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Abstract 

Efforts to measure customer experiences (CX) in multifaceted, omnichannel, retail contexts are crucial but lacking research guidance. Prior 
service quality literature has established methods for measuring CX in traditional, single-channel contexts but not adapted such measures to 
omnichannel contexts. With a mixed method research design and studies in eight phases, the authors propose a comprehensive measurement 
instrument that incorporates a schema- and categorization-based theoretical conceptualization of how customers assess omnichannel retail 
experiences; they also integrate means–end chain theory to explain perceived omnichannel customer experience (OCX) as a construct. This 
construct captures multiple omnichannel evaluation dimensions: social communications, value, personalization, customer service, consistency 
of both product availability and prices across channels, information safety, delivery, product returns, and loyalty programs. Multiple applica- 
tions of the measurement model empirically confirm the suitability of this instrument in consumer goods omnichannel retail settings. Its 36 
items reflect nine first-order quality dimensions that combine to form the overall, second-order OCX construct. The measurement instrument 
offers sound psychometric properties, as confirmed by several reliability and validity tests, and predicts customer behavior reliably across 
studies. Thus, the OCX measurement instrument offers utility for theory, management practice, and further research. 
© 2022 The Authors. Published by Elsevier Inc. on behalf of New York University. 
This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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Omnichannel shopping involves seamless uses of multiple 
hannels and touchpoints across all stages of the customer 
ourney ( Verhoef, Kannan, and Inman 2015 ). According to a 
ecent Nielsen ( 2020 ) report, 74.7 million U.S. households 
ill function as omnichannel shoppers by 2025, up from 

bout 54 million in 2019, and each additional 1 million om- 
ichannel households is projected to add another $8.4 billion 
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n sales. Due to these opportunities, and the effects of the 
OVID-19 pandemic ( Grewal, Gauri, Roggeveen, and Sethu- 

aman 2021 ), retailers have invested substantial resources to 

xpand their online channels and integrate their omnichannel 
ctivities. As more retailers carefully strategize their com- 
ined retailing activities ( Grewal et al. 2021 ) and work to 

ptimize all their touchpoints ( Gauri et al. 2021 ), a pressing 

eed arises, namely, to understand critical facets of customers’ 
xtensive and diverse experiences with omnichannel retailing, 
o that managers can determine how to understand and man- 
ge them ( Grewal, Roggeveen, and Nordfält 2017 ). 

Customer experience (CX) related to perceived service 
uality can be measured using a range of available single- 
rk University. This is an open access article under the CC BY license 
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Fig. 1. Perceived Omnichannel Customer Experience (OCX) Framework. 

c
t
t
s
V
w
2
i
t
r
C

s
e
e
e
t
t
a
o
t
a
u

m
I
t
i

a
c
p
o
O
p
d
r
t
e
o
a

a
n
S
t
t

hannel instruments. Yet no parallel insights reveal how cus- 
omers evaluate service performance across the various at- 
ributes that appear in omnichannel retail settings or which 

tandards they apply to gauge their CX ( Ostrom et al. 2015 ; 
erhoef et al. 2015 ). Although some conceptual CX frame- 
orks exist (Becker and Jakkola 2020 ; Lemon and Verhoef 
016 ), we lack a rigorous, empirically validated measurement 
nstrument that comprehensively measures CX according to 

he relevant attributes and encounters that matter across all 
etail channels, as sources of a single, seamless omnichannel 
X. 

Therefore, this research seeks to establish a theoretical ba- 
is for a new measure of perceived omnichannel customer 
xperience (OCX). Perceived omnichannel customer experi- 
nce can be defined as customer evaluations of their seamless 
xperiences across all the retailer’s channels, as they move 
hrough the various customer journey stages, and according 

o several relevant dimensions. We propose measuring it as 
 second-order formative construct that comprises nine first- 
rder dimensions: social communications, value, personaliza- 
ion, customer service, consistency of both product availability 

nd prices across channels, information safety, delivery, prod- 
ct returns, and loyalty programs. We test a measurement 
2 
odel for OCX in consumer goods retail settings ( Fig. 1 ). 
n establishing the OCX construct, we also identify attributes 
hat are most critical, from a customer perspective, for creat- 
ng a seamless, satisfying, omnichannel retail CX. 

