.2 

 

Figure A.5: Power analyses with varying sample sizes 

Comparison between Model 2.1 (PM) and Model 2.2 (MM) 

 
In PM 2.1, R2

2 = R3

2  is increased along the x-axis. 

Comparison between Model 2.2 (PM) and Model 2.1 (MM) 

 
In PM 2.2, R2

2 = R3

2  is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators 
 

Figure A.6: Power analyses for different sample sizes with low loadings (0.5) 

 
Comparison between Model 2.1 (PM) and Model 2.2 (MM) 

 
In the PM 2.1, R2

2 = R3

2  is increased along the x-axis. 

Comparison between Model 2.2 (PM) and Model 2.1 (MM) 

 
In the PM 2.2, R2

2 = R3

2  is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators 
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Figure A.7: Power analyses of the simple models and varying numbers of indicators 

Comparison between Model 2.1 (PM) and Model 2.2 (MM) 

 
In the PM 2.1, R2

2 = R3

2  is increased along the x-axis. 

Comparison between Model 2.2 (PM) and Model 2.1 (MM) 

 
In the PM 2.2, R2

2 = R3

2  is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; the datasets have a size of N=250 

 

 

Figure A.8: Power analyses for different samples sizes with exponentially distributed indicators 

 
Comparison between Model 2.1 (PM) and Model 2.2 (MM) 

 
In the PM 2.1, RY2

2 = RY3

2  is increased along the x-axis. 

Comparison between Model 2.2 (PM) and Model 2.1 (MM) 

 
In the PM 2.2, RY2

2 = RY3

2  is increased along the x-axis. 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators 
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 Overspecification of the complex model 

We demonstrate that CVPAT does not mechanically select the most complex model with the highest 

average number of predictors. More specifically, we show that the model with the highest in-sample 

explanatory power (in terms of the average R² value) does not automatically represent the model with 

the highest out-of-sample predictive capabilities. Figure A.9 shows the model set-up where the 

population model is shown at the top. The MMs systematically increase complexity by adding paths 

(e.g., from 4 to 7 and from 1 to 4). In total, we investigate ten overspecified model alternatives 

(i.e., overspecified models 1 to 10), where a model with the next highest number includes an 

additional path in the inner model. Overspecified model 1 is has one additional path, while 

overspecified model 10 includes ten additional paths (note that the Figure A.9 only shows models 1 

and 10 for brevity). We conducted 3,000 replications for each model comparison. The simulation 

setup is similar to the description provided in the simulation study section of the article, but it uses 

pre-specified inner coefficients as shown in Figure A.9.  

Figure A.9: Model example of the overspecification analysis 

PM 

 
 

MM 1 with one overspecification 

 
 

MM 10 with ten overspecifications 

 
 

Note: PM = population model; MM = misspecified model; all constructs in the models have four indicators; the dashed 

lines show the overspecified paths 

 

The results (Figure A.10) indicate that the average R² value increases with the number of additional 

paths in the overspecified models. This is not surprising, additional predictors in the model tend to 

improve the in-sample explanatory power (R2). However, the out-of-sample accuracy of the MMs 

decrease as indicated by an increased loss in the overspecified Models 1 to 10. Although the 
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established model has the lowest explanatory power (average R² value), it has the best out-of-sample 

predictive ability.  

Figure A.10: Average R² values compared to CVPAT losses of the model alternatives 

 
Average 𝑅2 with increasing overspecification 

 

Loss with increasing overspecification 

 

Note: Average R2 value and loss for each overspecification obtained from more than 30,000 Monte Carlo simulations. 

The dashed line in the right figure is the average loss of the population model; and four indicators per measurement model 

 

Figure A.11: Model selection results 

 
Percentage of correct signs in the loss differences 

 

Percentage of selecting a false overspecified model 

 
Note: The probability of correct sign in loss difference (y-axis in the left figure) is the fraction of the total number of 

Monte Carlo simulations where the loss in the population model is smaller than in the misspecified model. The probability 

of choosing a false model” (y-axis in the right figure) is the fraction of the total number of Monte Carlo simulations where 

the loss in the population model is significantly higher than the miss-specified model.   
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 PLS Results of the expected model in the empirical illustration 

 

Table A.1: Measurement model 

   CUEX CUSA CUSL PERQ PERV 

Outer loadings 

acsi1   0.915       

acsi2   0.882       

acsi3   0.853       

exp1 0.879         

exp2 0.875         

loyal1     1.000     

qual1       0.907   

qual2       0.908   

qual3       0.707   

value1         0.932 

value2         0.922 

Cronbach's α 0.700 0.860   0.801 0.838 

A 0.700 0.869   0.856 0.840 

Composite reliability 0.870 0.915   0.882 0.925 

Average Variance Extracted (AVE) 0.769 0.782   0.716 0.860 
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Table A.2: Discriminant validity21
 

 HTMT 

95% BCa bootstrap  

confidence interval 

CUSA -> CUEX 0.626 [0.585;0.666] 

CUSL -> CUEX 0.487 [0.448;0.525] 

CUSL -> CUSA 0.788 [0.767;0.808] 

PERQ -> CUEX 0.700 [0.660;0.739] 

PERQ -> CUSA 0.924 [0.907;0.941] 

PERQ -> CUSL 0.659 [0.632;0.686] 

PERV -> CUEX 0.572 [0.531;0.613] 

PERV -> CUSA 0.902 [0.882;0.921] 

PERV -> CUSL 0.688 [0.662;0.713] 

PERV -> PERQ 0.741 [0.714;0.769] 
 

Table A.3: Structural model 

  Coefficient 

95% BCa bootstrap 

confidence interval f² effect size 

CUEX -> CUSA 0.019 [-0.003;0.042] 0.001 

CUEX -> PERQ 0.545 [0.512;0.576] 0.423 

CUEX -> PERV 0.142 [0.108;0.176] 0.024 

CUSA -> CUSL 0.732 [0.712;0.752] 1.156 

PERQ -> CUSA 0.501 [0.470;0.530] 0.519 

PERQ -> PERV 0.546 [0.512;0.576] 0.351 

PERV -> CUSA 0.448 [0.419;0.477] 0.476 

 

Table A.4: Predictive quality 

  R² Q² 

CUSA 0.749 0.578 

CUSL 0.536 0.533 

PERQ 0.297 0.205 

PERV 0.403 0.343 

  

                                                 

 

21 Note that the HTMT criterion reveals similar potential discriminant validity issues as Henseler, Ringle, and Sarstedt 

(2015) report in the cross-industry analysis of the same ACSI dataset. While all HTMT values are significantly lower 

than 1, thereby meeting Henseler et al. (2015) HTMTinference criterion, two HTMT values are significantly above the 

0.90 threshold (Franke & Sarstedt, 2019). Since this potential discriminant validity concern of the ACSI is of minor 

importance for this CVPAT illustration, we leave a more detailed analysis and discussion of this issue related to the 

ACSI in general as a subject of future research. 
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 PLS Results of the alternative model in the empirical illustration 

Table A.5: Measurement model 

 

 

 

 

 

 

 

 

 

 

 

Table A.6: Discriminant validity 

 HTMT 

95% BCa bootstrap  

confidence interval 

CUSA -> CUEX 0.626 [0.585;0.665] 

CUSL -> CUEX 0.487 [0.450;0.525] 

CUSL -> CUSA 0.788 [0.767;0.809] 

PERQ -> CUEX 0.700 [0.659;0.739] 

PERQ -> CUSA 0.924 [0.907;0.941] 

PERQ -> CUSL 0.659 [0.631;0.687] 

PERV -> CUEX 0.572 [0.529;0.613] 

PERV -> CUSA 0.902 [0.882;0.921] 

PERV -> CUSL 0.688 [0.661;0.713] 

PERV -> PERQ 0.741 [0.714;0.768] 
  

   CUEX CUSA CUSL PERQ PERV 

Outer loadings 

acsi1  0.917    
acsi2  0.884    
acsi3  0.850    
exp1 0.879     
exp2 0.875     
loyal1   1.000   
qual1    0.907  
qual2    0.908  
qual3    0.707  
value1     0.929 

value2     0.926 

Cronbach's α 0.700 0.860  0.801 0.838 

A 0.700 0.872  0.856 0.838 

Composite reliability 0.870 0.915  0.882 0.925 

Average Variance Extracted (AVE) 0.769 0.781  0.716 0.860 
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Table A.7: Structural model 

  Coefficient 

95% BCa bootstrap 

confidence interval f² effect size 

CUEX -> CUSA 0.082 [0.056;0.110] 0.013 

CUEX -> PERQ 0.545 [0.513;0.576] 0.423 

CUEX -> PERV 0.082 [0.054;0.112] 0.011 

CUSA -> CUSL 0.725 [0.687;0.762] 0.479 

PERQ -> CUSA 0.501 [0.470;0.530] 0.519 

PERQ -> PERV 0.546 [0.512;0.576] 0.351 

PERV -> CUSA 0.448 [0.419;0.477] 0.476 

 

Table A.8: Predictive quality 

  R² Q² 

CUSA 0.631 0.486 

CUSL 0.396 0.394 

PERQ 0.297 0.205 

PERV 0.595 0.509 
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Abstract 

This study examines whether cross-functional team stability is critical for the development of 

successful new products. With changing organizational realities making stable teams less tenable - 

are there ways to structure teams to still ensure a positive outcome? Drawing upon social identity 

perspective we argue that creation of a team-based superordinate identity is more critical than team 

stability. Data from 143 teams shows that while stability plays a limited role, outcome 

interdependence is more influential in creating a superordinate identity. Outcome interdependence 

weakens the effect of team stability on superordinate identity. Superordinate identity leads to greater 

information integration and reliance on customer input, which in turn leads to successful new product 

development. When outcome interdependence is low, the effect of team stability on information 

integration, reliance on customer input, and market performance works through superordinate 

identity. At high levels of outcome interdependence, team stability has no effect on these variables.  

 

2.1 Introduction 

Researchers have studied how product development teams can lead to the development of superior 

and successful new products. Specifically, they have examined the effect of several aspects of team 

composition, structure, psychological factors, and contextual conditions on new product outcomes 

(Lovelace, Shapiro and Weingart 2001; Nakata and Im 2010; Sarin and Mahajan 2001; Sethi 2000b; 

Sethi, Smith, and Park 2001). Various elements that contribute to team effectiveness in dynamic 

environments have also been studied (Gorman, Grimm, and Dunbar 2018). Yet, one team structural 

factor continues to present a challenge for both new product development professionals and academic 

researchers (Akgun and Lynn 2002; Edmondson, Bohmer, and Pisano 2001; Shuffler et al. 2018). 

That factor is team stability, which refers to the extent to which members of a cross-functional team 

remain the same from start to finish of a product development project (Akgun and Lynn 2002). In 

both the practitioner-oriented and academic literature, a mixed picture emerges about the need for 

team stability and its influence on team outcomes. 

Managers have generally regarded stability as an important factor for team effectiveness, and some 

of the practitioner-oriented literature supports this notion. For example, it has been suggested that 

effective teams prefer member stability because it minimizes disruption in team dynamics (Leavitt 

and Lipman-Blumen 1995). Yet, some other practitioner-oriented literature argues that it is beneficial 

to have changing memberships in teams because new members bring new perspectives that enhance 

team effectiveness (Ancona and Bresman 2007). 
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Similarly, academic research does not present a clear picture about the effect of team stability. For 

example, in what is cited as one of the first studies on team stability, Katz (1982) shows that over 

time R&D project teams with stable membership become isolated from key information sources both 

within and outside their organization, which adversely affects the technical performance of work 

groups. A study by Edmondson, Bohmer, and Pisano (2001) finds no relationship between team 

stability and project implementation success. However, some other researchers find that stability in 

product development teams leads to more team learning (Akgun and Lynn 2002; Savelsbergh, Poell, 

and van der Heijden 2015) and speed-to-market (Akgun and Lynn 2002), which in turn improve 

project success. It has also been found that team stability is important for building trust among team 

members, which is essential for team learning and effectiveness (Tih et al. 2016). Yet another study 

by Slotegraaf and Atuahene-Gima (2011) shows that team stability has a curvilinear relationship with 

certain decision processes (team level debate and decision making comprehensiveness). Team level 

debate increases decision-making comprehensiveness, which is positively related to new product 

advantage at high levels, suggesting that the influence of team stability on product advantage is range 

bound. 

Then, another emerging argument states that until a decade ago, teams were fairly stable, but stability 

is now a thing of the past (Masih-D’silva 2010). The uncertainties of a fickle economy and global 

fluctuations are accelerating the evolution of team structure. The new reality is that team members 

will come and go, and hence today teams are structured to be flexible and fluid. In other words, even 

if team stability is believed to be good, the modern organizational reality does not permit the luxury 

of stability (Masih-D’silva 2010). 

Given this changing organizational reality, it becomes important to ask whether cross-functional team 

stability is really critical for the development of successful products? Alternatively, if creating a high 

level of stability is less feasible, are there ways to structure cross-functional teams that still ensure 

the development of successful new products? We address these issues in this research. 

Although extant studies on team stability offer several insights, they generally do not take into 

account the underlying processes through which stability affects the performance of cross-functional 

product development teams. For example, the study by Katz (1982) is about R&D teams, where 

members come only from the R&D department. Similarly, examinations of team stability by Akgun 

and Lynn (2002) and Slotegraaf and Atuahene-Gima (2011) fail to take into account the special nature 

of cross-functional teams. In essence, their conceptualizations relate to stability in non-cross-
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functional teams. Cross-functional teams are different from other teams and their special nature needs 

to be explicitly taken into account in studies of such teams (Sethi 2000a; Awomolo et al. 2017). 

We draw on social identity research to help us take into account the cross-functional nature of product 

development teams. A major source of concern in such teams is the presence of deeply rooted biases 

and stereotypes that individuals from one functional area hold against people from other areas (Griffin 

and Hauser 1996; Gupta and Wilemon 1988; Sethi 2000a; Mathieu et al. 2019). To a large extent, 

these biases and stereotypes spring from strong functional identities such as marketing identity, R&D 

identity, etc. (Ashforth and Mael 1989). These functional identities and the resulting interfunctional 

biases and stereotypes make it difficult for members of cross-functional teams to constructively work 

together, thereby adversely affecting the team's effectiveness in developing successful products 

(Dougherty 1992; Griffin and Hauser 1996). Unless the adverse effect of functional identities can be 

mitigated, it is likely to be difficult to create an effective team. By implication, team stability has to 

help reduce the adverse effect of functional identities or else it may not be able to enhance cross-

functional team effectiveness. 

Social identity research also provides a well-developed conceptual foundation for dealing with such 

interfunctional biases and stereotypes (Hogg 2016). According to this stream of research, creating a 

team-based superordinate identity is essential for overcoming the adverse effect of functional 

identities (Ambrose, Matthews, and Rutherford 2018). Superordinate identity refers to the extent to 

which members identify with the team (rather than merely with their functional areas) and perceive a 

stake in the success of the team (Hinkle, Taylor, Fox-Cardamone, and Crook 1989; Sethi, Smith, and 

Park 2001). In effect, if team stability is to have a positive effect on the performance of a cross-

functional team, it needs to first help create superordinate identity. Thus, the earlier research questions 

can be reframed as: (1) how critical is team stability in creating superordinate identity, thereby leading 

to the development of successful products, and (2) considering the new organizational reality of 

flexible teams, can other structural factors help in the development of superordinate identity and thus 

make stability less critical? Consistent with social identity research (Wageman 1995; Abrams and 

Hogg 2004), we also examine the effect of other structural factors, such as outcome interdependence 

(i.e., when team members’ responsibilities and rewards are interlinked), and task interdependence 

(i.e., when the project requires that team members work jointly), on superordinate identity and 

consequently new product performance. Figure 2.1 presents the conceptual model developed and 

tested in this study. 
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This research makes several important contributions. It challenges some of the existing notions in the 

literature about the role of team stability. For example, we expect to show that stability in teams is 

not harmful to team effectiveness as reported previously (e.g., Katz 1982). At the same time, others 

have suggested that team stability is not so important for improving cross-functional team 

effectiveness (e.g., Akgun and Lynn 2002). We draw upon social identity research to provide a strong 

conceptual foundation for our research on cross-functional team stability. Finally, given the modern 

organizational reality that does not permit the luxury of stability, this study identifies alternative 

structural team arrangements that can help achieve the same benefits that team stability provides and, 

in fact, reduce the need for stability. In sum, this study is likely to strongly influence both research 

and practice as regards the formation of stable cross-functional product development teams. 

 

 

2.2 Conceptual Background 

2.2.1 Overcoming the Effect of Functional Identities 

According to extant research in the social identity area, the adverse effect of functional identities in a 

team of individuals from diverse functional areas can be overcome by creating a new team-based 

identity or superordinate identity (Ashforth and Mael 1989; Mackie and Goethals 1987; Kane 2010). 

In the context of a cross-functional product development team, superordinate identity refers to the 

extent to which members identify with the team (rather than merely with their functional areas) and 

perceive a stake in the success of the team. But does stability play a role in creating superordinate 

identity? Further, if superordinate identity is an important condition for cross-functional teams to 

work effectively, does team stability positively influence new product outcomes through 

Figure 2.1: Conceptual Model of the Effect of Team Stability, Outcome and Task 

Interdependence on Superordinate Identity and New Product Performance 
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superordinate identity? To answer these questions, we examine the influence of team stability on 

superordinate identity and the mediating effect of superordinate identity between team stability and 

performance. 

Since its early days, social identity research has considered interdependence an important requirement 

for the development of a strong sense of team identity in a cross-functional team (Ashforth and Mael 

1989; Mackie and Goethals 1987; Sethi 2000a). Interdependence is of two types: outcome and task 

interdependence (Wageman 1995). Outcome interdependence is defined as the degree to which team 

members' responsibility, accountability, evaluation, and rewards are linked to the project rather than 

to their respective functional tasks (Sethi 2000a; Wageman 1995; Gerpott et al. 2018). Task 

interdependence, on the other hand, refers to the extent to which the project requires that members 

from various functional areas work jointly on important aspects of new product development, and the 

project creates dependence on each other's expertise/resources and support (Sethi 2000a; Wageman 

1995; Thomas et al. 2019; Fong et al. 2018). 