Relying on schema theory ( Bartlett 1932 ; Rumelhart 1978 ) 
nd categorization theory ( Mervis and Rosch 1981 ), we con- 
eptualize how customers assess their omnichannel retail ex- 
eriences. Then by drawing on means–end chain (MEC) the- 
ry ( Gutman 1982 ), we explain the nature of our proposed 

CX construct and specify a model. With data from an ex- 
loratory laddering study (Study 1, Web Appendix W1), we 
evelop a hierarchical value map (HVM) that illustrates the 
elationships of salient attributes of OCX with their (func- 
ional and psychosocial) consequences. The patterns offer 
mpirical support for the prediction that customers form an 

verall, omnichannel, retail customer experience perception 

ccording to their evaluations of the first-order dimensions. 
In addition, to establishing the measurement model, we 

pply MacKenzie et al.’s ( 2011 ) procedures to assess its 
omological validity (Studies 2–6) ( Netemeyer, Bearden, and 

harma 2003 ). The resulting empirical evidence affirms that 
he nine OCX dimensions are unique, relative to dimensions 
hat reflect single-channel assessments, and that OCX better 
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redicts managerially crucial outcomes such as word of mouth 

WOM), loyalty, and trust in omnichannel retail settings. In 

ddition to validating a condensed 9-item OCX scale with 

ultiple data sets, in Study 6 we empirically confirm that the 
roposed measurement model can assess omnichannel CX in 

ultiple settings, regardless of the level of OCX, and its pre- 
ictive performance is superior to that achieved by the well- 
stablished SERVQUAL instrument ( Parasuraman, Zeithaml, 
nd Berry 1988 ). 

The resulting findings establish four main contributions to 

arketing. First, from a customer perspective, the empirical 
vidence clarifies how customers assess the overall experi- 
nce of omnichannel retailing in consumer goods categories. 
o definitive measurement has been established previously, 

o we carefully develop and test a comprehensive conceptu- 
lization of OCX. Second, by running empirical tests of the 
CX model that include customer performance outcomes, we 
rovide a coherent, evidence-based framework for successful 
mnichannel retailing. Third, the OCX model reveals which 

lements really matter to omnichannel customers, so retail 
anagers can allocate their investments effectively to enhance 

ritical experience features, then gauge the performance of 
heir initiatives. Fourth, to encourage similar efforts in vari- 
us sectors, we detail a viable methodology that researchers 
an continue to apply, to extend the OCX measurement model 
o other omnichannel sectors. 

In the next section, we synthesize relevant literature to es- 
ablish why a new model is required to measure OCX specifi- 
ally. After we establish a theoretical basis for conceptualizing 

his construct and specifying the model, we provide the em- 
irical results of our measurement model development efforts. 
inally, this article concludes with some implications for the- 
ry and retail practice and directions for further research. 

Literature review 

Prior SQ literature identifies a variety of relevant qual- 
ty attributes and perceptual dimensions in single channels, 
sing multiple models, such as Parasuraman et al.’s ( 1988 ) 
ERVQUAL model, the dominant method used to assess the 
Q of pure service providers. With the growth of online shop- 
ing, models for measuring website SQ also emerged (e.g., 
lut 2016 ; Holloway and Beatty 2008 ; Parasuraman, Zei- 

haml, and Malhotra 2005 ; Wolfinbarger and Gilly 2003 ), fol- 
owed by adapted versions of SQ models that have sought 
o address multichannel retail settings ( Lin and Hsieh 2011 ; 

ontoya-Weiss, Voss, and Grewal 2003 ; Sousa and Voss 
006 ). Table W1.1 in Web Appendix W1 offers a fuller list 
f relevant studies in this domain, which provide four key 

nsights. 
First, perceived quality reflects a customer’s judgment of 

n entity’s (e.g., retailer’s) overall excellence. Omnichannel 
ustomers are channel-agnostic; they use a myriad of touch- 
oints interchangeably to complete shopping tasks ( Inman and 

ikolova 2017 ; Verhoef et al. 2015 ). Therefore, any assess- 
ent of perceived omnichannel retailing quality must cap- 
3 
ure customer–retailer interactions in every channel that the 
mnichannel customer uses in the purchase journey. Instead, 
xtant SQ models mostly capture perceptions of the perfor- 
ance of a single channel. The underlying logic is that cus- 

omers typically shop using one channel, and they use dis- 
inct perceptual processes to assess their CX in each channel 
 Balasubramanian, Raghunathan, and Mahajan 2005 ; Parasur- 
man et al. 2005 ). The simultaneous influence of many chan- 
els on cognitive quality assessments or in determining which 

ttributes evoke positive omnichannel retail experiences re- 
ains unclear though ( Ostrom et al. 2015 ). 
Second, current SQ models do not capture the influence of 

ll experiences during omnichannel retail shopping scenarios. 
nconsistent service across different channels and touchpoints 
an stimulate negative experiences though, including frustra- 
ion and confusion ( Broniarczyk and Griffin 2014 ). Studies 
f the influence of social media on consumer behavior also 

uggest that the availability of peer reviews helps customers 
alidate their purchase decisions and affects their decision 

onfidence ( Broniarczyk and Griffin 2014 ). Some existing SQ 

imensions, such as assurance ( Parasuraman et al. 1988 ) or 
ebsite design ( Wolfinbarger and Gilly 2003 ), capture the 
uality of information provided through a retailer’s physical 
hops or website, but they do not offer evidence of the con- 
istency of the information offered across the channels, nor 
o they integrate the likely influence of peers. 

Third, we note a tension regarding how SQ measurement 
odels should be specified Parasuraman et al. (1988) . and 

abholkar, Thorpe, and Rentz (1996) operationalize mea- 
ures as reflective, but Wolfinbarger and Gilly (2003) and 

lut (2016) regard similar measures as formative. In assess- 
ng these specifications, Collier and Bienstock (2006) and 

lut (2016) raise concerns about the reflective operational- 
zation; for example, Parasuraman et al. (2005) use MEC as 
 theoretical basis, which would predict hierarchical, forma- 
ive relationships of each dimension with the overall quality 

onstruct. A latent construct, such as overall quality, does 
ot inherently take a reflective or formative structure though, 
o researchers must adopt the conceptualization that is most 
ongruent with the conceptual definition of the construct they 

tudy ( MacKenzie, Podsakoff, and Podsakoff 2011 ). To ad- 
ress this concern, we rely on robust theorizing to avoid 

odel misspecification and biased measurements ( MacKen- 
ie et al. 2011 ). 

Fourth, multichannel studies suggest that the benefits 
f different channels for specific stages in the purchase 
ourney influence customers’ attribute-based decision-making 

 Melis et al. 2015 ; Verhoef, Neslin, and Vroomen 2007 ). 
ut in an omnichannel retail environment, this distinction 

cross channels may diminish ( Lemon and Verhoef 2016 ). 
or example, customers assess the intrinsic benefits of esthetic 
ttributes (Holbrook and Hirschmann 1982 ; Mathwick, Mal- 
otra, and Rigdon 2001 ) in both offline ( Bitner 1992 ; Para- 
uraman et al. 1988 ) and online ( Eroglu, Machleit, and Davis 
001 ; Kahn 2017 ) settings. We need to clarify which ben- 
fits/attributes really matter in a complex mix of channels 
 Grewal et al. 2021 ; Verhoef et al. 2015 ), as well as the
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nfluence on customers’ perceptions of SQ attributes 
 Lemon and Verhoef 2016 ). We establish a theoretical foun- 
ation for OCX and then, to gain a customer-driven con- 
eptualization of OCX dimensions and generate measurement 
tems, we conduct a comprehensive, exploratory, laddering 

tudy (Web Appendix W1). 