While the new organizational reality may not permit highly stable teams, it may still be possible to 

create a sense of outcome interdependence among team members, at least during the period they serve 

on the team. Then, by their very nature, a number of new product development projects require team 

members to work together in order to be effective. In other words, many new product development 

projects create task interdependence among team members. Also managers can define the project and 

its scope in such a way that enhances the extent of task interdependence (Wageman 1995). 

However, an important question is: how effective is team stability in the development of 

superordinate identity compared to outcome and task interdependence? Further, if outcome and task 

interdependence are indeed key factors, do they make stability a less important driver of superordinate 

identity? Hence, we also examine the effect of outcome and task interdependence and the way in 

which they moderate the effect of team stability on superordinate identity. 

2.2.2 Internal and External Information Integration in the Team 

Katz (1982) suggested that with increasing stability, teams can become isolated from key information 

sources both within and outside their organization, which adversely affects their performance. By 

implication, stability can lead teams to isolate themselves from information sources that are external 

to the team, e.g., information and perspectives of various functional areas. However, is such isolation 

likely to occur in cross-functional teams in which a number of functional areas are represented on the 

team?  
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Past studies on team stability have indeed focused on internal team processes that, to some extent, 

take into account team members paying attention to and actively considering the information or 

knowledge of various members. For example, Akgun and Lynn (2002) and Savelsbergh, Poell, and 

van der Heijden (2015) have included the effect of stability on team learning in their model. Similarly, 

Slotegraaf and Atuahene-Gima (2011) focused on the influence of stability on the extent of debate 

among team members and the comprehensiveness of their decision making.  

Research in the area of cross-functional teams captures such processes by focusing on the integration 

of information and perspectives of other functional areas, i.e., the degree to which members of the 

team share, pay attention to, and challenge each other's information and perspectives to generate new 

insights about the product (Nakata and Im 2010; Sethi 2000b). Consistent with research on stability 

and cross-functional teams, we examine how superordinate identity that is generated in stable teams 

affects information integration in the team. 

Another critical source of external information for product development teams is customers (Sethi, 

Smith, and Park 2001). These teams utilize customer knowledge in innovation of new products. Cui 

and Wu (2016) find that customer involvement has a positive effect on new product performance. 

Considering Katz’s (1982) concern about the danger of stable teams isolating themselves from 

external information, the question is, can stable cross-functional teams cut themselves off from 

customer input? Or will the members’ identification with the project team and their stake in the team’s 

success that superordinate identity entails, prompt them to actively take customer input into account 

during the development process? This issue needs to be examined. Therefore, we also study the effect 

of superordinate identity on teams’ reliance on customer input. 

2.3 Hypotheses Development 

2.3.1 Effect of Team Stability on Superordinate Identity 

Social identity research has shown that antagonism between groups that have biases towards each 

other is likely to be reduced if their members are repeatedly brought in contact with each other as it 

happens in a stable team (Sherif and Sherif 1969; Brewer 1996). It has also been suggested that team 

member stability leads to “stable structures of interlocking behaviors and relationships…” (Katz 

1982, p. 84). Through shared socialization and shared experiences that are thus created, members 

develop a common understanding about the team and its work environment (Katz 1982). The shared 

socialization and experiences help develop a sense of oneness among team members (Lin et al. 2017). 

Thus,  
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H1: The extent of team stability in a cross-functional product development team is 

positively related to the level of superordinate identity. 

2.3.2 Effect of Outcome Interdependence on Superordinate Identity 

In a highly outcome interdependent cross-functional team, interlinked accountability, evaluation, and 

rewards promote a cooperative attitude among members, which helps minimize the salience of 

functional boundaries and leads to the acceptance of members from other functional areas (Brewer 

and Miller 1984; Ganesh and Gupta 2010). Such a cooperative frame of mind makes members view 

themselves as one team rather than as individuals with different functional backgrounds (Brewer and 

Miller 1984; Beersma et al. 2013; Shuffler et al. 2018). Thus, instead of considering the members of 

other functional areas as "them," all team members come to be represented as the more inclusive "we" 

in the minds of members (Gaertner, Mann, Dovidio, Murrell, and Pomare 1990). As a result, all the 

cognitive and motivational processes that create a positive attitude toward individuals of one's own 

functional area now get applied to every member (Ambrose, Matthews, and Rutherford 2018). A 

strong superordinate identity is, therefore, likely to emerge in a cross-functional product development 

team. Hence: 

H2: The level of outcome interdependence in a cross-functional product development 

team is positively related to the level of superordinate identity. 

2.3.3 Effect of Task Interdependence on Superordinate Identity 

Although individuals involved in new product development projects need some level of resources 

from each other, the need for such resources and support (or task interdependence) is expected to 

differ depending on the type or the complexity of the project (Glynn, Kazanjian, and Drazin 2010). 

Repeated joint working and decision making on various aspects of the product development project 

increase the possibility of individuation of members from other functional areas (Brewer and Miller 

1984). Individuation refers to the extent to which team members are able to view each other as 

individuals rather than as members of stereotyped functional groups (Shemla et al. 2014). 

Individuation can encourage a more positive response toward the other members of the team and thus 

promote cooperative behaviors such as communication, helping, and information sharing (Wageman 

1995; Curşeu et al. 2010). Such cooperation and social interaction can help create a sense of oneness 

in the team (Brewer and Miller 1984; Mackie and Goethals 1987; Lin et al. 2017). 

It can be argued that unless there is a motivation to see other team members' perspectives and to 

search for common ground, mere interaction or joint working may not be able to overcome strong 



Hypotheses Development 

59 

 

interfunctional stereotypes (Wilder 1986). Furthermore, considering that functional identities are 

deeply entrenched and are constantly reinforced by functional area-based reporting, evaluation, and 

reward systems, interdependence created by the task may not reduce members' allegiance and 

commitment to their functional areas (Clercq, Thongpapanl, and Dimov 2011). Yet, given the 

evidence in social psychology research which finds that task interdependence is effective in 

generating a positive response toward other members of the team (Nakata and Im 2010), we propose 

a beneficial effect of task interdependence on superordinate identity. Therefore: 

H3: The extent of task interdependence in a cross-functional product development 

team is positively related to the level of superordinate identity. 

2.3.4 Moderating Effect of Outcome Interdependence on the Stability-Superordinate 

Identity Relationship 

Both team stability and outcome interdependence help team members develop a common 

understanding about the team and its environment through shared socialization and experiences, and 

this common understanding creates a sense of oneness or superordinate identity in the team (Shuffler 

et al. 2018). However, if superordinate identity is already high through high outcome 

interdependence, we expect that the effect of stability becomes less pronounced. 

As mentioned earlier, in a highly outcome interdependent cross-functional team, since team 

members’ accountability, evaluation, and rewards are linked with each other, this encourages a 

cooperative attitude among members, which helps reduce the importance of functional boundaries 

and leads to the acceptance of members from other functional areas (Brewer and Miller 1984; Ganesh 

and Gupta 2010). This cooperative frame of mind makes members see themselves as one team rather 

than as members of different functional areas (Brewer and Miller 1984; Beersma et al. 2013). In 

effect, the cooperative frame of mind produced by outcome interdependence is highly effective in 

developing a common understanding about the team and its environment and thus, we expect shared 

socialization and shared experiences generated through team stability are less salient for the creation 

of a sense of oneness in such teams. As such, 

H4: In a cross-functional product development team, the higher the level of outcome 

interdependence, the weaker the effect of stability on superordinate identity. 
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2.3.5 Moderating Effect of Task Interdependence on the Stability-Superordinate Identity 

Relationship 

Team stability promotes shared socialization and experiences and helps develop a common 

understanding about the team and its work environment, which creates a bond among team members 

(Katz 1982). However, high task interdependence is expected to reduce the need for team stability in 

the creation of superordinate identity. 

High task interdependence leads to a more positive response toward other members of the team and 

promotes social interaction in the team. Such positive response and interaction are quite powerful in 

the development of a common understanding about the team and its environment. This markedly 

reduces the need for team stability to create a sense of oneness in the team through socialization and 

shared experiences (Harrison and Humphrey 2010). Therefore: 

H5: In a cross-functional product development team, the higher the level of task 

interdependence, the weaker the effect of stability on superordinate identity. 

2.3.6 Effect of Superordinate Identity on Reliance on Customer Input 

In a team with a high level of superordinate identity, team members have a high personal stake in the 

success of the overall project, which motivates members to do what is good for the project rather than 

merely for their functional areas (Sethi 2000a). Therefore, although focusing on customers may not 

be an important part of their functional routines, members of a high superordinate identity team who 

come from different functional areas are likely to take into account customer input that can make a 

difference in the success of the project (Ambrose, Matthews, and Rutherford 2018). Similarly, when 

the marketing representative on the team draws attention to some customer requirements, members 

from other functional areas will more sympathetically take that into account (Menguc, Auh, and Uslu 

2012). Thus, reliance on customer input for new product development will improve. Hence, 

H6: The level of superordinate identity in a cross-functional product development 

team is positively related to the degree of reliance on customer input. 

Effect of Superordinate Identity on Information Integration 

Essentially, in a cross-functional team with high superordinate identity, the traditional functional 

boundaries tend to be subsumed under a single, inclusive, and important (superordinate) boundary in 

the minds of its members (Brewer and Miller 1984). As such, the individuals in a team with high 

superordinate identity are likely to view themselves as having the common characteristics of the team 
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instead of possessing unique qualities that identify them as members of a functional area (Mackie and 

Goethals 1987). Such a perception of commonality leads to psychological acceptance of other 

members, their work methods, and their goals (Ashforth and Mael 1989; Mackie and Goethals 1987). 

Hence, members are more likely to share information and pay attention to each other's perspectives 

and to feel more comfortable challenging the perspectives of other members (Nakata and Im 2010; 

Mackie and Goethals 1987). In other words, there is likely to be a high degree of information 

integration. Previous research also suggests that team members with a high level of superordinate 

identity are more likely to integrate information and divergent ideas from members of other functional 

areas (Nakata and Im 2010; Im, Montoya, and Workman 2013). Thus, 

H7: The level of superordinate identity in a cross-functional product development 

team is positively related to the extent of integration of information and 

perspectives. 

2.3.7 Effect of Reliance on Customer Input on Product Performance 

We focus on reliance on customer input during the initial stages of the product development process 

where the foundation for the new product is usually laid (Cui and Wu 2016; Hoyer et al. 2010). At 

the outset of a project, directly exposing members of the product development team to customer 

needs/problems and the consumption context can motivate members to strive for more effective 

solutions to customers' problems (Kanter 1988; Chang and Taylor 2016). Similarly, the foundation 

for product superiority is usually laid at the initial stages of product development. It is important to 

expose members of the product development team to customer needs and the consumption context in 

order to develop a superior product, (Clark and Fujimoto 1991). In effect, customer input is likely to 

lead to the development of a superior new product. Such a new product provides a competitive edge 

and leads to superior performance (Clark and Fujimoto 1991; Kleinschmidt and Cooper 1991). As 

such: 

H8: The extent of reliance on customer input in a cross-functional product 

development team is positively related to new product performance. 

2.3.8 Effect of Information Integration on Performance 

Members in a team with high information integration share information effectively, carefully attend 

to each other's perspectives, and freely question/challenge these perspectives. This is expected to help 

bring functional knowledge and expertise together when important project-related decisions are being 

made. When diverse knowledge is brought together and the underlying assumptions are surfaced 
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through the process of questioning and challenging, it can help the team discover new links between 

the firm’s technology and customer needs (Sethi, Smith, and Park 2001). Identification of such novel 

links is the essential ingredient for the development of superior products.  

Members who share information effectively and attend to each other’s perspectives are more likely 

to achieve a common understanding among themselves and to obtain consistency across various 

decisions made by the team (Gardner, Gino, and Staats 2012). Such a common understanding about 

the product and consistency among decisions made throughout the product development process are 

considered important for the development of a superior product (Clark and Fujimoto 1991). Such 

superior new products provide competitive advantage and show above average performance in the 

long run (Clark and Fujimoto 1991; Kleinschmidt and Cooper 1991). Nakata and Im (2010) have also 

found that in the context of high technology firms, cross-functional integration improves new product 

performance. Therefore: 

H9: The level of information integration in a cross-functional product development 

team is positively related to new product performance. 

2.3.9 Mediating Effect of Superordinate Identity 

The hypotheses developed above have considered the effects of team stability on information 

integration and reliance on customer input and on market performance through superordinate identity. 

However, studies on team stability (Akgun and Lynn 2002; Katz 1982; Slotegraaf and Atuahene-

Gima 2011) seem to suggest a more direct influence of stability. Probably, if these studies had taken 

into account the unique nature of cross-functional teams, they would have felt the need to study the 

effect of stability through a factor such as superordinate identity. Thus, it remains to be examined 

whether stability influences market performance directly or through superordinate identity. 

As discussed earlier, unless the adverse effect of functional identities can be mitigated, it is difficult 

for members of cross-functional teams to constructively work together, integrate functional 

information and perspectives, actively take customer input into account during new product 

development, and thus produce positive product performance. Since superordinate identity helps 

overcome the adverse effect of functional identities, the team may not be effective without it. Thus, 

unless team stability helps create superordinate identity, it is not likely to lead to information 

integration, active reliance on customer input, and the development of successful new products 

directly. Ambrose, Matthews, and Rutherford (2018) also found that a common social identity helps 

improve team effectiveness. Therefore,  
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H10: Superordinate identity mediates the effect of team stability on reliance on 

customer input, information integration, and new product performance. 

2.4 Methodology 

The proposed hypotheses were tested using data collected in 1994 through a mail survey from key 

informants in cross-functional teams involved in recent major new product initiatives. To identify 

candidate projects and related key informants, we created a list of consumer product firms and their 

divisions that introduced new products within two years preceding this survey. The size of the 

included firms where diverse, except for very small firms, which was excluded from the list. 

Following similar key informant research, our goal was to identify a person who would be highly 

knowledgeable about team events and practices (Cini, Moreland, and Levine 1993). In the present 

study, this person would be the project manager. 

Our short-listed firms were contacted by telephone to identify managers who recently coordinated 

new product development projects. Next, we contacted these individuals and screened them to 

confirm that they had recently managed new product development initiatives and that such initiatives 

used a cross-functional team. Project managers who met these criteria were invited to complete a 

questionnaire that was mailed to them after the screening. 

The respondents were asked to focus on their most recently completed new product development 

project that met the criteria discussed above. Questionnaires were sent to 240 project managers 

employed in firms from different regions of the United States. A reminder with another copy of the 

questionnaire was sent to the managers who had not responded after three weeks. We received 143 

usable responses, yielding a 59.6% response rate. The industries in the sample consisted of 

appliances, lawn-care equipment, office supplies, toys, processed food products, health and beauty 

aids, and household products. There were no significant differences between early and later 

respondents suggesting that non-response bias is not a serious concern (Armstrong and Overton 

1977). On average, these projects were completed 7.8 months prior to data collection.  

2.4.1 Measures 

We mostly used existing measures of constructs in this study. All measures were pre-tested on a 

separate set of 37 project managers. 

Team Stability was measured as the proportion of team members who continued to work on the team 

from start to finish of a product development project. The higher the percentage, the more stable the 
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team (adapted from Akgun and Lynn 2002). We used a log transform of team stability to account for 

skewness (Wang et al. 2019; Wies et al. 2019).  

Outcome Interdependence was operationalized as the degree to which members of a cross-functional 

team share responsibility for the overall project outcome rather than only for their respective 

functional tasks and the degree to which their evaluation and rewards are linked to the performance 

of the overall project rather than merely to the performance of their functional tasks. The scale for 

this variable is a three-item, seven-point Likert-type scale based on the work of Wageman (1995) and 

Van der Vegt (1998). 

Task Interdependence was operationalized as the degree to which the project required that team 

members jointly make important project-related decisions and that the project created dependence on 

each other's expertise and cooperation. This conceptualization of task interdependence is based on 

the work of Wageman (1995) and Sethi (2000a). The scale for this construct is a three-item, seven-

point Likert-type scale. 

Superordinate Identity was measured as the extent to which members identify with the team (rather 

than merely with their functional areas) and value their membership in the team. The superordinate 

identity measure is based on a measure used by Nakata and Im (2010). The superordinate identity 

scale is a four-item, seven-point Likert-type scale. 

Information Integration was operationalized as the degree to which members of a cross-functional 

team share, pay attention to, and challenge each other's information and perspectives to discover new 

ideas about the product. This measure is based on the information integration construct suggested by 

Gupta, Raj, and Wilemon (1986). The information integration scale is a five-item, seven-point Likert-

type scale. 

Reliance on Customer Input in the Development Process was measured as the extent to which 

input/feedback from end customers was relied upon in the development of the product concept and 

design (Sethi, Smith, and Park 2001). The reliance on customer inputs scale is a three-item, seven-

point Likert-type scale. 

New Product Performance was operationalized as the degree to which the new product's market share, 

and profit were above or below the planned objectives. The performance measure is a two-item, 

seven-point formative scale (adapted from Kleinschmidt and Cooper 1991 and Nakata and Im 2010). 
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Covariates: We included a single item measure, project longevity, as a covariate in H1 to H5 because 

teams that work on projects with longer duration are more likely to develop superordinate identity 

(Katz 1982). Previous research has found that social cohesion and superordinate identity are highly 

correlated and measure a dimension of internal team factors (Im et al. 2013; Nakata and Im 2010). 

Consequently, we added social cohesion as an additional covariate for superordinate identity (H1 to 

H5). We operationalized the social cohesion construct as a four-item, seven-point Likert-type scale 

that measures team members’ friendliness and comfort with each other, the working atmosphere, and 

their commitment to maintaining close interpersonal relationships. The project manager’s 

encouragement to team members to actively and jointly participate in the team’s work can promote 

information integration and is included as a covariate in H7. The project manager’s encouragement 

to team members is operationalized as a two-item, seven-point Likert-type scale, measuring the 

degree to which team members were encouraged to participate in project planning and voice 

disagreement.  

Finally, the availability of adequate resources and competitive intensity (i.e., number of competitors 

in the market) can affect the market performance of the new product (Sethi, Smith, and Park 2001). 

Consequently, the availability of adequate resources is included as a two-item covariate and 

competitive intensity as a single-item covariate of new product performance (H8, H9, and H10).  