Measurement model development and validation 

Table 1 provides an overview of our multistage measure- 
ent model development process. The methodological details 

or each phase and step are detailed in the next sections. 

hase 1: conceptualization of the measurement model 

heoretical foundation of OCX 

Omnichannel retailing empowers customers with expanded 

nformation and decision-making tools ( Broniarczyk and 

riffin 2014 ). Customers want to make the most ac- 
urate purchase decision with minimum cognitive effort 
 Payne, Bettman, and Johnson 1993 ) and mental resource 
llocations ( Alba and Hutchinson 1987 ). Categorization the- 
ry, based in cognitive psychology, suggests that a percep- 
ual categorization process allows people to maximize their 
nformation processing by minimizing their cognitive effort 
 Cohen and Basu 1987 ). To evaluate experiences with less 
ognitive effort, customers likely recall relevant information 

tored in predefined perceptual categories and seek similari- 
ies between prior and current information ( Rosch and Mervis 
975 ). Perceptual categories are flexible; they can take differ- 
nt forms and store contextual information in multiple layers 
 Barsalou 1983 ). During the categorization process, new belief 
tructures can be created ( Petty and Cacioppo 1986 ), exist- 
ng categories get updated, and subcategories might evolve 
 Sujan and Bettman 1989 ). Over time, consumers develop 

ental sets of features or attributes for different categories 
 Mervis and Rosch 1981 ). 

When categorizing consumption-related information, they 

ight develop a network of nodes in memory, storing in- 
ormation in hierarchical order ( Brewer and Nakamura 1984 ; 
alkias 2015 ; Meyers-Levy and Tybout 1989 ), such that at- 

ributes related to finer information (e.g., operating hours) 
et stored at a subordinate level ( Meyers-Levy and Tybout 
989 ). Broader information, such as overall quality judg- 
ents, instead is installed at a superordinate or higher level 

 Meyers-Levy and Tybout 1989 ). According to schema the- 
ry, customers use category-driven, top-down processes to 

valuate experiences quickly and with little cognitive ef- 
ort ( Alba and Hutchinson 1987 ; Fiske and Pavelchak 1986 ; 

eyers-Levy and Tybout 1989 ), but they engage in slower, ef- 
ortful, attribute-by-attribute, bottom-up information process- 
ng if existing category knowledge is inadequate to under- 
tand the information provided by their current experiences 
 Fiske and Pavelchak 1986 ; Sujan and Bettman 1989 ). 

The degree of incongruence between existing and new 

nformation triggers either assimilation or accommodation 

rocesses associated with category and schema development 
4 
 Rumelhart and Norman 1976 ). Assimilation occurs if the new 

nformation is just moderately incongruent, such that it can 

e integrated into an existing category ( Sujan and Bettman 

989 ). For example, a new online shopping feature likely can 

e integrated with just minor adjustments into the electronic 
Q dimensions customers already hold in their schema. When 

nconsistencies are more substantial though, an accommoda- 
ion process starts and creates new subcategories ( Sujan and 

ettman 1989 ), which share features with multiple categories. 
In multichannel literature, we find arguments that at any 

oint of a customer purchase journey, the channel might 
nvoke unique schema, which increases the cognitive load 

 Balasubramanian et al. 2005 ). Because customers seek to 

inimize their cognitive load, they are unlikely to change 
he channel they use at that point of their multichannel 
urchase journey ( Balasubramanian et al. 2005 ; Parasura- 
an et al. 2005 ). In an omnichannel retail environment 

hough, the variety of information and choice options al- 
eady increases customers’ cognitive load ( Broniarczyk and 

riffin 2014 ). Moreover, omnichannel customers seemingly 

ump across prepurchase, purchase, and postpurchase stages 
f the customer journey, using myriad touchpoints in multi- 
le channels interchangeably, to make the best purchase de- 
ision quickly ( Broniarczyk and Griffin 2014 ; Grewal and 

oggeveen 2020 ), so their overall cognitive load could in- 
rease substantially if they frequently change schemas. 