2.5 Results 

2.5.1 Measurement Model 

We analyzed the data using partial least squares structural equation modeling (PLS) for several 

reasons: 

 PLS is capable of accommodating both reflective and formative scales (White, Varadarajan, 

and Dacin 2003), and we can thereby fully align our theoretical model with our estimated 

model without identification issues;  

 It is especially well suited for relatively small sample sizes such as ours (Moeini and Rivard 

2019; Mintu-Wimsatt and Graham 2004);  

 PLS estimation does not require distributional assumptions of the variables; and  

 It allows computation of interactions between latent variables (Ahearne et al. 2010).  

 Specifically, we used the software programs SmartPLS3 (Ringle 2015) and R (R Core Team 

2019) to evaluate the measurement model and test the hypotheses. 
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The assessment of results follows Hair et al. (2016). For the reflective measurement model all 

loadings are significant at the 0.01 level (Table 2.1). The constructs were found to be reliable with 

composite reliabilities of 0.79 or higher (Fornell and Larcker 1981), which is significantly above the 

usually recommended threshold of 0.7. Convergent validity was indicated by the lowest average 

variance extracted being 0.568, which exceeds the threshold of 0.5. We used the HTMT criterion for 

discriminant validity assessment due to its better performance in variance-based SEM compared to 

cross-loading investigation and the Fornell-Larcker criterion (Henseler et al. 2014). HTMT is an 

estimate of the correlation between two constructs, and discriminant validity is normally assumed 

when the HTMT criterion is below a threshold of 0.85. We find evidence of discriminant validity 

with all HTMT being below 0.672. 

Table 2.1: Study Measures and Loadings 
 

Outcome Interdependence (𝐴𝑉𝐸 = 0.61, 𝜌𝑐 = 0.82) 

Standardized 

Loadings 

1. On this project, team members were made responsible for their respective departmental tasks, and not for the 

overall project. (reverse coding)  

.696 

2. For the project work, members' evaluation depended on how well they did their departmental tasks, and not on 

the performance of the overall project. (reverse coding) 

.802 

3. For the project work, members' rewards or gains depended on how well they performed on their department-

related tasks, and not on the performance of the overall project. (reverse coding) 

.835 

 

Task Interdependence (𝐴𝑉𝐸 = 0.57, 𝜌𝑐 = 0.79) 

 

1. On this project, members were dependent on the information and expertise of other members to successfully do 

their jobs.  

.544 

1. Members were dependent on the cooperation of other members to successfully do their jobs. .717 

2. Members were required to jointly make important project-related decisions. .945 

 

Superordinate Identity (𝐴𝑉𝐸 = 0.80, 𝜌𝑐 = 0.94) 

 

1. Members were committed to common project objectives. .885 

2. Members felt strong ties to the team. .905 

3. Members valued their membership in the team. .893 

4. Members felt that they had a personal stake in the success of the team. .884 

 

Customer Input (𝐴𝑉𝐸 = 0.70, 𝜌𝑐 = 0.87) 

 

1. Extent to which feedback from end-users was relied upon in the development of the product idea/concept. .775 

2. Extent to which feedback from end-users was relied upon in evaluation/screening of the product idea/concept. .865 

3. Extent to which feedback from end-users was relied upon in the development of design. .862 

 

Information Integration (𝐴𝑉𝐸 = 0.61, 𝜌𝑐 = 0.88) 

 

1. Members freely shared their information and perspectives with each other. .864 

2. When making important project-related decisions, members paid great attention to the information and 

perspectives of members from other departments. 

.866 

3. Members were highly cooperative with each other during the development of this product. .808 

4. The team effectively communicated with senior management about the team's work. .549 

5. Team members freely challenged the assumptions underlying each other’s' ideas and perspectives. .765 

 

New Product Market Performance a 

 

1. Market share - 

2. Profit - 
a Formative scale 

𝐴𝑉𝐸: Average variance extracted, 𝜌𝑐: Composite reliability  
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To assess the convergent validity of the formative construct New Product Performance, we estimated 

the correlation of this construct and its single item measurement (i.e., by Sales). The correlation of 

0.9 is above the threshold of 0.8 and indicates convergent validity. The maximum variance inflation 

factor of the indicators has a value of 1.6, which is clearly below of the recommended threshold of 5. 

We noted that weight on the indicator profit was insignificant, but choose to retain the item, based on 

its absolute contribution (0.695) and to keep content validity of New Product Performance. The 

correlations between the constructs and their descriptive statistics are presented in Table 2.2. 

Table 2.2: Descriptive Statistics 

 M SD AVE 1 2 3 4 5 6 7 

1. Task 

Interdependence 

6.46 1.47 .57 .79       

2. Outcome 

Interdependence 

5.11 1.71 .61 .28*** .82      

3. Team Stability 0.79 0.21 - .17** .11 -     

4. Superordinate 

Identity 

5.62 1.58 .80 .37*** .42*** .18** .94    

5. Reliance on 

Customer Input 

5.77 1.84 .70 .05 .07 .07 .25*** .87   

6. Information 

Integration 

6.65 1.40 .61 .32*** .26*** .15* .55*** .16* .88  

7. New Product 

Performance 

4.79 1.28 - .05 .12 .09 .30*** .20** .23*** - 

Notes: Composite reliabilities are on the diagonal.  

*     p <  .1 

**   p <  .05 

*** p <  .01 

 

Common Method Bias. Since the survey data were collected from a single informant in each 

organization at a single point in time, common method bias is a potential risk in our analysis. We 

took several precautions to alleviate any potential common method bias concerns. First, in the design 

of our survey, we followed the recommendation by Podsakoff et al. (2003) and separated the 

measurement of the predictor and criterion variables in different sections. We also worded them with 

a time lag (e.g., team dynamics during the project but new product performance after the project had 

been completed). Moreover, we kept the informants’ identities anonymous, avoided vague wording, 

and used different anchoring words and reverse-coded questions as procedural remedies for common 

method bias (Podsakoff et al. 2003). Second, we conducted Harman’s one-factor test using CFA 
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procedures by comparing a single-factor model to a five-factor model using the same items (Frazier 

et al. 2009). It was found that the single-factor measurement model fit the data poorly compared to 

the five-factor measurement model (Δχ2 (10) =411.690, p < .001), which suggests there is no general 

factor that accounts for the majority of covariance across the measures.  

Third, we followed up with a marker variable technique used in recent marketing research for 

addressing common method bias (Lee and Griffith 2019). We selected “time for which the product 

category has been available in the market” as the marker variable, as it meets Lindell and Whitney’s 

(2001) criteria of being theoretically unrelated to the predictor and criterion variables. After 

controlling for the influence of the marker variable, we found that the adjusted correlations 

maintained similar sizes and levels of significance. Finally, we used an updated marker variable 

approach adjusted to suit PLS (Moeini and Rivard 2019; Rönkkö and Ylitalo 2011; Lindell and 

Whitney 2001). This approach compares the p-values of the path coefficients in the hypothesized 

model with the p-values of the same path coefficients in a model containing the marker variable as a 

covariate in all relations. Controlling for the marker variable did not change the significance of any 

path coefficients, and their values remained essentially the same. Therefore, based on our 

questionnaire design procedures, item specificity, and post hoc examinations, common method bias 

does not appear to be a concern in our analysis.  

2.5.2 Structural Model Results 

We evaluate the structural model in terms of VIF, R2 and significance of the path estimates. In a 

robustness check, we also evaluate the out-of-sample performance of the model. Hair et al. (2016) 

note that since PLS does not make normal distribution assumptions, traditional significance testing is 

not appropriate; instead, in PLS significance of the parameter estimates is obtained by bootstrapping. 

All significance tests are based on the 5000 bootstrap samples as recommended by Hair et al. (2016). 

Table 2.3 reports standardized path coefficients and their significance levels, along with the R2 for 

each endogenous construct. The largest VIF in the structural model is 1.4 and is well below the 

recommended threshold of 5 (Hair et al. 2016).  
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Table 2.3    Hypotheses Testing Results 
 

Path 

 

Hypothesis 

 

Standardized Estimates 

 

Conclusion 

Superordinate Identity 

 

   

   Team stability → Superordinate Identity 

   Outcome interdependence → Superordinate Identity 

   Task interdependence → Superordinate Identity 

   Outcome interdependence × Team stability → Superordinate Identity 

   Task interdependence × Team stability → Superordinate Identity 

   Project longevity → Superordinate Identity 

   Social cohesion → Superordinate Identity 

 

H1 

H2 

H3 

H4 

H5 

Covariate 

Covariate 

.151* 

.326** 

.182* 

-.176* 

.052 

.206** 

.208** 

Supported 

Supported 

Supported 

Supported 

Not supported 

Reliance on Customer input 

  

   

   Superordinate Identity → Reliance on customer input 

 

H6 .254** Supported 

Information Integration 

 

   

   Superordinate Identity → Information integration 

   Project manager encouragement → Information integration 

 

H7 

Covariate 

.356** 

.363** 

Supported 

New Product Performance 

 

   

   Reliance on customer input → New product performance 

   Information integration → New product performance 

   Availability of adequate resources → New product performance 

   Competitive intensity → New product performance 

 

 

H8 

H9 

Covariate 

Covariate 

.186* 

.193* 

.108 

-.166* 

Supported 

Supported 

Variance explained: Superordinate Identity (0.371), Reliance on Customer input (0.065), Information Integration (0.396), and New Product 

Performance (0.121). 

* Significant at p < .05 

** Significant at p < .01 

 

Effects of Team Stability, Outcome Interdependence, and Task Interdependence 

Results show that team stability has a positive effect on superordinate identity (β = .151, p < .05), 

offering support for Hypothesis 1. As expected, both outcome interdependence and task 

interdependence positively influence superordinate identity (β = .326, p < .01; β = .182, p < .05). 

These results thus support H2 and H3, respectively. Consistent with Hypothesis 4, the interaction of 

outcome interdependence with team stability has a negative effect on superordinate identity (β = -

.176, p < .05). However, task interdependence does not have a significant interaction effect with team 

stability (β = .052, ns), and H5 fails to find support.  

To better understand the role of team stability, we plotted the significant interaction effect using 

simple slope analysis, which provides a visual depiction of how the effect of team stability differs 

when a high vs. a low level of outcome interdependence is present. This simple slope analysis (Figure 

2.2) shows that at a high level of outcome interdependence (one standard deviation above the mean), 
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team stability is not significantly related to superordinate identity (β = .02, ns); however, at a low 

level of outcome interdependence (one standard deviation below the mean), team stability has a 

positive relationship with superordinate identity (β = .33, p < .01).  

Figure 2.2: Effect of Team Stability on Superordinate Identity 

 

Moderating effect of Outcome Interdependence on the impact of Team Stability on Superordinate Identity for high 

and low levels of Outcome interdependence. SD = Standard Deviation. The path from Team Stability to 

Superordinate Identity when Outcome Interdependence is 1 SD above its mean, is 0.02 (non-significant), and 

when Outcome Interdependence is 1 SD below its mean, it is 0.33 (p-value < 0.01). 

 

Effects of Superordinate Identity, Reliance on Customer Input and Information Integration 

Superordinate identity has a significant positive effect on reliance on customer input (β = .254, p < 

.01) and information integration (β = .356, p < .01). Thus both H6 and H7 are supported. Reliance on 

customer input and information integration, on the other hand, have a positive effect on new product 

performance (β = .186, p < .05; β = .191, p < .05, respectively). Thus both H8 and H9 find support as 

well.  

Mediating Effect of Superordinate Identity 

H10 entails investigating whether team stability influences reliance on customer input, information 

integration, and new product performance directly or indirectly through superordinate identity. To 

test this mediation relationship in PLS, we sequentially added direct paths (cf. Ahearne et al. 2010) 
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from team stability to reliance on customer input, information integration and new product 

performance and followed the guidelines (by Hair et al., 2016) to assess mediating effects. Because 

the relation between team stability and superordinate identity is moderated by outcome 

interdependence, we performed a moderated mediation analysis (Edwards and Lambert 2007), for 

high, average, and low levels of outcome interdependence (Spiller et al. 2013). 

Table 2.4: Mediating effects 

 Estimated effect 

 Outcome 

interdependence 

Low 

Outcome 

interdependence 

at mean 

Outcome 

interdependence 

High 

Team Stability → Reliance on Customer Input 0.005 0.005 0.005 

Team Stability → Superordinate Identity → 

Reliance on Customer Input 

 

0.084** 0.038* 0.004 

Team Stability → Information Integration 0.022 0.022 0.022 

Team Stability → Superordinate Identity → 

Information Integration 

 

0.117** 0.053** 0.006 

Team Stability → New Product Performance 0.020 0.020 0.020 

Team Stability → Superordinate Identity → 

New Product Performance 

0.038** 0.017* 0.002 

*     p <  .1 

**   p <  .05 

Mediation analysis of H10 with three fixed levels of Outcome interdependence: -1 SD (low), at its mean level and 

for +1 SD (high).   
 

 

From Table 2.4 we observe that for low values of outcome interdependence, superordinate identity 

fully mediates the relationship between team stability, reliance on customer input, information 

integration, and new product performance, respectively. When we evaluate the mediating relationship 

at the mean level of outcome interdependence, the results are more ambiguous. Superordinate identity 

fully mediates the relationship between team stability and information integration and is relatively 

close to mediating the other relationships at a 5% significance level. At high levels of outcome 

interdependence, we find no relation between team stability and reliance on customer input, 

information integration, or new product performance. 

In summary, we find that the conclusion with respect to H10 depends on the level of outcome 

interdependence. With a low value of outcome interdependence, H10 is supported; with outcome 

interdependence at its mean value, H10 is only partially supported; and with a high value of outcome 

interdependence, we reject H10. 
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Covariates: Social cohesion and project longevity have effects of .208 and .206, respectively, on 

superordinate identity with both effects being significant at p < .01. Project manager’s encouragement 

has a positive and significant effect (β = .362, p <.01) on information integration. Resource 

availability has a positive but insignificant effect on new product performance (β =.108, p <.15), 

whereas competitive intensity has a significant but negative effect (β = -.166, p < .05). 

2.5.3 Robustness Check 

To complement the explanatory analysis and to assess the practical utility of our model we also 

evaluate its ability to create successful predictions (Schmueli and Koppius 2011). This is particularly 

crucial for senior managers considering the effect of cross-functional team stability. To test the 

predictions of our model, we follow the recommendation of Schmueli et al. (2019) and focus on a 

key reflectively measured endogenous construct. We choose to investigate superordinate identity 

because 1) it is reflectively measured, and 2) it is involved in 8 out of our 10 hypothesis. To test the 

out-of-sample predictability of our model, we employ a cross-validation procedure proposed by 

Schmueli et al. (2016). Specifically, we split the sample into 10 disjoint groups and estimate our 

proposed model 10 times, each time withholding a group from the estimation. For each group of 

observations, we use the constructs being exogenous in relation to superordinate identity, together 

with the parameter estimates based on the other groups, to predict the items related to superordinate 

identity. Comparing the predicted values with the observed values allows us to assess how well the 

model is performing out-of-sample. We benchmark these predictions against predictions based on the 

averages of the items related to superordinate identity. We find that all items of superordinate identity 

have better out-of-sample performance than this benchmark, indicated by 𝑄𝑝𝑟𝑒𝑑𝑖𝑐𝑡
2  values22 (Schmueli 

et al. 2019) in the range 0.177-0.232. 

To test the robustness of the relation between team stability and superordinate identity, we estimate 

the model with the untransformed team stability variable instead of its logarithmic transformation. 

Compared to the original estimates, we find that all path coefficients that go into superordinate 

identity have similar size and the same significance levels. This indicates that the relation between 

team stability and superordinate identity is relatively robust to the functional form specified. 

                                                 

 

22 𝑄𝑝𝑟𝑒𝑑𝑖𝑐𝑡
2  equals one minus the quotient of the sum of the squared prediction errors of the PLS path model in relation 

to the sum of the squared prediction errors of the mean values of the indicators. 
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2.6 Discussion 

In this research, we set out to examine if cross-functional team stability is indeed critical for the 

development of successful products. Given the changing organizational reality that creating a high 

level of stability is difficult, we wanted to know if there is some other way to structure teams that will 

still ensure positive outcomes. To study the effect of stability in a cross-functional product 

development team, we invoke the social identity perspective which suggests that creating a team-

based superordinate identity is essential for the effectiveness of such teams. 

Our results suggest that stability does play a role in creating superordinate identity in cross-functional 

teams and thereby contributes toward the development of successful products. However, this role is 

relatively limited. By using the logarithm of team stability, we find that the relation might be non-

linear with the effect being less prevalent for high levels of team stability. A strong sense of outcome 

interdependence in the team is more powerful in influencing superordinate identity, and its presence 

makes stability an even less important driver of superordinate identity (i.e., outcome interdependence 

negatively moderates the effect of stability). A reason for this moderating effect could be that a higher 

level of outcome interdependence shifts the team members relations from social to more professional. 

Hence, the time needed to form social ties is no longer an important factor for the team to gain a sense 

of superordinate identity. Task interdependence also plays a more important role than stability in 

increasing superordinate identity, but it does not moderate the effect of stability on superordinate 

identity. While the new organizational reality may not permit the creation of highly stable product 

development teams, it is still possible to create a sense of outcome interdependence in product 

development teams in order to ensure team effectiveness by linking members' responsibility, 

accountability, evaluation, and rewards to the project rather than to their respective functional tasks. 

Senior managers need to take notice of this fact when creating cross-functional product development 

teams. 

Further, we find that superordinate identity created by team stability leads to more information 

integration and reliance on customer input during the product development process. Both information 

integration and reliance on customer input have a positive effect on the market performance of a new 

product. 

Our results also show that team stability influences the product’s market performance only through 

superordinate identity. Hence, there is no direct relation between team stability and new product 

performance. This finding suggest that team stability is not in itself important for new product 
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performance, and managers that cannot maintain stable teams can still improve new product 

performance by increasing superordinate identity through e.g. outcome interdependence or task 

interdependence. Furthermore, at low levels of outcome interdependence, superordinate identity fully 

mediates the relationship between stability and performance. At the mean of outcome 

interdependence, this effect is substantially reduced, but significant at the 10% level. At high levels 

of outcome interdependence, team stability has no effect on performance. This confirms the 

contention that stability mainly works in cross-functional teams because it can create superordinate 

identity.  

We hypothesized that task interdependence would decrease the influence of stability on superordinate 

identity. However, to our surprise, we find that task interdependence does not have a significant 

moderating effect on the relationship between team stability and superordinate identity. We did not 

find support for our underlying logic that task interdependence would lead to more social interaction 

in the team and thereby reduce the need for the development of a common understanding about the 

team and its environment through team stability. It is possible, however, that the social interaction 

generated by task interdependence is not strong enough to create a common understanding about the 

team and its environment. Recall that there were some doubts while discussing the effect of task 

interdependence that mere interaction or joint working may not be strong enough to adequately 

overcome inter-functional stereotypes – which hinder the development of a common understanding 

in the team. To some extent these doubts were confirmed. Our explanation is supported to some extent 

by the fact that the sign of the interaction term between task interdependence and team stability is in 

the expected direction (negative), but it is not significant. However, this is a post hoc explanation of 

an unexpected effect and thus needs to be examined carefully in future research. 

2.6.1 Limitations 

Some potential limitations of this study need to be recognized and kept in mind while interpreting its 

conclusions. First, this is a cross-sectional study, and as such, it includes many of the limitations 

typically associated with such studies. Second, this study has sampled firms in relatively stable and 

mature consumer industries for which the product development process is fairly predictable and 

consists of well-understood steps. However, in an uncertain industry (e.g., high-tech electronics), 

experiential tactics involving frequent iterations of design are more appropriate and thus, the product 

development process is quite different and more intricate (Eisenhardt and Tabrizi 1995). The 

importance of team stability can be quite different in the case of projects that involve products from 
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an uncertain industry. Caution therefore needs to be exercised when applying the findings of our 

research to firms that operate in an uncertain environment.  

2.6.2 Research Implications 

First, previous studies on stability have mostly overlooked the cross-functional nature of product 

development teams. By invoking social identity research, our research provides a strong conceptual 

foundation for studying stability in cross-functional teams. The social identity theory provides a well-

developed conceptual base for capturing and dealing with the problems that arise due to different 

functional identities that members carry with them into such teams. Future research can draw on this 

conceptual base to develop appropriate research questions and hypotheses. 

Second, we show that cross-functional team stability works only through the creation of superordinate 

identity – which is crucial for team effectiveness. In other words, there is no direct effect of team 

stability on new product outcomes as found by some previous studies. They might have found a 

relationship between stability and product outcomes, but they have not captured the actual path 

through which stability works. Superordinate identity is an important variable that needs to be 

included in future studies on cross-functional team stability. 

Third, our research findings challenge an existing notion in the literature that team stability can harm 

team effectiveness (Katz 1982). Our results show that team stability plays a positive role in the 

creation of superordinate identity. Yet, cross-functional team stability is not as central to the 

effectiveness of the team as suggested by some previous studies (Akgun and Lynn 2002). In the 

creation of superordinate identity, team stability plays a smaller role than outcome and task 

interdependence. 

Fourth, researchers have been busy investigating if team stability has a positive or negative effect on 

new product outcomes, but have not asked the question if it is possible to structure teams in a way 

that makes stability less critical. This question becomes important in view of the fact that creating 

stable teams is becoming less feasible in the business world. Our research has addressed this question 

and identified a structural factor, outcome interdependence, which can minimize the need for stability 

in cross-functional product development teams. At the same time, we have not found any such effect 

of task interdependence. It is important to identify other factors that can make stability less critical 

for positive new product outcomes. 
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2.6.3 Managerial Implications 

Our study tells senior managers that they can safely ignore the commonly held notion that cross-

functional team stability is critical for effective new product outcomes. It is not necessary to keep 

representatives of various functional areas on the team from start to finish of the new product 

development project. Recognizing the new organizational reality that teams need to be fluid and 

flexible, they can include functional representatives on the team as long as it is practical and feasible 

to do so. 

By limiting team stability, the organization is not likely to lose in terms of team effectiveness as long 

as the members develop strong superordinate identity (i.e., a sense of identification with the team and 

a stake in its success). In effect, superordinate identity is a more important factor than team stability. 

Thus, the primary focus should be on creating a strong superordinate identity in the team. 

In order to create superordinate identity, senior managers need to link team members' responsibility, 

accountability, evaluation, and rewards to the overall project rather than to their respective functional 

tasks (i.e., create outcome interdependence). Managers also need to define the project and its scope 

in such a way that members from various functional areas need to work jointly on important aspects 

of new product development and feel that they depend on each other's expertise/resources and support 

(i.e., create task interdependence). Managers should note that it is more important to create outcome 

interdependence than task interdependence because the former not only more strongly leads to the 

development of superordinate identity, unlike the latter, but also helps minimize the need for team 

stability. 

  



References 

77 

 

2.7 References 

Abrams, D., & Hogg, M. A. (2004). Metatheory: Lessons from Social Identity Research. 

Personality and Social Psychology Review, 8(2), 98-106. 

Ahearne, M., MacKenzie, S. B., Podsakoff, P. M., Mathieu, J. E., & Lam, S. K. (2010). The Role of 

Consensus in Sales Team Performance. Journal of Marketing Research, 47 (3), 458-69. 

Akgun, A. E. & Lynn, G. S. (2002). Antecedents and Consequences of Team Stability on New 

Product Development Performance. Journal of Engineering and Technology Management, 19, 263-

286. 

Ambrose, S. C., Matthews, L. M., & Rutherford, B. N. (2018). Cross-Functional Teams and Social 

Identity Theory: A Study of Sales and Operations Planning (S&OP). Journal of Business Research, 

92 (November), 270-278. 

Ancona, D., & Bresman, H. (2007). X-Teams. Boston, MA: Harvard Business School Press. 

Armstrong, J. S., & Overton, T. S. (1977). Estimating Nonresponse Bias in Mail Surveys. Journal 

of Marketing Research, 14 (August), 396-402. 

Ashforth, B. E., & Mael, F. (1989). Social Identity Theory and the Organization. Academy of 

Management Review, 14 (1), 20-39. 

Awomolo, O., Jabbariarfaei, J., Singh, N., & Akin, Ö. (2017). Communication and Design 

Decisions in Cross-Functional Teams, In Analysing Design Thinking: Studies of Cross-Cultural 

Co-Creation. CRC Press. 

Bagozzi, R. P., Yi, Y., & Phillips, L. W. (1991). Assessing Construct Validity in Organizational 

Research. Administrative Science Quarterly, 36 (3), 421-458. 

Beersma, B., Homan, A. C., Van Kleef, G. A., & De Dreu, C. K. W. (2013). Outcome 

Interdependence Shapes the Effects of Prevention Focus on Team Processes And Performance. 

Organizational Behavior and Human Decision Processes, 121(2), 194-203. 

Brewer, M. B., & Miller, N. (1984). Beyond the Contact Hypothesis: Theoretical Perspectives on 

Desegregation. In N. Miller, & M. B. Brewer (Eds.), Groups in Contact: The Psychology of 

Desegregation (pp. 281-302). Orlando, Florida: Academic Press. 

Brewer, M. B. (1996). When Contact is Not Enough: Social Identity and Intergroup Cooperation. 

International Journal of Intercultural Relations, 20, 291-303. 

Chang, W., & Taylor, S. A. (2016). The Effectiveness of Customer Participation in New Product 

Development: A Meta-Analysis. Journal of Marketing, 80(1), 47-64. 

Cini, M. A., Moreland, R. L., & Levine, J. M. (1993). Group Staffing Levels and Response 

to Prospective and New Group Members. Journal of Personality and Social Psychology, 65 

(October): 723-734. 

Clark, K. B., & Fujimoto, T. (1991). Product Development Performance. Boston, Massachusetts: 

Harvard Business School Press. 



CHAPTER 2: HOW CRITICAL IS STABILITY IN CROSS-FUNCTIONAL PRODUCT DEVELOPMENT TEAMS? 

78 

 

De Clercq, D., Thongpapanl, N., & Dimov, D. (2011). A Closer Look at Cross‐Functional 

Collaboration and Product Innovativeness: Contingency Effects of Structural and Relational 

Context. Journal of Product Innovation Management, 28(5), 680-697. 

Cui, A. S., & Wu, F. (2016). Utilizing Customer Knowledge in Innovation: Antecedents and Impact 

of Customer Involvement on New Product Performance. Journal of the Academy of Marketing 

Science, 44 (4), 516-538. 

Curşeu, P. L., Kenis, P., Raab, J., & Brandes, U. (2010). Composing Effective Teams Through 

Team Dating. Organization Studies, 31(7), 873-894. 

Dougherty, D. (1992). Interpretive Barriers to Successful Product Innovation in Large 

Organizations. Organization Science, 3 (May), 179-202. 

Edmondson, A. C., Bohmer, R. M., & Pisano, G. P. (2001). Disrupted Routines: Team Learning 

and New Technology Implementation in Hospitals. Administrative Science Quarterly, 46 

(December), 685-716. 

Edwards, J. R., & Lambert, L. S. (2007). Methods for Integrating Moderation and Mediation: A 

General Analytical Framework Using Moderated Path Analysis. Psychological Methods, 12 (1), 1-

22. 

Eisenhardt, K. M., & Tabrizi, B. N. (1995). Accelerating Adaptive Processes: 

Product Innovation in the Global Industry. Administrative Science Quarterly, 40 (March), 84-110. 

Fong, P. S. W., Men, C., Luo, J., & Jia, R. (2018). Knowledge Hiding and Team Creativity: The 

Contingent Role of Task Interdependence. Management Decision, 56(2), 329-343. 

Fornell, C., & Larcker, D. F. (1981). Evaluating Structural Equation Models with Unobservable 

Variables and Measurement Error. Journal of Marketing Research, 18 (3), 39-50. 

Frazier, G. L., Maltz, E., Anita, K. D., & Rindfleisch, A. (2009). Distributor Sharing of Strategic 

Information with Suppliers. Journal of Marketing, 73 (July), 31-43. 

Gaertner, S. L., Mann, J. A., Dovidio, J. F., Murrell, A. J., & Pomare, M. (1990). How Does 

Cooperation Reduce Intergroup Bias?. Journal of Personality and Social Psychology, 59 (October), 

692-704. 

Ganesh, M. P., & Gupta, M. (2010). Impact of Virtualness and Task Interdependence on Extra-Role 

Performance in Software Development Teams. Team Performance Management: An International 

Journal, 16(3/4), 169-186. 

Gardner, H. K., Gino, F., & Staats, B. R. (2012). Dynamically Integrating Knowledge in Teams: 

Transforming Resources into Performance. Academy of Management Journal, 55(4), 998-1022. 

Gerpott, F. H., Balliet, D., Columbus, S., Molho, C., & de Vries, R. E. (2018). How Do People 

Think About Interdependence? A Multidimensional Model of Subjective Outcome 

Interdependence. Journal of Personality and Social Psychology, 115(4), 716-742. 



References 

79 

 

Glynn, M. A., Kazanjian, R., & Drazin, R. (2010). Fostering Innovation in Complex Product 

Development Settings: The Role of Team Member Identity and Interteam Interdependence. Journal 

of Product Innovation Management, 27(7), 1082-1095. 

Gorman, J. C., Grimm, D. A., & Dunbar, T. A. (2018). Defining and Measuring Team Effectiveness 

in Dynamic Environments and Implications for Team ITS. Building Intelligent Tutoring Systems for 

Teams, 19, 55-74. 

Griffin, A., & Hauser, J. (1996). Integration of R&D and Marketing: A Review and Analysis of the 

Literature. Journal of Product Innovation Management, 13 (May), 191-215. 

Gupta, A. K., Raj, S. P., & Wilemon, D. (1986). A Model for Studying R&D- Marketing Interface 

in the Product Innovation Process. Journal of Marketing, 50(April), 7-17 

Gupta, A. K., & Wilemon, D. (1988). Why R&D Resists Using Marketing Information. 

Research Technology Management, 31 (November/December), 36-41. 

Hair, J. F., Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2016). A Primer on Partial Least Squares 

Structural Equation Modeling (PLS-SEM). Thousand Oaks: SAGE publications. 

Harrison, D. A., & Humphrey, S. E. (2010). Designing for Diversity or Diversity for Design? 

Tasks, Interdependence, and Within-Unit Differences at Work. Journal of Organizational Behavior, 

31(2/3), 328-337. 

Hinkle, S., Taylor, L. A., Fox‐Cardamone, D. L., & Crook, K. F. (1989). Intragroup Identification, 

and Intergroup Differentiation: A Multicomponent Approach. British Journal of Social Psychology, 

28, 305-17. 

Hogg, M. A. (2016). Social Identity Theory. In Understanding Peace and Conflict Through Social 

Identity Theory. Springer, Cham. 

Im, S, Montoya, M. M., & Workman, J. P. (2013). Antecedents and Consequences of Creativity in 

Product Innovation Teams. Journal of Product Innovation Management, 30 (1), 170-85. 

Kane, A. A. (2010). Unlocking Knowledge Transfer Potential: Knowledge Demonstrability and 

Superordinate Social Identity. Organization Science, 21(3), 643-660. 

Kanter, R. M. (1988). When a Thousand Flowers Bloom: Structural, Collective, and Social 

Conditions for Innovation in Organizations. Knowledge Management and Organisational Design, 

10, 93-131. 

Katz, R. (1982). The Effects of Group Longevity on Project Communication and Performance. 

Administrative Science Quarterly, 81-104. 

Kleinschmidt, E. J., & Cooper, R. G. (1991). The Impact of Product Innovativeness on 

Performance. Journal of Product Innovation Management: An International Publication of the 

Product Development & Management Association, 8(4), 240-251. 

Leavitt, H. J., & Lipman-Blumen, J. (1995). Hot Groups. Harvard Business Review, 73(4), 109-

116. 



CHAPTER 2: HOW CRITICAL IS STABILITY IN CROSS-FUNCTIONAL PRODUCT DEVELOPMENT TEAMS? 

80 

 

Lee, H. S., & Griffith, D. A. (2019). Social Comparison in Retailer–Supplier Relationships: 

Referent Discrepancy Effects. Journal of Marketing, 83(2), 120-137. 

Lin, C. P., He, H., Baruch, Y., & Ashforth, B. E. (2017). The Effect of Team Affective Tone on 

Team Performance: The Roles of Team Identification and Team Cooperation. Human Resource 

Management, 56(6), 931-952. 

Lindell, M. K., & Whitney, D. J. (2001). Accounting for Common Method Variance in Cross-

Sectional Research Designs. Journal Of Applied Psychology, 86(1), 114. 

Lovelace, K., Shapiro, D. L., & Weingart, L. R. (2001). Maximizing Cross-Functional New Product 

Teams' Innovativeness and Constraint Adherence: A Conflict Communications Perspective. 

Academy of Management Journal, 44(4), 779-793. 

Mackie, D. M., & Goethals, G. R. (1987). Individual and Group Goals. Review of Personality and 

Social Psychology. Sage Publications, 144-66. 

Masih-D’silva, S. (2010). Teams are Partnerships. Retrieved from Shine website: http:// 

info.shine.com/Career-Advice-Articles/Career-Advice/Teams-are-partnerships/4401/cid2.aspx. 

Accessed 20 July 2019. 

Mathieu, J. E., Gallagher, P. T., Domingo, M. A., & Klock, E. A. (2019). Embracing Complexity: 

Reviewing the Past Decade of Team Effectiveness Research. Annual Review of Organizational 

Psychology and Organizational Behavior, 6, 17-46. 

Menguc, B., Auh, S., & Uslu, A. (2013). Customer Knowledge Creation Capability and 

Performance in Sales Teams. Journal of the Academy of Marketing Science, 41(1), 19-39. 

Mintu-Wimsatt, A., & Graham, J. L. (2004). Testing a Negotiation Model on Canadian Anglophone 

and Mexican Exporters. Journal of the Academy of Marketing Science, 32(3), 345-356. 

Moeini, M., & Rivard, S. (2019). Responding—or Not—To Information Technology Project Risks: 

An Integrative Model. MIS Quarterly, 43(2), 475-500. 

Nakata, C., & Im, S. (2010). Spurring Cross‐Functional Integration for Higher New Product 

Performance: A Group Effectiveness Perspective. Journal of Product Innovation Management, 

27(4), 554-571. 

Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003). Common Method 

Biases in Behavioral Research: A Critical Review of the Literature and Recommended Remedies. 

Journal of Applied Psychology, 88(5), 879. 

Team, R. C. (2013). R: A Language and Environment for Statistical Computing. 

Ringle, C. M., Wende, S., & Becker, J. M. (2015). SmartPLS 3 [Computer 

Software]. GmbH, Bönningstedt. Retrieved from https://www.smartpls.com/downloads. 

Rönkkö, M., & Ylitalo, J. (2011). PLS Marker Variable Approach to Diagnosing and Controlling 

for Method Variance. ICIS 2011 Proceedings, paper 8. 



References 

81 

 

Sarin, S., & Mahajan, V. (2001). The Effect of Reward Structures on the Performance of Cross-

Functional Product Development Teams. Journal of Marketing, 65(2), 35-53. 

Savelsbergh, C. M., Poell, R. F., & van der Heijden, B. I. (2015). Does Team Stability Mediate the 

Relationship between Leadership and Team Learning? An Empirical Study among Dutch Project 

Teams. International Journal of Project Management, 33(2), 406-418. 

Scheer, L. K., Miao, C. F., & Garrett, J. (2010). The Effects of Supplier Capabilities on Industrial 

Customers’ Loyalty: The Role of Dependence. Journal of the Academy of Marketing Science, 38(1), 

90-104. 

Shmueli, G., & Koppius, O. R. (2011). Predictive Analytics in Information Systems Research. MIS 

Quarterly, 553-572.  

Shmueli, G., Ray, S., Estrada, J. M. V., & Chatla, S. B. (2016). The Elephant In The Room: 

Predictive Performance of PLS Models. Journal of Business Research, 69(10), 4552-4564. 

Shmueli, G., Sarstedt, M., Hair, J. F., Cheah, J. H., Ting, H., Vaithilingam, S., & Ringle, C. M. 

(2019). Predictive Model Assessment in PLS-SEM: Guidelines for Using PLSpredict. European 

Journal of Marketing, 53(11), 2322-2347. 