The combination of these theoretical insights suggests that 
ustomers might develop distinct schematic cognitive pro- 
esses, specific to omnichannel shopping. They recognize 
lear differences in the characteristics of omnichannel, mul- 
ichannel, and single-channel retailing ( Valentini, Neslin, and 

ontaguti 2020 ). Therefore, an accommodation process likely 

uides their development of schema to facilitate their om- 
ichannel shopping. Through this process, customers develop 

ew perceptual subcategories, or omnichannel quality dimen- 
ions, that fall within the broader retail shopping category. 
hese new dimensions may share some attributes with ex- 

sting categories, such as those in traditional SQ. Yet the 
nique schema enable customers to process information from 

he channels efficiently, without needing to invoke differ- 
nt schema. As a result, customers can complete their om- 
ichannel retail purchase journey with minimum cognitive 
ffort. 

To clarify the nature of a schema, it is critical to understand 

he complex associations of different levels of abstraction in a 
ategory ( Meyers-Levy and Tybout 1989 ). Concrete cues, as 
ight appear in a service environment, influence the cogni- 

ive attribute development process ( Parasuraman et al. 2005 ), 
hrough which customers attach value to each attribute. Then 

hey use their preferred method to add or average all informa- 
ion related to each attribute and form perceptual dimensions. 
ccording to MEC theory ( Gutman 1982 ), each perceptual 
uality attribute is associated with a quality dimension; each 

imension then is associated with an overall, abstract, higher- 
rder summative construct, such as overall perceived quality 

 Zeithaml 1988 ). In addition, MEC theory suggests that cus- 
omers’ preferences for certain attributes are influenced by 
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Table 1 
Process for Developing the OCX Measurement Model. 

Phase 1: Conceptualization of the measurement model 
Step 1: Theoretical foundations of OCX 

Step 2: Laddering study to explore attributes and conceptualize dimensions of OCX 

- Laddering questionnaire development, review by expert judges and pretests 
- Qualtrics online survey development and pretests 
- Data collection using online laddering: U.S. omnichannel customers, n = 79 (Study 1) 
- Content analysis using NVivo (v. 12) and category theme development 
- Literature review and synthesis 
- Subject matter expert review: conceptualization of 14 OCX attributes 
- Development of a hierarchical value map (HVM) using LadderUX, 232 ladders 
- Conceptualization of a measurement model with 14 first-order dimensions for the second-order overall construct OCX. 
Phase 2: Development of measures 
Step 1: Item generation and qualitative content and face validation 
- Generate initial items using laddering data and literature 
- Content validity assessment by three marketing academics 
- Content validity assessment by two marketing practitioners 
- Face validity assessment by three omnichannel customers 
- Finalization of an initial pool of 129 items 
Step 2: Quantitative content and face validation of developed items 
- Content validity assessment by six marketing academics by rating all items in an item rating matrix using a Qualtrics online survey 
- Face validity assessment by seven omnichannel U.S. customers, rating all items in a Qualtrics online survey 
- Finalization of a pool of 87 content and face valid items. 
Phase 3: Measurement model refinement 
- Survey instrument development using Qualtrics online tool 
- Six pretests of the survey instrument 
- Data collection: U.S. respondents, n = 359, MTurk panel members with master’s qualification (Study 2) 
- Exploratory factor analysis using SPSS (v. 25), 45 items in 9 factors 
- Confirmatory factor analysis using AMOS (v. 25), 36 items in 9 factors 
- Empirical assessment of the formative measurement model specification using confirmatory tetrad analysis (CTA-PLS) 
- Common method bias tests (CFA marker variable technique, VIF) 
- Nomological validity assessment of the newly developed OCX model 
- Predictive relevance ( Q ²) tests using blindfolding and PLSPredict procedures and SAT, LOY, and WOM outcomes. 
Phase 4: Measurement model validation and finalization 
- Survey instrument development using Qualtrics online tool 
- Nine pretests of the survey instrument 
- Data collection: U.S. respondents, n = 447, Qualtrics panel members (Study 3) 
- Assess the new data set for model validation (EFA, CFA, CMB) 
- OCX measurement model assessment using SmartPLS (v. 3.2.8), including CTA-PLS 
- Nomological and predictive validity ( Q ²) tests using SmartPLS and SAT, LOY, WOM, and SOW outcomes 
- Robustness check to assess the possibility of unobserved heterogeneity conditioning the structural model drawing on FIMIX-PLS, and to 
assess the possibility of observable heterogeneity conditioning the structural model drawing on PLS-MGA 