Sethi, R. (2000). Superordinate Identity in Cross-Functional Product Development Teams: Its 

Antecedents and Effect on New Product Performance. Journal of the Academy of Marketing 

Science, 28 (Summer), 330-44. 

Sethi, R. (2000b). New Product Quality and Product Development Teams. Journal of Marketing, 64 

(April), 1-14. 

Sethi, R., Smith, D. C., & Park, C. W. (2001). Cross-Functional Product Development Teams, 

Creativity, and the Innovativeness of New Consumer Products. Journal of Marketing Research, 38 

(1), 73-85. 

Shemla, M., Meyer, B., Greer, L., & Jehn, K. A. (2016). A Review of Perceived Diversity in 

Teams: Does How Members Perceive their Team's Composition Affect Team Processes and 

Outcomes?. Journal of Organizational Behavior, 37, S89-S106. 

Sherif, M., Sherif, C.W. (1969). Social Psychology. New York: Harper & Row. 

Shuffler, M. L., Diazgranados, D., Maynard, M. T., & Salas, E. (2018). Developing, Sustaining, and 

Maximizing Team Effectiveness: An Integrative, Dynamic Perspective of Team Development 

Interventions. Academy of Management Annals, 12 (2), 688-724. 

Slotegraaf, R. J., & Atuahene-Gima, K. (2011). Product Development Team Stability and New 

Product Advantage: The Role of Decision-Making Processes. Journal of Marketing, 75 (January), 

96-108. 

Spiller, S. A., Fitzsimons, G. J., Lynch Jr, J. G., & McClelland, G. H. (2013). Spotlights, 

Floodlights, and the Magic Number Zero: Simple Effects Tests in Moderated Regression. Journal 

of Marketing Research, 50 (2), 277-88. 



CHAPTER 2: HOW CRITICAL IS STABILITY IN CROSS-FUNCTIONAL PRODUCT DEVELOPMENT TEAMS? 

82 

 

Thomas, J. S., Loignon, A. C., Woehr, D. J., Loughry, M. L., & Ohland, M. W. (2019). Dyadic 

Viability in Project Teams: The Impact of Liking, Competence, and Task Interdependence. Journal 

of Business and Psychology, 1-19. 

Tih, S., Wong, K. K., Lynn, G. S., & Reilly, R. R. (2016). Prototyping, Customer Involvement, and 

Speed of Information Dissemination in New Product Success. Journal of Business & Industrial 

Marketing, 31(4), 437-448. 

Van der Vegt, G (1998). Patterns of Interdependence in Work Teams: a Cross-level Examination of 

the Relation with Satisfaction and Commitment. Groningen: Rijksuniversiteit Groningen. 

Wageman, R. (1995). Interdependence and Group Effectiveness. Administrative Science Quarterly, 

40 (March), 145-80. 

Wang, H. S., Noble, C. H., Dahl, D. W., & Park, S. (2019). Successfully Communicating a 

Cocreated Innovation. Journal of Marketing, 83 (4), 38-57.   

Wagner, J. P., Grigg, N., Mann, R., & Mohammad, M. (2017). High Task Interdependence: Job 

Rotation and Other Approaches for Overcoming Ingroup Favoritism. Journal of Manufacturing 

Technology Management, 28 (4), 485-505. 

Wies, S., Hoffmann, A. O. I., Aspara, J., & Pennings, J. M. (2019). Can Advertising Investments 

Counter the Negative Impact of Shareholder Complaints on Firm Value?. Journal of Marketing”, 

83 (4), 58-80.  

Wilder, D. A. (1986). Social Categorization: Implications for Creation and Reduction of Intergroup 

Bias. Advances in Experimental Psychology,19, 291-355. 

White, J. C., Varadarajan, P. R., & Dacin, P. A. (2003). Market Situation Interpretation and 

Response: The Role of Cognitive Style, Organizational Culture, and Information Use. Journal of 

Marketing, 67 (3), 63-79. 

 



 

83 

 

 

CHAPTER  3 
3 MEASUREMENT INVARIANCE TESTING WITH LATENT 

VARIABLE SCORES USING  

PARTIAL LEAST SQUARES PATH MODELING 

 

Benjamin Dybro Liengaard 

Aarhus University and CREATES 

 

Abstract 

Multigroup and longitudinal studies are common in the information systems literature. When using 

structural equation modeling, comparison across time or groups can be misleading if the measures 

are not invariant. Composite-based structural equation modeling is widely used in the information 

systems literature, and partial least squares path modeling (PLS) is unquestionably the most common 

method. However, this method lacks a method for testing measurement invariance in reflectively 

measured constructs. To fill this research gap, this paper introduces a regression-based approach for 

testing measurement invariance in reflectively measured constructs by using the latent variable scores 

estimated from PLS. Simulations show that the proposed test has adequate Type I errors under the 

null hypothesis of measurement invariance in both multigroup analysis and longitudinal studies. In 

the longitudinal case, we use panel bootstrapping to account for intraindividual correlation in outer 

measurement errors. The conceptual framework of the test follows the established measurement 

invariance literature adopted from covariance-based SEM. Hence, this article provides the IS 

researcher with the tool to test one of the necessary condition before conducting either multigroup or 

longitudinal analysis with PLS, which in turn creates the opportunity to significantly advance IS 

knowledge. We provide guidelines on how to use the proposed tests and give an empirical example 

where we show how to integrate experimental approaches to the PLS framework by using a latent 

ANCOVA model. 



CHAPTER 3: MEASUREMENT INVARIANCE TESTING WITH LATENT VARIABLE SCORES USING PARTIAL LEAST SQUARES  

                         PATH MODELING 

84 

 

3.1 Introduction 

Comparison between groups is regularly done in the information systems (IS) literature (Hsieh et al. 

2008; Keil et al. 2000; Zhu et al. 2006) and so is comparison across time periods (Qureshi and 

Compeau 2009; Venkatesh et al. 2017). Calls for measurement invariance (MI) test in IS have been 

addressed in articles providing recommendations for construct measurement and validation 

procedures (MacKenzie et al. 2011) and in editorial comments (Ringle et al. 2012). Measurement 

invariance in general refers to the hypothesis that the metric of a construct across groups or occasions 

is the same (Widaman et al. 2010). If the measures are not invariant, we cannot be sure that differences 

between groups or occasions are due to differences in the constructs or due to differences in measuring 

the construct. Therefore, it is generally recommended not to compare nonequivalent measures 

(Vandenberg and Lance 2000). 

Structural equation modeling (SEM) is used extensively in a variety of fields such as knowledge 

management (Cepeda-Carrion et al. 2019) and IS (Hair et al. 2017), and two widely used SEM 

methods are covariance-based SEM (CB-SEM) and composite-based SEM (Urbach and Ahlemann 

2010). In IS, composite-based SEM using partial least squares path modeling (PLS) is particularly 

prominent (Ringle et al. 2012). MI tests for reflectively measured constructs in CB-SEM are well 

developed and the scientific impact of guiding articles (Steenkamp and Baumgartner 1998; 

Vandenberg and Lance 2000) indicate that they are also widely used. To the best of our knowledge 

equivalent methodology has not been developed within PLS, even though the assumptions of the 

reflective measurement model are equivalent to CB-SEM (see section 2). For this reason, this study 

develops a procedure for testing measurement invariance in PLS. 

The influential paper by Vandenberg and Lance (2000) listed a range of different tests of 

measurement invariance, but the recommendations were recently updated in Vandenberg and Morelli 

(2016) to only include a subset of the original MI tests. Using this updated list as our point of 

departure, we explain in section 3 how we adapt each of these tests to the PLS framework. 

MI is particularly an issue when performing multigroup analysis or longitudinal analysis. Multigroup 

analysis with PLS is commonly used in the information systems literature  (Ahuja and Thatcher 2005; 

Enns et al. 2003; Hsieh et al. 2008; Zhu et al. 2006), but measurement invariance is rarely tested 

(Ringle et al. 2012) and occasionally assumed a priori to hold (Becker et al. 2013). Longitudinal PLS 

is addressed more infrequently, but one example is (Sun 2013). The lack of an MI test for reflectively 

measured constructs in PLS (Qureshi and Compeau 2009) can restrain researchers’ choice of method, 
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where they would otherwise have chosen PLS. The ability to conduct the full analysis in PLS would 

therefore considerably align the entire estimation procedure with the methodological justifications 

for using that procedure. 

For example, Hsieh et al. (2008) investigated the effects of digital inequality in the framework of 

multigroup analysis. Based on the nature of their empirical data they judged PLS to be most suited 

for the analysis. Hsieh et al. (2008) based their MI assessment on subjective judgment of similarity 

of loadings across groups and supplemented this assessment by a CB-SEM MI test. Our proposed 

procedure would have allowed Hsieh et al. (2008) to conduct the MI tests entirely within a PLS 

domain and thereby to align the justification for using a particular method with all steps of their 

analysis. In another IS application Steelman et al. (2014) examined the technology acceptance model 

and the expectation-disconfirmation theory for instances where each model was sampled from online 

crowdsourcing markets as opposed to more traditional sampling frames. They used CB-SEM MI tests 

to assess how well the constructs can be compared between sampling frames. In a PLS robustness 

check, they were unable to replicate the MI tests and reverted to assess differences in latent variable 

mean scores across samples. Using our proposed procedure would have allowed Steelman et al. 

(2014) to use a PLS method as a direct robustness check of the CB-SEM MI test.   

When specifying a SEM model, researchers routinely have to decide between using a formative 

(composite) or a reflective measurement model. In a recent literature review on the use of PLS in the 

information systems journals MISQ and IMDS, Hair et al. (2017) found that all publications between 

2012 and 2015 in IMDS on PLS applications had at least one reflectively measured construct, whereas 

this was true for 91.7% of the publications in MISQ. The tests proposed in this article are suited for 

reflectively measured constructs. If the researcher assumes a population relation where the latent 

variable is measured without error as a linear combination of its indicators (also referred to as a 

composite), we refer to the MICOM procedure proposed by Henseler et al. (2016).   

Our proposed procedure does not only support traditional types of PLS analysis, but opens the avenue 

for using PLS in experimental settings as seen in e.g. covariance-based SEM (Ployhart and Oswald 

2004). In section 9 we illustrate the use of our measurement invariance procedure on a dataset 

composed of two independent groups with two repeated measures. Subsequently, we use a latent 

ANCOVA model to estimate the effect of availability of information about data breaches on 

individual’s perceived online shopping risk. 
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3.2 The Measurement Model 

Even though the methodology for testing measurement invariance in covariance-based SEM is well 

developed and the underlying reflective factor models are assumed to be the same as in PLS, we 

cannot directly transfer the statistical tests in covariance-based SEM to a PLS setting. The reason lies 

in the different estimation methods utilized. Where covariance-based SEM uses the estimated 

covariance matrix of the indicators and model-imposed restrictions (Brown 2015), PLS employs an 

iterative algorithm that produces latent variable scores (Tenenhaus et al. 2005), which are then used 

to compute the final PLS parameter estimates (Wold 1982). Hence, we develop a set of tests using 

the underlying principles of measurement invariance testing from covariance-based SEM, but 

conduct these tests entirely within the PLS domain. In the rest of this section, we will describe the 

reflective measurement model.  

In PLS the reflective measurement model assumes the indicators to be linear in the latent constructs 

(Lohmöller 1989), which is equivalent to the measurement model underlying measurement invariance 

tests in covariance-based SEM (Steenkamp and Baumgartner 1998; Vandenberg and Lance 2000). 

More specifically, the indicator, 𝑥𝑘, 𝑘 = 1,… , 𝐾 is a linear function of a latent variable, 휂, an 

intercept, 𝜏𝑘, and an error term 𝛿𝑘. Thus,  

𝑥𝑘 = 𝜏𝑘 + 𝜌𝑘휂 + 𝛿𝑘, 

where 𝜌𝑘 is the slope coefficient or loading. In PLS the latent construct has a finite mean, a standard 

deviation of one (Tenenhaus et al. 2005), and the predictor specification, 𝐸(𝑥𝑘|휂) = 𝜏𝑘 + 𝜌𝑘휂, is 

assumed to hold (Wold 1982). The predictor specification implies the common assumptions in 

covariance-based SEM, namely that 𝐸(𝛿𝑘) = 0 and 𝑐𝑜𝑣(𝛿𝑘, 휂) = 0 (Bollen 1989). 

In the rest of the article, we refer to group membership if we either have different classifications of 

individuals (e.g., male or female) or the same individuals observed over multiple time periods. Group 

membership is denoted by 𝑔 = 1,… , 𝐺, where 𝐺 is the total number of groups and the measurement 

equation across groups can therefore be written as 

𝑥𝑔,𝑘 = 𝜏𝑔,𝑘 + 𝜌𝑔,𝑘휂𝑔 + 𝛿𝑔,𝑘. 

The test procedure in this article is aligned with the use of approximations in PLS to the true latent 

variable scores, which in turn are used to estimate population parameters. By substituting the true 
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(unobserved) latent variable, 휂, by the PLS approximation, 𝑌, we can write the reflective 

measurement model, as estimated by PLS, as the linear projection of 𝑥𝑔,𝑘 on 𝑌𝑔 

𝑥𝑔,𝑘 = 𝛼𝑔,𝑘 + 𝜋𝑔,𝑘𝑌𝑔 + 휀𝑔,𝑘 . (3.1) 

The coefficient, 𝜋𝑔,𝑘, is the loading of indicator 𝑘 in group 𝑔, 𝛼𝑔,𝑘 denotes the intercept, 𝑌𝑔 is the 

approximation of the latent variable that is common to all 𝐾 indicators in group 𝑔, and 휀𝑔,𝑘 is the 

error term. 𝛼𝑔.𝑘 and 𝜋𝑔,𝑘 are estimated by OLS. Equation (3.1) will be the model underlying all the 

measurement invariance tests treated in this paper. Our proposed procedure is therefore generalizable 

to other SEM applications that use OLS to estimate equation (3.1) under the common assumptions in 

the reflective measurement model and using derived latent variable scores. 

By using latent variable scores we will next describe the four levels of measurement invariance 

considered in this article; configural invariance, metric invariance, scalar invariance, and invariant 

indicator variances. 

3.3 Types of Measurement Invariance Using Latent Variable Scores 

The first type of measurement invariance is configural invariance and is a prerequisite for inferring 

that the constructs have a similar meaning across groups (Steinmetz et al. 2009), and it must be 

established before subsequent tests are meaningful (Vandenberg and Lance 2000). We have 

configural invariance if the pattern of zero (or near zero) and non-zero loadings is the same across 

groups (Steenkamp and Baumgartner 1998) and if the loadings have the same sign (Meredith 1993).  

We have evidence of configural invariance across groups for like constructs if we can verify that we 

have the same set of indicators related to these constructs and the sign of their loadings is the same. 

The verification of the reflective measurement model is routinely conducted in PLS by investigating 

internal consistency, convergent validity, and discriminant validity (Hair Jr et al. 2017). To sum up, 

we have evidence of configural invariance if the evaluation of the reflective measurement model in 

each group relates the same set of indicators to like constructs with the same sign on their loadings. 
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Figure 3.1: Metric and scalar invariance 

 

 

The second type of invariance is metric invariance, which is a stricter version of construct 

comparability than configural invariance. It needs to be established in order to infer that the construct 

has the same meaning across groups (Steinmetz et al. 2009) and in order to compare path coefficients 

between groups. If we have metric invariance, we can compare the latent constructs over groups, 

however, it does not allow for comparing the latent means (Harmsen et al. 2019). Metric invariance 

ensures that the indicators are measured on the same metric (McDonald 1999; Steinmetz et al. 2009) 

and are tested under the null hypothesis that the loadings on like indicators are invariant across groups  

(Vandenberg and Lance 2000).  

In order to illustrate the concept of metric invariance in PLS we have depicted four hypothetical 

regression lines between an indicator and its associated latent variable scores for four different groups 

in Figure 3.1. When we compare groups A, B and D in Figure 3.1, we see that the groups have the 

same slope coefficient, which implies metric invariance. In contrast, group C has a different slope 

coefficient than the other groups, and we do not have metric invariance for the indicator in that group. 

Hence, a one unit increase in the latent variable score in group C does not result in the same expected 

change in the indicator as would have been the result of a one unit increase in the latent variable score 
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in groups A, B and D. Therefore, we cannot say that the indicator across the groups responds similarly 

to changes in 𝑌.  

One might compare the concept of metric invariance to measuring the weight of a physical object on 

two different weighing scales, e.g., one that measures in kilograms and one that measures in pounds. 

If we increase the weight of the physical object by one kilogram, this will correspond to a one unit 

increase on the kilogram weighing scale, but approximately a 2.2 unit increase on the pound weighing 

scale. Hence, we cannot compare changes between the two weighing scales.  

The third kind of invariance is scalar invariance, which ensures that like constructs are on the same 

scale (Acar et al. 2019), that is, the difference in the latent score means is adequately reflected in the 

difference in the indicator means. We only test for scalar invariance if we have metric invariance, and 

in turn scalar invariance is a prerequisite if the researcher wishes to conduct latent mean comparisons 

between groups (Steinmetz et al. 2009). This level of invariance is tested under the null hypothesis 

that the intercepts of like indicators are identical across groups (Vandenberg and Lance 2000). 

By comparing groups A and B in Figure 3.1, we see that both the slope and intercept are the same, 

and the indicator therefore exhibits scalar invariance even though the mean of the latent variable and 

the indicator is different between the groups. When comparing groups A and C, we have the same 

intercepts, but the indicator does not exhibit scalar invariance due to the lack of metric invariance. 

Consequently, when the slopes are not the same between groups, identical intercepts do not ensure 

that a change in the mean of the latent variable is captured in the same way by the mean of the 

indicator across groups. Finally, by comparing groups A and D, we see that the mean of the indicator 

differs, whereas the mean of the latent variable is the same. This difference is reflected by a difference 

in the intercept between the groups, and we have a lack of scalar invariance.  

One might compare the concept of scalar invariance with measuring physical objects on two different 

weighing scales that we assume have the same metric (e.g., kilograms), but where one of the weighing 

scales always measures above or below the other weighing scale for a certain fixed weight.  