- Assess the importance of OCX dimensions on outcomes drawing on importance performance map analysis (IPMA) in SmartPLS, and 
revealing the high-priority dimensions. 
Phase 5: OCX measurement model revalidation with a new data set 
- Data collection: U.S. respondents, n = 371, Qualtrics panel members (Study 4) 
- OCX measurement model assessment, including EFA, CFA, CMB, CTA-PLS and Q ²
- Nomological and predictive validity tests; outcomes = SAT, LOY, WOM, SOW, and TRUST 

- Robustness check using FIMIX-PLS and PLS-MGA 

- Importance-performance map analysis (IPMA). 
Phase 6: Comparison of OCX model with potential alternative 
- Data collection: U.S. respondents, n = 209, MTurk panel members (Study 5) 
- Assess the new data set for model validation (CFA, CTA-PLS) 
- HTMT-based discriminant validity test to assess whether all OCX dimensions are distinct from one another and from SERVQUAL dimensions 
- OCX is superior to SERVQUAL for measuring CX in omnichannel consumer goods retailing contexts. 
Phase 7: Validation of condensed OCX model 
- Validation of a 9-item OCX measurement model, with one item for each OCX dimension ( data sets from Studies 3, 4, and 5 ). 
- Comparison of predictive ability; the 9-item condensed OCX is superior to the short-form SERVQUAL ( data set from Study 6 ). 
Phase 8: Predictive validity tests with an experiment 
- Pretest assesses the effectiveness and realism of two vignettes ( n = 33). 
- Data collection: U.S. respondents, n = 214 (107 responses in both OCX_High and OCX_Low groups), MTurk panel members (Study 6) 
- PLS-MGA test to confirm the OCX_High and OCX_Low data groups do not show significant differences in group-specific parameter estimates. 
- Comparison of means with an independent samples t -test indicates a significant between-group difference for the OCX construct. 
- Confirm OCX’s predictive validity in an experimental setting for both high and low conditions. 

5 
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construct with 14 first-order dimensions that matter to cus- 

1 In Web Appendix W1, Table W1.2 lists the sociodemographic character- 
istics of this sample, which indicate its homogeneity. We also provide more 
detail about the OHL technique in Table W1.3. 
he consequences of those attributes, such as functional or 
sychological benefits ( Reynolds and Gutman 1988 ). When 

hey make consumption decisions, customers seek to maxi- 
ize positive outcomes and avoid negative ones; they assess 

n attribute positively if it enables them to attain universal 
ife goals, such as their personal values ( Reynolds and Gut- 
an 1988 ; Schwartz 1992 ). Thus, attributes, consequences, 

nd values form interrelated and hierarchical structures (i.e., 
eans-to-ends chains) in customers’ minds. 
Underpinned by MEC theory and prior SQ studies, we 

uggest that perceived omnichannel customer experiences 
OCX) arise from seamless consumption experiences, involv- 
ng customer–retailer and customer–customer interactions, in 

isparate integrated channels across their customer journey. 
irst, customers may use omnichannel attributes to assess 

heir experience at a dimension level. Second, they aggregate 
imension-level quality assessments to form an overall OCX 

udgment. Third, they use their OCX evaluations to determine, 
or example, their satisfaction ( Fornell et al. 1996 ), repurchase 
ntentions ( Zeithaml, Berry, and Parasuraman 1996 ), WOM 

 Blut 2016 ), share of wallet ( Wulf, Odekerken-Schröder, and 

acobucci 2001 ), or trust in the retailer. The development of 
mnichannel retail customer experience attributes and dimen- 
ions that matter also may be influenced by the increased 

enefits that customers perceive from an omnichannel retailer. 
or example, more interaction channels might make it easier 

o return merchandise, so they provide functional benefits; in- 
reased options for providing information enhance psycholog- 
cal benefits, because consumers enjoy easy access to accurate 
nformation ( Broniarczyk and Griffin 2014 ). 

onceptualization of OCX dimensionality 
Data collection. We explore which attributes relate to 

CX, conceptualize its dimensions, and specify the nature 
f the OCX construct. Without substantial prior evidence re- 
ated to OCX-related aspects, we turn to qualitative data from 

ustomers and expert opinions to develop a reliable measure- 
ent model ( MacKenzie et al. 2011 ). A laddering technique 

s suitable for collecting qualitative data when a construct 
onceptualization is anchored in MEC theory ( Reynolds and 

utman 1988 ). Therefore, we adopt online hard laddering 

OHL) to elicit, directly from customers, perceptions that mat- 
er to them, using a sequence of direct questions. We adapt 
n existing OHL questionnaire ( Henneberg et al. 2009 ), us- 
ng a series of pilot studies and expert reviews, then ad- 

inister the resulting questionnaire as a Qualtrics online 
urvey. 

The output of a laddering study is an estimate of respon- 
ents’ cognitive structures in relation to the concept being 

tudied ( Reynolds and Olson 2001 ). The estimates improve if 
he laddering data come from homogeneous respondents with 

ell-developed perceptual categories for the pertinent concept 
 Grunert and Grunert 1995 ; Reynolds and Olson 2001 ). Con- 
idering the vast volume of omnichannel retail shopping activ- 
ty in U.S. consumer goods sectors ( PwC 2017 ), as well as ev-
dence provided by large-scale market research ( Nielsen 2020 ) 
nd recent retailing literature ( Valentini et al. 2020 ), these om- 
6 
ichannel customers likely have relatively mature perceptions, 
erived through their prior omnichannel experiences. There- 
ore, we screened and recruited U.S. participants from Ama- 
on Mechanical Turk (MTurk) and applied recommended best 
ractices to ensure the data were of high quality ( Kees, Berry, 
urton, and Sheehan 2017 ). 1 

Data analysis. Following Reynolds and Olson (2001) , we 
nalyzed the laddering data (n = 79) in three steps. First, af- 
er exporting the data from Qualtrics into NVivo software, 
e content-analyzed the data to develop an overall sense of 

he types of elements elicited. Second, we defined meaning- 
ul categories of attributes (A), consequences (C), and values 
V). Third, in an implications matrix, we display direct and 

ndirect links across A → C → V elements, then develop an ag- 
regated HVM ( Reynolds and Olson 2001 ) that graphically 

epicts the dominant perceptual patterns in the data and pro- 
ides an estimate of the cognitive structure. 

Gengler and Reynolds (1995) recommend limiting ladder- 
ng analyses to fewer than 50 categories. Relying on a se- 
ies of reviews by two expert judges, we identified 39 cate- 
ories (see Web Appendix W1): 14 attributes (Table W1.4), 
1 consequences (Table W1.5), and 4 values (Table W1.6). 
lthough we include multiple channels, the breadth of impor- 

ant attributes is similar to that of SQ studies involving single 
hannels (e.g., 11 attributes in Parasuraman et al. 2005 ; 16 

ttributes in Blut 2016 ). The breadth of consequences reflects 
he complex nature of an omnichannel retail environment. 
sing category definitions and a LadderUX online laddering 

ool ( Vanden Abeele, Hauters, and Zaman 2012 ), we develop 

he implications matrix (Table W1.7), individual ladders, and 

VM (Figure W1.1). The HVM relationships (A → C → V) 
nd their strengths indicate how the different attributes relate 
o consequences ( Gutman 1982 ; Reynolds and Gutman 1988 ), 
nd the C → V link reveals why customers might prefer a par- 
icular attribute. 