The last type of measurement invariance we consider in this paper is indicator variance invariance, 

which refers to the equality of variances between like indicators. If the researcher needs to establish 

that the outer errors are invariant, we need invariant indicator variance. Equal outer variance is often 

referred to as invariant uniqueness (Vandenberg and Lance 2000) and has previously been 

emphasized, but it is now seen as less important and only a requirement in special circumstances 

(Schmitt and Kuljanin 2008).  
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It is common practice to use standardized variables in PLS estimations, and the researcher is therefore 

likely to perform the metric invariance testing using standardized indicators. In this case, the test of 

equal variance of like indicators should be conducted before the metric invariance test is performed. 

Moreover, if we use standardized indicators with equal variance and metric invariance, then we also 

have equal outer error variance. These points are illustrated in appendix B.  

Often, full measurement invariance is infeasible in practice, and a compromise between full 

measurement invariance and a lack of measurement invariance is the concept of partial measurement 

invariance (Byrne et al. 1989). We have partial measurement invariance if only a subset of the 

indicators are invariant across groups and can be invoked for metric, scalar, and outer error invariance. 

Partial measurement invariance on a construct is normally considered after configural invariance has 

been established on that construct (Reise et al. 1993). Following the advice of Steenkamp and 

Baumgartner (1998), we recommend that at least two indicators are invariant across groups on like 

constructs before proceeding with further analysis. In our proposed procedure we can test for partial 

metric invariance by only testing on a subset of the indicators. 

When testing for measurement invariance, one should in general proceed in the order in which the 

different types of measurement invariance are described above. However, testing for invariant 

indicator variances has to be conducted before a metric invariance test if standardized indicators are 

used (see also section 3.8).  

3.4 Testing Metric Invariance 

Following the recommendations of Chen (2008), we test for measurement invariance one construct 

at the time. In the case of different classifications of individuals, separate PLS models are estimated 

for each group, and when we consider repeated measures, the estimated scores will typically stem 

from a model where like constructs are connected in the nomological net. By estimating the difference 

in the loadings between a reference group and the other groups, we can test for metric invariance. 

Without loss of generality, we will let the first group be the reference group. Let 𝑁 = ∑ 𝑛𝑔
𝐺
𝑔=1  be the 

total sample size where 𝑛𝑔 is the sample size in group 𝑔, 𝑔 = 1,2, … , 𝐺. If we are comparing the same 

individuals over multiple time periods, it must hold that 𝑛𝑔 = 𝑛 for all 𝑔. The difference between the 

loading of the first group (reference group) and any other group is 𝜋𝑔∗,𝑘
𝑑 = 𝜋𝑔∗,𝑘 − 𝜋𝑔=1,𝑘, 𝑔∗ =

2, … , 𝐺. Under the null hypothesis of equal loadings, these differences will be zero. According to the 

configural invariance requirement, we must have the same number of indicators over the different 
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groups, and we denote the total number of like indicators for a specific construct by 𝐾. We stack these 

indicators in an 𝑁 × 1 vector,  𝑥𝑘 = (𝑥𝑔=1,𝑘
′ , 𝑥𝑔=2,𝑘

′ , . . , 𝑥𝑔=𝐺,𝑘
′ )

′
. The latent variable scores are 

arranged in an 𝑁 × 𝐺 matrix according to  

𝑌𝑀 =

[
 
 
 
 
 
 
𝑌𝑔=1 𝟎 𝟎 𝟎 … 𝟎

𝑌𝑔=2 𝑌𝑔=2 𝟎 𝟎 … 𝟎

𝑌𝑔=3 𝟎 𝑌𝑔=3 𝟎 𝟎 ⋮

⋮ 𝟎 𝟎 ⋱ 𝟎 ⋮
⋮ ⋮ ⋮ 𝟎 ⋱ 𝟎

𝑌𝑔=𝐺 𝟎 𝟎 … 𝟎 𝑌𝑔=𝐺]
 
 
 
 
 
 

. 

The first column in 𝑌𝑀 is a vector of all latent variable scores because we have chosen group one as 

our reference group. In case that group two is used as the reference group instead, we would have the 

vector of all latent variable scores in column two, and only 𝑌𝑔=1 as non-zero in column one. Using 

𝑌𝑀 allows us to specify the regression equation utilized to test for metric invariance 

[

𝑥𝑘=1

𝑥𝑘=2

⋮
𝑥𝑘=𝐾

] = [

𝑌𝑀 𝟎 𝟎 𝟎
𝟎 𝑌𝑀 𝟎 𝟎
𝟎 𝟎 ⋱ 𝟎
𝟎 𝟎 𝟎 𝑌𝑀

] ⋅

[
 
 
 
𝜋𝑘=1

𝐴

𝜋𝑘=2
𝐴

⋮
𝜋𝑘=𝐾

𝐴 ]
 
 
 

+ 𝝂 (3.2) 

where 𝜋𝑘
𝐴 = [𝜋𝑔=1,𝑘, 𝜋𝑔=2,𝑘

𝑑 , … , 𝜋𝑔=𝐺,𝑘
𝑑 ]

′
, 𝑘 = 1,… , 𝐾, is a vector of coefficients, and 𝝂 is an 𝑁𝐺 × 1 

vector of error terms. 𝜋𝑔=1,𝑘 will replicate the PLS loading on indicator 𝑘 in group 1, and 𝜋𝑔∗,𝑘
𝑑 , 𝑔∗ =

2, … , 𝐺, will be the difference in the PLS loadings between group 1 and group 𝑔∗ = 2, … , 𝐺. 

Indicators that are problematic in terms of MI can be identified by large coefficients on 𝜋𝑔∗,𝑘
𝑑 . If all 

𝜋𝑔∗,𝑘
𝑑 , 𝑔∗ = 2,… , 𝐺, are large and similar in magnitude, this could be a signal that it is the indicator 

in group 1 that is problematic in terms of MI.   

In general, the null hypothesis of equality of all loadings across groups is 

𝜋𝑘
𝐷 = 𝟎,       𝑘 = 1,… , 𝐾   

where 𝜋𝑘
𝐷 = [𝜋𝑔=2,𝑘

𝑑 , … , 𝜋𝑔=𝐺,𝑘
𝑑 ]

′
, 𝑘 = 1, … , 𝐾. As an example, having two indicators and two groups, 

the null hypothesis would be 𝜋𝑔=2,𝑘=1
𝑑 = 𝜋𝑔=2,𝑘=2

𝑑 = 0. 

To test the hypothesis of metric invariance, we use the Wald statistics for testing multiple restrictions. 

That is, by stacking the difference in loadings in a (𝐺 − 1)𝐾 × 1 vector according to 
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 𝜋𝐷 = [(𝜋𝑘=1
𝐷 )′, (𝜋𝑘=2

𝐷 )′, … , (𝜋𝑘=𝐾
𝐷 )′]′, we can test 𝐻0: 𝑅𝜋𝐷 = 𝑟, where 𝑅 is a (𝐺 − 1)𝐾 × (𝐺 − 1)𝐾 

identity matrix, and 𝑟 is (𝐺 − 1)𝐾 × 1 vector of zeroes. The Wald statistics have the form 

 𝑊 = (𝑅�̂�𝐷 − 𝑟)′(𝑅�̂�𝑅′)
−1

(𝑅�̂�𝐷 − 𝑟),   (3.3) 

where �̂� is an estimate of the covariance matrix of 𝜋𝐷23. Instead of relying on an asymptotic 

distribution in equation (3.3), we follow the standard PLS practice of significance testing by 

bootstrapping (Hair Jr et al. 2017). More specifically, we bootstrap the test statistics in equation (3.3) 

when conducting inferences. To substantiate the proposed test, we conducted a range of simulations 

(see section 3.7), and they indicate that the procedure behaves well under the null hypothesis. 

Specifically, for our simulated models, we have that the probability of incorrectly rejecting a true null 

hypothesis (Type I error) corresponds to a predefined significance level. In the longitudinal case that 

typically has few time periods, we employ panel bootstrapping to account for possible correlations 

between the measurement errors within individuals. We also show how the power of the metric 

invariance test rises to one as a function of the sample size and as the difference in loadings between 

groups gets larger.  

3.5 Testing Scalar Invariance 

The purpose of testing for scalar invariance is to be able to compare latent variable means between 

groups. The test of scalar invariance should therefore allow the group specific means to differ. In our 

test for metric invariance, we implicitly make use of the fact that the PLS algorithm estimates the 

latent variable with a variance of one. This scaling allows us to estimate the loadings without 

ambiguity (Wold 1982). Contrary to the latent variables variances, the means of the latent variables 

often have substantive interpretations, and we therefore identify the mean structure of the 

measurement model by means of an identification strategy that is often used in covariance-based 

SEM. More specifically, we adopt the rationale of a marker indicator (Brown 2015; Cheung and 

Rensvold 1999). When testing for scalar invariance, the marker indicator is an indicator that is 

assumed a priori to have an invariant intercept between groups. The marker indicator together with 

the use of a reference group can identify the differences of intercepts in the measurement model.  

                                                 

 

23 We estimate the covariance of 𝜋𝐷 as in the familiar F-test statistics (Cameron and Trivedi 2005), that is �̂� =

𝑠2(𝑌𝑀𝑀′
𝑌𝑀𝑀)

−1
 where 𝑌𝑀𝑀 is the first matrix on the right hand side of the equality sign in equation (3.2), and 𝑠2 is 

the estimate of the error variance in the same equation.  
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The marker indicator should be an item for which we cannot reject the null hypothesis of metric 

invariance (Vandenberg and Lance 2000). As in e.g. confirmatory factor analysis, difficulties can 

arise if the researcher inadvertently selects a non-invariant indicator as the marker indicator. One 

solution to this problem can be to rerun the analysis with different marker indicators (Brown 2015). 

For notational simplicity, we will let the marker indicator be the first indicator, 𝑥𝑔,𝑘=1 in the following 

description. 

As in the test for metric invariance, the scalar invariance test also uses a reference group. The 

difference between the intercept of group 𝑔∗ = 2,… , 𝐺 and the first group (reference group) is 

𝛼𝑔=𝑔∗,𝑘
𝑑 = 𝛼𝑔=𝑔∗,𝑘 − 𝛼𝑔=1,𝑘, 𝑘 = 1,… , 𝐾. Under the null hypothesis of scalar invariance, these 

deviances will be zero. In order to construct the test equation, we specify a dummy variable matrix 

𝐼𝑀 =

[
 
 
 
 
𝟏𝑛𝑔=1

𝟎 𝟎 𝟎

𝟏𝑛𝑔=2
𝟏𝑛𝑔=2

𝟎 𝟎

⋮ 𝟎 ⋱ 𝟎
𝟏𝑛𝑔=𝐺

𝟎 𝟎 𝟏𝑛𝑔=𝐺]
 
 
 
 

 (3.4) 

 

where 𝟏𝑛𝑔
 is an 𝑛𝑔 × 1 vector of ones. The first column in equation (3.4) consists entirely of ones, 

because we have group one as our reference group. Had we chosen e.g. group two as our reference 

group, we would have column two consist entirely of ones, whereas column one would only have 

ones in the first 𝑛𝑔=1 rows.  

To incorporate the marker variable in the testing equation we introduce the vectors 

𝜆𝑔,𝑘=𝑘∗ = 𝑥𝑔,𝑘=𝑘∗ −
𝜋𝑘=𝑘∗

𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 𝑥𝑔,𝑘=1, 𝑔 = 1, … , 𝐺; 𝑘∗ = 2,…𝐾, (3.5) 

where 𝜆𝑔,𝑘=𝑘∗ is an 𝑛𝑔 × 1 vector, and 𝜋𝑘
𝑟𝑒𝑠, 𝑘 = 1,… , 𝐾, is a slope coefficient that is restricted to be 

equal over all groups and is obtained from the linear projection of 𝑥𝑘 on the vector 

[𝑌𝑔=1, 𝑌𝑔=2, … , 𝑌𝑔=𝐺]
′
. This restriction is in accordance with the prerequisite condition that metric 

invariance holds (Nye and Drasgow 2011). The test equation is 
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[

𝜆𝑘=2

𝜆𝑘=3

⋮
𝜆𝑘=𝐾

] = [

𝐼𝑀 𝟎 𝟎 𝟎
𝟎 𝐼𝑀 𝟎 𝟎
𝟎 𝟎 ⋱ 𝟎
𝟎 𝟎 𝟎 𝐼𝑀

] ⋅

[
 
 
 
𝛼𝑘=2

𝐴

𝛼𝑘=3
𝐴

⋮
𝛼𝑘=𝐾

𝐴 ]
 
 
 

+ 𝝑 (3.6) 

where 𝜆𝑘 = [𝜆𝑔=1,𝑘
′ , 𝜆𝑔=2,𝑘

′ , … , 𝜆𝑔=𝐺,𝑘
′ ]

′
 and 𝛼𝑘

𝐴 = [𝛼𝑔=1,𝑘
𝑟 , 𝛼𝑔=2,𝑘

𝑑 , … , 𝛼𝑔=𝐺,𝑘
𝑑 ]

′
, 𝑘 = 2,… , 𝐾 . We 

have that the first entry in 𝛼𝑘
𝐴 will be related to the intercept in group one, and the remaining entries, 

𝛼𝑘
𝐷 = [𝛼𝑔=2,𝑘

𝑑 , … , 𝛼𝑔=𝐺,𝑘
𝑑 ]

′
, will be the difference in the intercept between group one and group 𝑔 =

2, … , 𝐺  for indicator 𝑘 = 2,… , 𝐾 (see appendix B.2). Notice that 𝑘 = 1 seems to be missing from 

the stacked vectors in equation (3.6). This is due to our choice of indicator 1 as marker indicator. If 

we had chosen e.g. indicator two as marker indicator, then the stacked vectors in equation (3.6) would 

have been [𝜆𝑘=1
′ , 𝜆𝑘=3

′ , 𝜆𝑘=4
′ , … , 𝜆𝑘=𝐾

′ ]′ and [(𝛼𝑘=1
𝐴 )′, (𝛼𝑘=3

𝐴 )′, (𝛼𝑘=4
𝐴 )′, … , (𝛼𝑘=𝐾

𝐴 )′]′. Under the null 

hypothesis of scalar invariance, we have 

𝛼𝑘
𝐷 = 𝟎, 𝑘 = 2,… , 𝐾. (3.7) 

For instance in the case where we have three indicators over two groups, the null hypothesis simplifies 

to 𝛼𝑔=2,𝑘=2 = 𝛼𝑔=2,𝑘=3 = 0 with the assumption that the marker indicator has invariant intercept over 

the groups, 𝛼𝑔=1,𝑘=1 − 𝛼𝑔=2,𝑘=1 = 0 .  

To test for scalar invariance, we first compute the estimates of 𝜋𝑘
𝑟𝑒𝑠, 𝑘 = 1,… , 𝐾, in order to estimate 

the vectors given in equation (3.5). That is, we compute 

�̂�𝑔,𝑘=𝑘∗ = 𝑥𝑔,𝑘=𝑘∗ −
�̂�𝑘=𝑘∗

𝑟𝑒𝑠

�̂�𝑘=1
𝑟𝑒𝑠 𝑥𝑔,𝑘=1, 𝑘∗ = 2,… , 𝐾, 

and subsequently estimate the model given in equation (3.6) with OLS. Finally, we test under the null 

hypothesis given in equation (3.7) with a bootstrapped Wald statistic as described in section 3.4. We 

substantiate the proposed test of scalar invariance with simulations in section 3.7. For all these 

simulations the scalar invariance test controls the Type I error and have power levels that increase as 

a function of sample size and differences in intercept. 

3.6 Test of Equal Indicator Variance 

We bear in mind that the purpose of testing for equal indicator variance on like indicators is either to 

test for equal outer error variance or, in the case of standardized variables, to be able to validly test 

for metric invariance. The Levene test is commonly used to test for equality of variance between 
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groups on a variable. We recommend to test equality of variances on like indicators using the robust 

Levene test (Brown and Forsythe 1974) in order to align all of our proposed tests with the fact that 

PLS does not make any assumptions about normality. 

If a construct has many indicators, we have to perform the robust Levene test many times for this 

construct. This can lead to a multiple testing problem, which in turn increases the probability of Type 

I errors. One of the most crucial decisions in controlling for multiple testing is to decide the set of 

hypotheses where the Type I errors should be controlled. This decision must be taken such that it fits 

the purpose of the study (Shaffer 1995). Our proposed procedure tests one construct at a time, and we 

therefore recommend to correct for Type I errors at the construct level. Many procedures have been 

proposed to control for the overall Type I error rate (Hochberg 1988; Holm 1979; Simes 1986), and 

one possibility is to use the simple Bonferonni method, which controls the error rate per family 

(Shaffer 1995). To apply this procedure, we determine an overall significance level for the construct 

(e.g., 0.05), and if one of the p-values of the robust Levene statistics is below 0.05/𝐾, the null 

hypothesis of equal variances for like indicators on the construct cannot be supported.  

3.7 Simulation Study 

To ensure that researchers can reliably utilize our procedure in their applications with real data, we 

assessed its performance in several Monte Carlo studies by systematically manipulating an expansive 

set of experimental conditions. False positives (Type I errors) are an important concern in behavioral 

research (Goodhue et al. 2017). A test statistic with an appropriate Type I error is expected to 

incorrectly reject a true null hypothesis (i.e., Type I error) in 5% of the cases given a 0.05 significance 

level. To determine whether our test statistic met this criterion, we conducted a range of different 

simulations under the null hypothesis of metric and scalar invariance. We also investigated the power, 

that is, the probability of correctly rejecting a false null hypothesis. It is important to have an 

understanding of the power of our tests in order to know if they can be expected to detect problems 

with measurement invariance. Each factorial combination, which is described below, is calculated 

over 3000 Monte Carlo repetitions and is performed over the sample sizes 100, 250, 500, and 1000. 

In order to focus the simulations on varying the factor combinations in the outer model, the inner 

model is kept simple with two constructs and a structural coefficient of 0.6  as in Henseler et al. 

(2016). The number of indicators on each construct is 4, which is close to the median value of the 

number of indicators used in IS research (Hair et al. 2017), and all indicators are reflectively 

measured. Configural invariance is tested by investigating the reliability and validity of like 

constructs. These tests are well established in the literature, and we therefore do not conduct 
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simulations for configural invariance. We do not conduct simulations to assess the performance of 

the well-established robust Levene test either. The general simulation model for the two groups is 

depicted in Figure 3.2. 

Figure 3.2: Inner population models used in all Monte Carlo studies 

 

 

To investigate if the Type I error probabilities correspond to a predefined 0.05 significance level, we 

conducted 5 different types of simulations (Table 3.1). In each testing scenario, we use the testing 

procedure for both metric and scalar invariance. Scenario 1 is a baseline simulation, where the groups 

have equal latent variable means, equal intercepts, and equal loadings of 0.8. The other scenarios are 

variations over the simulation setup in scenario 1. In scenario 2, we investigate if difference in group 

size affects the proposed tests. To explore if different latent variable means over the groups affect 

especially the test for scalar invariance, we conducted simulations with different latent variable means 

between the groups in scenario 3. To examine the effect of unequal factor loadings, we used different 

loadings in our simulations in scenario 4. Longitudinal data collected on like indicators often have 

time-correlated outer errors on these indicators (Chan 1998). Hence, we generated data (scenario 5) 

with an outer error correlation of 0.2 between groups on like indicators. For this scenario we employ 

both panel and cross-section bootstrapping to investigate the effect of the chosen bootstrapping 

method on the size.  

To detect the power of the metric invariance test, we used different loadings across groups in 

scenarios 6 and 7 for our simulations. Differences in loadings correspond to a lack of metric 

invariance, and we therefore expect that the proposed test of metric invariance will begin to reject the 

null hypothesis more frequently as the difference in loadings increases. In scenario 6 we have 

uncorrelated outer errors, whereas scenario 7 is simulated with correlated outer errors. We therefore 

use panel bootstrapping in scenario 7, but not in scenario 6. In scenarios 8 and 9, we increase the 
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difference in intercepts between groups24 to investigate the power in detecting scalar invariance. 

Scenario 8 is without correlated outer errors, whereas scenario 9 is with correlated outer errors. Again, 

we use panel bootstrapping in the case of correlated outer errors.  

Table 3.1: Overview of experimental factors in the simulation study 

Factor combinations when evaluating Type I error 

Scenario 1 Outer error correlation of 0, the groups have equal mean of the latent 

variables, and all loadings are 0.8. Thereby, the model is the same in both 

groups. 

Scenario 2 As in scenario 1, but the sample size in group 2 is half the size of group 1. 

This simulation should detect any sensitivity of the Type I error when the 

group sizes are unequal. 

Scenario 3 As in scenario 1, but the mean of the latent variables in group 2 is one higher 

than in group 1. A proper Type I error in this scenario indicate that the tests of 

metric and scalar invariance are not affected by different latent variable 

means as long as the intercepts remain unchanged.  

Scenario 4 As in scenario 1, but with unequal loadings (0.6, 0.7, 0.8, 0.9). This scenario 

investigates if the Type I error changes in response to unequal loadings. 

Scenario 5 As in scenario 1, but with outer error correlation of 0.2. This scenario 

corresponds to the case of repeated measures on the same individuals, where 

the outer error terms are correlated. Both panel bootstrapping and cross-

sectional bootstrapping are performed. Hence, we can compare the effect on 

the type I error rate between these two bootstrapping methods. 

Factor combinations when evaluating power 

Scenario 6 As in scenario 1, but the loadings in group one are 0.7, and the loadings in 

group two range from 0.75 to 0.9. The purpose of this simulation is to 

investigate how the probability of rejecting a false null hypothesis of metric 

invariance increases as the difference in loadings increase.  

Scenario 7 As in scenario 6, but with outer error correlation of 0.2. Hence, we inspect 

how the outer error correlation affects the power in testing for metric 

invariance. 

Scenario 8 As in scenario 1, but the intercepts in group one are zero, whereas the 

intercepts in group two range from 0.1 to 0.4. The purpose of this simulation 

is to investigate the probability of rejecting a false null hypothesis of scalar 

invariance.  

Scenario 9 As in scenario 8, but with outer error correlation of 0.2. Hence, we inspect 

how the outer error correlation affects the power in testing for scalar 

invariance. 

                                                 

 

24 In order to simulate under the marker indicator assumption of the scalar invariance test, and similar to the 

measurement invariance simulations in Chen (2008), the intercept of the marker indicator is kept equal 

across groups. 
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3.7.1 Results Assessment 

From Table 3.2 we in general find that the test for metric and scalar invariance is well sized25 under 

the factor combinations considered.  When testing for metric invariance in scenario 4 for a small 

sample size of 100, the test seems, however, slightly conservative. In scenario 5 (with correlated outer 

errors), it becomes clear why we recommend using panel bootstrapping when correlated outer errors 

are expected. More specifically, when using cross-section bootstrapping, the size in testing for scalar 

invariance is well below the 0.05 level, but using panel bootstrapping, the size is close to the pre-

specified significance level of 0.05. 

Next, we investigate the ability of the metric and scalar invariance tests to reject a false null hypothesis 

(power). These results are reported in Table 3.3.  In all scenarios, the power level increases with 

sample size and with deviations from the null hypothesis. Comparing scenarios 6 and 7, we find 

similar power levels regardless of whether the outer errors are correlated or not.  

                                                 

 

25 The probability of making a Type I error is sometimes called the size of the test (Cameron and Trivedi 2005, p. 246). 

Accordingly, by “well-sized” we mean that when the researcher uses a test on a significance level of 5% (nominal size) 

and the null hypothesis is true, the test will also falsely reject the null hypothesis in approximately 5% of the cases. 

Table 3.2: Results of size simulations 

Scenario Test  

Sample size 

  100 250 500 1000 

 1 
Metric invariance 0.048 0.052 0.049 0.048 

Scalar invariance 0.046 0.051 0.052 0.051 

2 
Metric invariance 0.043 0.051 0.053 0.050 

Scalar invariance 0.047 0.044 0.048 0.056 

3 
Metric invariance 0.045 0.055 0.047 0.054 

Scalar invariance 0.046 0.051 0.055 0.050 

4 
Metric invariance 0.034 0.054 0.046 0.045 

Scalar invariance 0.048 0.048 0.045 0.050 

5 

 

Metric invariance, 

cross-section bootstrap 
0.06 0.056 0.043 0.053 

Scalar invariance, 

cross-section bootstrap 
0.002 0.001 0.002 0.002 

Metric invariance, 

panel bootstrap 
0.056 0.060 0.056 0.052 

Scalar invariance, 

panel bootstrap 
0.044 0.048 0.056 0.051 
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When testing for scalar invariance, the scenario with correlated outer errors and panel bootstrapping 

has a higher power compared to the scenario with no outer error correlation and cross-section 

bootstrapping (comparison of scenarios 8 and 9). The higher power levels found in scenarios 8 and 9 

compared to scenarios 6 and 7 are not solely due to the fact that the intercepts deviate more between 

groups than do the loadings between groups. For example, if we compare scenario 8 with a difference 

in intercept of 0.2 with scenario 6 with a difference in loadings of 0.2, we see that the power is almost 

0.2 higher in the test for scalar invariance. In general, we find higher power in detecting scalar 

invariance than metric invariance.  

3.8 Recommended Procedure 

Figure 3.3 and Figure 3.4 depict flowcharts containing the proposed procedure for measurement 

invariance testing with standardized and unstandardized indicators respectively. These flowcharts 

resembles the flowchart in Steenkamp and Baumgartner (1998), but they only focuses on the most 

relevant invariance tests according to Vandenberg and Morelli (2016). We follow the general 

procedure of assessing levels of invariance sequentially, but also note that following this convention 

might lead to inflated Type I errors because we have to make multiple comparisons (Nye and Drasgow 

2011). 

Table 3.3: Results of power simulations 

Scenario Difference in 

loadings 

 

Sample size 

  100 250 500 1000 

 6 

0.05 0.039 0.094 0.125 0.208 

0.1 0.095 0.212 0.405 0.668 

0.15 0.192 0.442 0.742 0.961 

0.2 0.329 0.701 0.936 1.000 

7 

0.05 0.049 0.083 0.119 0.21 

0.1 0.1 0.222 0.395 0.696 

0.15 0.188 0.455 0.741 0.963 

0.2 0.306 0.7 0.942 1.000 

 Difference in 

intercept     

8 

0.1 0.169 0.348 0.583 0.894 

0.2 0.494 0.889 0.995 1 

0.3 0.826 0.998 1 1 

0.4 0.976 1 1 1 

9 

0.1 0.312 0.654 0.912 0.997 

0.2 0.836 0.998 1 1 

0.3 0.991 1 1 1 

0.4 1 1 1 1 
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The first step in each procedure is to identify factors that are configural invariant across groups. The 

subsequent tests are only conducted on factors that signal configural invariance. If the researcher 

wishes to utilize standardized indicators (Figure 3.3) for the final model estimation (as is often done 

in PLS applications), the robust Levene test should be conducted after the configural invariance step. 

If full indicator variance invariance is satisfied, one can proceed to test for metric invariance on all 

indicators. If only a subset of the indicators has invariant variance across groups, only this subset 

should be included in the test for partial metric invariance.  

When testing for (partial) metric invariance, we use the bootstrapped significance test described in 

equation (3.3). If the test of (partial) metric invariance rejects the null hypothesis of equal indicator 

loadings across groups, we can use the magnitude of the coefficients from the testing equation (3.2) 

to find indicators that should be excluded from subsequent hypothesis tests. This resembles the 

approach given in Ployhart and Oswald (2004), where the decision to free loadings across groups is 

based on the magnitude of modification indices.  In the case of (partial) metric invariance, we can - 

with reasonable certainty - say that the construct is comparable across groups and that like indicators 

 

Figure 3.3: Proposed procedure for assessing measurement invariance with standardized 

                    indicators 

 
Note: By “excluding loadings” or “excluding intercepts”, we mean that the relevant loadings or relevant intercepts 

are not included in the hypothesis test. 
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are equally reliable.  If we need to exclude some indicators in the test of (partial) metric invariance, 

we only include the subset of metric invariant indicators in the test of (partial) scalar invariance.  

In testing for (partial) scalar invariance, we can use the coefficients from equation (3.6) to identify 

indicators that are problematic in terms of scalar invariance. If we can establish scalar invariance, we 

can - with reasonable certainty - make meaningful comparison of the latent means across groups. 

When using unstandardized indicators (Figure 3.4), we follow the same logic of partial measurement 

invariance testing as described above. With unstandardized indicators, the researcher can test for 

metric invariance immediately after the configural invariant factors has been determined. In the case 

of (partial) metric invariance, we can proceed to test for scalar invariance. If we also can establish 

(partial) scalar invariance, we can with reasonably confidence say that the latent means is comparable 

across groups. Hence, with unstandardized indicators the researcher only need to test metric and 

scalar invariance in order to determine if the latent means is comparable across groups. In contrast, 

when using standardized indicators, the researcher also need to test for equal indicator variance to 

reach the same conclusion. 

 

Figure 3.4: Proposed procedure for assessing measurement invariance with unstandardized 

                    indicators 

 
Note: By “excluding loadings” or “excluding intercepts”, we mean that the relevant loadings or relevant intercepts 

are not included in the hypothesis test. 
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3.9 Example: Two Independent Groups with Two Repeated Measures 

To facilitate the use of our proposed procedure and show how this method allows researchers to 

analyze experimental survey designs using PLS, this section provides an example where we go 

through the steps of measurement invariance testing.  This example investigates the effect of 

availability of information about data breaches on individuals´ perceived online shopping risk. The 

availability of information is essential for individual risk perception (Kahneman 2011; van Schaik et 

al. 2017), and the effect of perceived risk is in turn a relevant factor in order to understand consumer 

decision-making (Meents and Verhagen 2018). Our hypothesis is therefore that individuals who 

obtain information about data breaches will change their risk perception of doing online shopping. 

Answering this question can help us understand how e.g. news about data breaches can affect online 

consumer behavior. To investigate our hypothesis we use a 2 by 2 mixed design to estimate the effect 

of availability of information about data breaches on individuals´ perceived online shopping risk. 

This exemplifies how the proposed procedure allows researchers to introduce experimental 

approaches to the PLS framework.   

The data is collected using an online survey sampled in the US and yielded 538 valid responses. We 

used Amazon Mechanical Turk for the data collection and took our point of departure in the guidelines 

by (Lowry et al. 2016) for surveys conducted at Amazon Mechanical Turk26.   

First, the respondents were asked to answer questions measuring their perceived online shopping risk 

(see Appendix B.3) using a scale from previous IS research (Chakraborty et al. 2016). Second, based 

on random splitting, the respondents were divided into a control and a treatment group. The members 

of the treatment group were given information about data breaches in the US and were asked to 

indicate the degree to which this information was familiar to them. The control group was given 

information about heart disease and cardiovascular diseases and was also asked to indicate their level 

of knowledge about the information. The wording in the information provided to the control and 

treatment group was similar, and both types of information can be viewed as negative. Lastly, the 

respondents were asked to fill out the perceived online shopping risk scale again (i.e., to answer the 

same questions they answered before they were given information about either data breaches or heart 

                                                 

 

26 We restricted the sample to respondents who had approval rates of more than 90% on previous completed task on 

Amazon Mechanical Turk; we only sampled US respondents and subsequently verified the location of respondents by 

their IP address; we included an attention question and offered a pay equivalent to the federal minimum wage. 
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and cardiovascular disease). Hence, the control and treatment group are created by priming them 

(Tversky and Kahneman 1973) with different information. 

Introducing a treatment in an experimental study might change the meaning of the construct (Chen 

2008), and to address this concern we investigate whether we have measurement invariance. The 

sampling scheme described above allowed us to conduct a PLS estimation for both the treatment 

group and the control group (see Figure 3.5) and subsequently use the derived latent variable scores 

to test the different levels of measurement invariance. 

Perceived online shopping risk is measured four times (two times for the control group and two times 

for the treatment group). Because the observations are assigned randomly between the control and 

treatment group, any differences in the measurement model pre intervention should be due to 

sampling error. Hence, in the following, we treat perceived online shopping risk as one construct and 

test for measurement invariance across the following three measurements; pre intervention for the 

control group, post intervention for the control group, and post intervention for the treatment group.  
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3.9.1 Configural invariance 

To estimate the two models given in Figure 3.5, we used the following PLS settings: equal weights 

for initialization of the algorithm (Hair Jr et al. 2017), correlation weights for the outer model 

estimation (Chin 1998; Wold 1982), path weighting scheme for the inner model estimations 

(Lohmöller 1989), and a stop criterion of 10-7 (Tenenhaus et al. 2005). We utilized the SmartPLS 3 

software (Ringle et al. 2015) to test for configural invariance. Based on satisfactory validity and 

reliability (see Appendix B.4), the indicators are found to be congeneric. We used the common 

approach in PLS of standardizing the indicators, so next we proceed to test for equal variance of like 

indicators. 

3.9.2 Test for equal variance of like indicators across groups 

We test the indicators across the three measurements of perceived online shopping risk, which 

involves making four robust Levene tests (one for each indicator). We use the simple Bonferroni 

correction at an overall significance level of 0.05, which in turn implies that each test is evaluated at 

a 0.0125 significance level. The results are given in Table 3.4, and we find that we cannot reject the 

overall null hypothesis of equal variance over the groups. Hence, in the subsequent MI test, we restrict 

the variances to be equal by standardizing each indicator over all four measurement occasions.  

Figure 3.5: Structural equation model for two groups in two time periods 
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Table 3.4: Results of robust Levene test 

Indicator POSR1 POSR2 POSR3 POSR4 

p-value 0.469 0.028 0.774 0.932 

 

In case the indicator POSR2 had significant different variance across measurement occasions, we 

could investigate which groups were responsible for the rejection of equal variance across the groups 

by inspecting the difference in indicator variances. Subsequent analysis would still be possible under 

partial invariance, but we could only restrict the variance of POSR2 over groups where the data 

supported this.  

3.9.3 Metric invariance 

In testing for metric invariance, we use the pre intervention measure of perceived online shopping 

risk in the control group as the reference group, and Table 3.5 reports the other groups´ differences 

in loadings from this group.  

Due to the repeated measures in the control group, we used panel bootstrapping (1000 resamples). 

We tested the null hypothesis that all differences in loadings were zero and obtained a p-value of 

0.403. Hence, we cannot reject the null hypothesis of metric invariance. These findings suggest that 

we can proceed to testing for scalar invariance while restricting the loadings to equality between 

groups. 

Table 3.5: Test for metric invariance 

 Pre intervention 

 
Control group (reference group) Treatment group 

Indicator POSR1 POSR2 POSR3 POSR4 POSR1 POSR2 POSR3 POSR4 

Δloadings - - - - -0.007 -0.014 0.030 -0.181 

 Post intervention 

 Control group Treatment group 

Indicator POSR1 POSR2 POSR3 POSR4 POSR1 POSR2 POSR3 POSR4 

Δloadings -0.003 0.057 0.013 -0.014 -0.094 -0.034 0.041 -0.109 

p-value = 0.403.  

Note: The p-value is based on the null hypothesis of full metric invariance between the following groups; pre 

intervention control group, post intervention control group and post intervention treatment group. Significance 

testing is conducted using 1000 panel bootstrap resamples. 
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3.9.4 Scalar invariance 

In testing for scalar invariance, we keep the pre measures in the control group as the reference group. 

We choose POSR3 as the marker indicator, motivated by its relatively stable loadings over the four 

groups.  In Table 3.6, we have the intercept differences when comparing to the reference group, and 

the resulting panel bootstrapped p-value is 0.393, which in turn implies that we cannot reject the null 

hypothesis of scalar invariance.  Having established scalar invariance, we can proceed to what we 

call a latent ANCOVA model where we compare the latent means across the groups. 

3.9.5 Latent ANCOVA model 

The preceding measurement invariance test provides confidence that we do indeed measure the same 

construct in all four measurements. To investigate if the availability of information about data 

breaches affects individuals´ perceived online shopping risk, we estimate an ANCOVA model using 

derived latent variable scores. Because the measurement invariance tests supported comparability of 

perceived online shopping risk across the treatment and control groups, the latent variable scores are 

estimated by conducting a PLS estimation on the pooled data.  

Using the estimated latent variable scores, we estimate the following ANCOVA model 

𝑃𝑂𝑆𝑅𝑝𝑜𝑠𝑡 = 𝜇 + 𝜅𝑑 + 𝛽1(𝑃𝑂𝑆𝑅𝑝𝑟𝑒 − 𝑃𝑂𝑆𝑅̅̅ ̅̅ ̅̅ ̅̅
𝑝𝑟𝑒) + 𝛽2𝐼𝑁𝑇 + 휁, 

where 𝜇 is an overall intercept, 𝑑 is a dummy variable equal to one if the observation belongs to the 

treatment group and zero otherwise. 𝜅 measures the effect of being in the treatment group when 

Table 3.6: Test for scalar invariance 

 Pre intervention 

 
Control group (reference group) Treatment group 

Indicator POSR

1 

POSR2 POSR3 POSR4 POSR1 POSR2 POSR3 POSR4 

Δintercepts

s 

 - - - 0.173 -0.002 Marker 0.159 

 Post intervention 

 Control group Treatment group 

Indicator POSR

1 

POSR2 POSR3 POSR4 POSR1 POSR2 POSR3 POSR4 

Δintercepts -0.093 0.119 Marker -0.039 -0.052 0.117 Marker -0.062 

p-value = 0.393.   

Note: The p-value is based on the null hypothesis of full scalar invariance between the following groups; pre 

intervention control group, post intervention control group, and post intervention treatment group. Significance 

testing is conducted using 1000 panel bootstrap resamples. 
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𝑃𝑂𝑆𝑅𝑝𝑟𝑒 is at its average, 𝛽1 measures the relation between pre and post intervention common to 

both the treatment and control group, 𝐼𝑁𝑇 = (𝑃𝑂𝑆𝑅𝑝𝑟𝑒 − 𝑃𝑂𝑆𝑅̅̅ ̅̅ ̅̅ ̅̅
𝑝𝑟𝑒)𝑑 is an interaction term, 𝛽2 

measures the difference between the treatment and control groups with respect to the relation between 

pre and post intervention, and 휁 is the error term.  

The results are given in Table 3.7, and the p-values are based on 1000 panel bootstrap resamples. The 

non-significant effect of 𝐼𝑁𝑇 suggests that the relation between the pre intervention measure of 

perceived online shopping risk and the post intervention measure is the same irrespective of whether 

information about data breaches is provided or not. We find that the coefficient on the treatment group 

dummy is 0.287 and highly significant. Hence, we find support for our hypothesis that providing 

information about data breaches changes the perceived risk of shopping online. Both the control and 

treatment groups received information that can be perceived as negative, so the increased risk 

perception should be due to the substantive content of the information and not related to its emotional 

effect. 

3.10 Limitations and Future Research 

In this study, we (1) discussed why measurement invariance is an important issue in IS research, (2) 

synthesized current work on measurement invariance testing in covariance-based SEM into a PLS 

framework, (3) introduced a test for metric and scalar invariance that can be performed in case of 

unequal group sizes, arbitrary number of groups, and outer error correlation, (4) assessed the 

performance of the tests for metric and scalar invariance, (5) provided guidelines on how to 

sequentially perform the different levels of measurement invariance tests, and (6) by means of an 

empirical example we illustrated how the proposed procedure allows the researcher to perform 

experimental survey designs within a PLS framework. While our study makes several contributions, 

it has limitations and also opens the avenue for future research. It is worth noting that there is a large 

Table 3.7: Latent ANCOVA 

Dependent variable: Post intervention POSR 

Variable Coefficient P-value 

Intercept 4.754 0 

Treatment dummy (𝑑) 0.287 0 

𝑃𝑂𝑆𝑅𝑝𝑟𝑒 − 𝑃𝑂𝑆𝑅̅̅ ̅̅ ̅̅ ̅̅
𝑝𝑟𝑒 0.883 0 

𝐼𝑁𝑇 -0.09 0.121 
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overlap between the limitations and suggested future research outlined below and what are currently 

unresolved issues in covariance-based SEM. Hence, PLS and covariance-based SEM researchers 

might be able to benefit from new developments in tests for measurement invariance across the two 

types of estimation methods. 

Like all significance testing procedures, our proposed procedure is sensitive to the sample size and 

will tend to reject the null hypothesis of invariance more often as the sample size increases. Therefore 

it can be beneficial to investigate how large the difference in loadings or intercepts between groups 

should be before we ought to be concerned about the conclusions in the main analysis. 

Simulations done by (Chen 2008) indicate that certain forms of measurement invariance are more 

problematic in terms of bias in comparing slope coefficients and latent variable means between 

groups. In particular, (Chen 2008) finds that slope coefficients and mean comparisons are most 

problematic with uniform invariance, where all indicators in one group have either higher intercepts 

or higher loadings than in another group. In the case where only some intercepts or loadings are higher 

in one group, and others are higher in the other group (mixed invariance), the bias can cancel out to 

some extent. Distinguishing between uniform and mixed forms of invariance in the procedure 

proposed in this article can be conducted by inspecting the coefficients in equation (3.2) and equation 

(3.6). If the coefficients are all positive or negative and we reject the null hypothesis of metric or 

scalar invariance, this is a sign of uniform invariance, and the researcher should be extra careful in 

comparing regression coefficients or latent variable means. Future research could investigate the 

implications of uniform and mixed invariance in terms of our proposed tests for metric and scalar 

invariance. 

While the focus of this paper is on making a measurement invariance test in PLS that covers all of 

the most standard evaluation criteria while being as simple as possible, future research might improve 

on the test statistic. For example, the calculation of the Wald statistic for metric and scalar invariance 

is based on a simple version of the parameter covariance matrix. However, several other possibilities 

for the calculation of this covariance matrix are available (Wooldridge 2010), and future research 

could investigate the tests for metric and scalar invariance using different covariance matrices.  

The use of partial invariance testing is common in covariance-based SEM but is still debated 

(Vandenberg and Morelli 2016). Future research could investigate how different types of partial 

invariance impact the decisions based on the invariant measures in PLS. Also, the effect of choosing 

non-invariant marker indicators needs further investigation in covariance-based SEM (Vandenberg 
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and Morelli 2016), and it would also be beneficial to study this in terms of the procedure outlined in 

this paper.  

Depending on the level of measurement invariance tested, we impose constraints on the parameters 

between groups in the testing equations, but do not impose these constraints in the PLS estimation of 

the latent variable scores. In system estimation (Cameron and Trivedi 2005), for instance, there can 

be efficiency gains by estimating a model with imposed constraints. This would most likely also be 

true for PLS, and more efficient parameter estimates would in turn lead to higher power levels 

(Cameron and Trivedi 2005). Hence, future research could look into ways to incorporate parameter 

constraints into the PLS algorithm, which in turn would also make it possible to align PLS estimation 

with covariance-based SEM frameworks such as mean and covariance structure analysis (Ployhart 

and Oswald 2004).  

Our proposed procedure might be used as a complement to the measurement invariance testing 

otherwise conducted in a covariance-based SEM context. In particular, future research could compare 

our proposed procedure to covariance-based SEM with respect to measurement invariance tests with 

many groups27, non-normality of the outer errors, low sample size, etc.   

To better understand how the tests of metric and scalar invariance perform under different 

circumstances, future research could investigate the performance of our proposed method along a 

range of expanded simulation designs. Examples include; varying the complexity of the inner model, 

changing the number of indicators, using different types of indicator distributions and model 

misspecifications.  

The framework outlined in this paper only needs the derived latent variable scores and the indicators 

for measurement invariance testing. Future research could therefore investigate the performance 

when using other SEM techniques that produce latent variables scores such as generalized structured 

component analysis (Jung et al. 2012) and regularized generalized canonical correlation analysis 

(Tenenhaus et al. 2015; Tenenhaus et al. 2017). 

                                                 

 

27 For example, in the framework of mean and covariance structure analysis (Ployhart and Oswald 2004) the estimation 

becomes unwieldy if we have about five groups or more. 
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3.11 Conclusion 

When an IS researcher wishes to compare structural equation models over time for the same 

individual or between groups of individuals, the conclusions are only meaningful if the invariance of 

the measured constructs is established. A lack of measurement invariance suggests that the construct 

carries different meanings across groups or occasions, which can be a misleading source of group-

specific differences of structural coefficients. Similarly, before comparing latent means across 

groups, the researcher needs to make tests to ensure that group differences are not due to artifacts of 

the measurement process. We propose a procedure that enables the researcher to test these 

assumptions in PLS. In a longitudinal setting, we propose methods for metric and scalar invariance 

testing with an arbitrary number of equal-sized groups and possibly correlated outer measurement 

errors. If correlated outer errors are not expected, our proposed tests allow unequal group sizes.  

Although important issues remain for future research, the proposed framework will enable IS 

researchers to validly perform new types of analysis in PLS, e.g., experimental designs, and the 

procedure also helps to substantiate multigroup analysis and longitudinal research in situations where 

PLS would be the preferred method of analysis. 
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First, we show that equal variances of like indicators are a prerequisite for metric and scalar invariance 

testing if we use standardized indicators. Second, we show that invariant indicator variances together 

with metric invariance imply invariant uniqueness. Without loss of generality, we only consider the 

case with two groups.  

For the first point, we note that the linear projection of the unstandardized indicator, 𝑥𝑘,𝑔, on 𝑌𝑔 in 

equation 1 for each group is 

𝐿(𝑥𝑘,𝑔=1|𝑌𝑔=1) = 𝛼𝑘,𝑔=1 + 𝜋𝑘,𝑔=1𝑌𝑔=1 

𝐿(𝑥𝑘,𝑔=2|𝑌𝑔=2) = 𝛼𝑘,𝑔=2 + 𝜋𝑘,𝑔=2𝑌𝑔=2 

The linear projection of the standardized indicator on 𝑌 in each group is 

𝐿 (
1

𝜎𝑘,𝑔=1
𝑥𝑘,𝑔=1|𝑌𝑔=1) = �̃�𝑘,𝑔=1 + �̃�𝑘,𝑔=1𝑌𝑔=1 

𝐿 (
1

𝜎𝑘,𝑔=2
𝑥𝑘,𝑔=2|𝑌𝑔=2) = �̃�𝑘,𝑔=2 + �̃�𝑘,𝑔=2𝑌𝑔=2 

where 𝜎𝑘,𝑔 is the standard deviation of indicator 𝑥𝑘,𝑔, �̃�𝑘,𝑔 =
1

𝜎𝑘,𝑔
𝛼𝑘,𝑔  and �̃�𝑘,𝑔 =

1

𝜎𝑘,𝑔
𝜋𝑘,𝑔 for 𝑔 =

1,2. Hence, in order to infer from �̃�𝑘,𝑔=1 = �̃�𝑘,𝑔=2 that  𝜋𝑘,𝑔=1 = 𝜋𝑘,𝑔=2, we need to have that 

𝜎𝑘,𝑔=1 = 𝜎𝑘,𝑔=2, and similarly for the 𝛼s.  

For the second point, we assume equal indicator variance and loading across the two groups. In that 

case, we have that 

𝑣𝑎𝑟(𝑥𝑘,𝑔=1) = 𝜎𝑘
2 = 𝜋𝑘

2 + 𝜎𝑘,𝑔=1
2  

𝑣𝑎𝑟(𝑥𝑘,𝑔=2) = 𝜎𝑘
2 = 𝜋𝑘

2 + 𝜎𝑘,𝑔=2
2  

where we have used the fact that 𝑣𝑎𝑟(𝑌𝑔=1) = 𝑣𝑎𝑟(𝑌𝑔=2) = 1 in PLS. Subtracting the two equations 

gives 𝜎𝑘,𝑔=1
2 = 𝜎𝑘,𝑔=2

2 . 
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Without a loss of generality, we will use group one as the reference group and the first indicator, 

𝑘 = 1, as the marker indicator. For 𝑔 = 1,… , 𝐺 and 𝑘∗ = 2,… , 𝐾, we will show how the coefficient 

vectors from the equation used to test for scalar invariance (equation (3.6)), are functions of the 

intercepts in the reflective measurement model (equation (3.1)). More specifically, by considering 

the coefficient vectors 𝛼𝑘=𝑘∗
𝐴 = [𝛼𝑔=1,𝑘=𝑘∗

𝑟 , 𝛼𝑔=2,𝑘=𝑘∗
𝑑 , … , 𝛼𝑔=𝐺,𝑘=𝑘∗

𝑑 ]
′
 given in equation (3.6), we 

first show that the coefficients 𝛼𝑔=1,𝑘=𝑘∗
𝑟 , are functions of the intercepts 𝛼𝑔=1,𝑘=𝑘∗ , and secondly 

show that the remaining entries 𝛼𝑘=𝑘∗
𝐷 = [𝛼𝑔=2,𝑘=𝑘∗

𝑑 , … , 𝛼𝑔=𝐺,𝑘=𝑘∗
𝑑 ]

′
 is the difference in the intercept 

between group one and group 𝑔∗ = 2,… , 𝐺. 

The use of group one as reference group is reflected in the dummy structure of 𝐼𝑀 (see equation 

(3.4)). This dummy structure in turn implies that 𝛼𝑔=1,𝑘=𝑘∗
𝑟  is equal to the expected value of 

𝜆𝑔=1,𝑘=𝑘∗ when we estimate equation (3.6) with OLS. Hence,  

𝛼𝑔=1,𝑘=𝑘∗
𝑟 = 𝐸[𝜆𝑔=1,𝑘=𝑘∗]

= 𝐸 [𝑥𝑔=1,𝑘=𝑘∗ −
𝜋𝑘=𝑘∗

𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 𝑥𝑔=1,𝑘=𝑘∗]

= 𝛼𝑔=1,𝑘=𝑘∗ + 𝜋𝑘=𝑘∗
𝑟𝑒𝑠 𝐸[𝑌𝑔=1] −

𝜋𝑘=𝑘∗
𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 𝛼𝑔=1,𝑘=𝑘∗ − 𝜋𝑘=𝑘∗

𝑟𝑒𝑠 𝐸[𝑌𝑔=1]

= 𝛼𝑔=1,𝑘=𝑘∗ (1 −
𝜋𝑘=𝑘∗

𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 ) ,

 

for 𝑘∗ = 2,… , 𝐾. 

Due to the dummy structure of 𝐼𝑀, each entry in the vectors 𝛼𝑘=𝑘∗
𝐷 = [𝛼𝑔=2,𝑘=𝑘∗

𝑑 , … , 𝛼𝑔=𝐺,𝑘=𝑘∗
𝑑 ]

′
, 

measures the difference between the expected value of 𝜆𝑔=1,𝑘=𝑘∗ and the expected value of each of 

the vectors  𝜆𝑔=2,𝑘=𝑘∗ , 𝜆𝑔=2,𝑘=𝑘∗ , … , 𝜆𝑔=𝐺,𝑘=𝑘∗. For each 𝑔∗ = 2,… , 𝐺 and 𝑘∗ = 2,… , 𝐾 we 

therefore have  
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𝛼𝑔=𝑔∗,𝑘=𝑘∗
𝑑 = 𝐸[𝜆𝑔=𝑔∗,𝑘=𝑘∗] − 𝐸[𝜆𝑔=1,𝑘=𝑘∗]

= 𝐸 [𝑥𝑔=𝑔∗,𝑘=𝑘∗ −
𝜋𝑘=𝑘∗

𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 𝑥𝑔=𝑔∗,𝑘=1] − 𝐸 [𝑥𝑔=1,𝑘=𝑘∗ −

𝜋𝑘=𝑘∗
𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 𝑥𝑔=1,𝑘=1]

= 𝛼𝑔=𝑔∗,𝑘=𝑘∗ + 𝜋𝑘=𝑘∗
𝑟𝑒𝑠 𝐸[𝑌𝑔=𝑔∗] −

𝜋𝑘=𝑘∗
𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 𝛼𝑔=𝑔∗,𝑘=1 − 𝜋𝑘=𝑘∗

𝑟𝑒𝑠 𝐸[𝑌𝑔=𝑔∗]

− 𝛼𝑔=1,𝑘=𝑘∗ − 𝜋𝑘=𝑘∗
𝑟𝑒𝑠 𝐸[𝑌𝑔=1] +

𝜋𝑘=𝑘∗
𝑟𝑒𝑠

𝜋𝑘=1
𝑟𝑒𝑠 𝛼𝑔=1,𝑘=1 + 𝜋𝑘=𝑘∗

𝑟𝑒𝑠 𝐸[𝑌𝑔=1]

= 𝛼𝑔=𝑔∗,𝑘=𝑘∗ − 𝛼𝑔=1,𝑘=𝑘∗

 

where the last equality sign uses the marker variable assumptions that 𝛼𝑔=𝑔∗,𝑘=1 = 𝛼𝑔=1,𝑘=1. 
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Perceived Online Shopping Risk 

The control group answered the questions POSR1 to POSR4, then answered the control 

question, and finally answered questions POSR1 to POSR4 again. The treatment group 

answered the questions in the same order, but instead of the control question, they answered 

the treatment question. 

Scale for POSR1 to POSR4 (1 = Fully Disagree to 7 = Fully Agree). Scale for control and 

treatment questions (Yes, I had an idea or No) 

POSR1 Online shopping websites are vulnerable to hackers who may steal 

customers' information. 

POSR2 Online shopping customers often face damaging and harmful behavior 

from hackers. 

POSR3 Customers' information stored at online shopping websites is not safe. 

POSR4 Customers are vulnerable in online shopping websites that had incidents 

of hacking. 

Control Did you know that 27.6 million American adults have been diagnosed with 

heart disease and that direct and indirect cost of cardiovascular disease in 

the US in 2018 was 329.7 billion? 

Treatment Did you know that due to data breaches in the US in 2018, 446.52 million 

American records were exposed, and that the reported monetary damage 

was 2.71 billion? 
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Measurement model 

  Control group Treatment group 

  Pre POSR Post POSR Pre POSR Post POSR 

Outer 

Loadings 

POSR 1 0.798 0.837 0.809 0.861 

POSR 2 0.712 0.783 0.680 0.769 

POSR 3 0.786 0.768 0.800 0.840 

POSR 4 0.840 0.828 0.740 0.790 

Cronbach's α 0.791 0.818 0.754 0.832 

A 0.798 0.820 0.762 0.838 

Composite reliability 0.865 0.880 0.844 0.880 

Average Variance 

Extracted (AVE) 
0.616 0.647 0.576 0.665 
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