Conceptual measurement model. The changing uses of 
echnology by retailers and customers over time influence 
ustomers’ preferences for concrete cues, as might be avail- 
ble from wearable technology or social commerce, espe- 
ially as they gain more experience ( Parasuraman et al. 2005 ). 
f we were to assess OCX at a concrete cue level, the 
easurement model would not be scalable or capable 

f considering changes to omnichannel retailing and cus- 
omers’ perceptions over time. Therefore, we use perceptual- 
evel attributes as items to measure OCX. Building on 

EC theory and the quality conceptualization offered by 

arasuraman et al. (2005) , we argue that customers’ evalua- 
ions of their experience with an omnichannel retailer, accord- 
ng to perceptual attributes, coalesce into evaluations along 

ore abstract dimensions, which produce the higher-order as- 
essment of OCX. Informed by the empirical findings in the 
addering study, we initially specify OCX as a second-order 
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omers: social communication, product selection, price level, 
ersonalization, customer service, information content, search 

fficiency, purchase process, tangibles, security, privacy, de- 
ivery, product returns, and loyalty programs (operational def- 
nitions are in Web Appendix W1, Table W1.4). Next, we in- 
egrate MEC theory, empirical studies of customers’ perceived 

etailer quality ( Blut, 2016 ; Collier and Bienstock 2006 ; 
olfinbarger and Gilly 2003 ; Zeithaml 1988 ), and recom- 
endations from Parasuraman et al. (2005) to treat first-order 

uality dimensions as formative indicators of the second-order 
atent construct and thus conceptualize a reflective–formative 
ype II model ( Becker, Klein, and Wetzels 2012 ). 

To identify the formative relationships between the first- 
rder dimensions and the second-order assessment (OCX con- 
truct), we apply model specification criteria proposed by 

acKenzie et al. (2011) and Hair, Hult, Ringle, and Sarst- 
dt (2016) . First, we confirm that the dimensions are not 
anifestations of the overall judgment. Instead, each salient 
CX dimension represents a specific quality characteristic 

hat matters to an omnichannel customer. A change in any 

f the 14 salient dimensions alters the meaning of the global 
CX construct; it also might depend on the extent to which 

 customer experiences each dimension. For example, a cus- 
omer may develop a positive quality assessment of the prod- 
ct selection and proceed to complete a transaction but still 
ate the OCX poorly if the retailer fails to provide excel- 
ent delivery or postpurchase customer service. Second, the 
ombined dimensions capture the quality of customers’ inter- 
ctions with an omnichannel retailer at different stages of the 
urchase journey. The social communication dimension refers 
o customers’ assessments in a prepurchase stage; a poor score 
ight explain why customers refuse to purchase from a re- 

ailer, despite engagement at other touchpoints. The delivery 

imension instead refers to postpurchase interactions. Omit- 
ing any dimension would significantly reduce the model’s 
bility to assess the OCX of an omnichannel retailer accu- 
ately ( MacKenzie et al. 2011 ). Third, the laddering data and 

VM indicate that the dimensions do not have the same an- 
ecedents or outcomes. Information content, price level, prod- 
ct selection, and social communication all relate closely to 

ow choice difficulty, but product returns, customer service, 
nd delivery have stronger relationships with convenience. 
herefore, the effects of these various dimensions on cus- 

omers’ behaviors and attitudes differ, as might the nomo- 
ogical net encompassing the items ( Jarvis, MacKenzie, and 

odsakoff 2003 ). 

hase 2: development of measurement items 

tem generation 

Following the conceptualization of the initial OCX dimen- 
ions and their operational definitions, we use the qualitative 
ata collected in the Phase 1 laddering study and relevant 
rior measurement models to generate an initial pool of OCX 

easurement items. 
7 
ualitative content and face validation 

Netemeyer et al. (2003) and MacKenzie et al. (2011) rec- 
mmend adopting multiple qualitative procedures, such as 
sking expert judges to assess content validity and popula- 
ion judges to gauge face validity. With a previously estab- 
ished procedure ( Karpen, Bove, Lukas, and Zyphur 2015 ; 
ichtenstein, Netemeyer, and Burton 1990 ; Lin and Hsieh 

011 ), we assess both item content and face validity. 
The response format represents an essential considera- 

ion for developing new items. In line with prior studies of 
ustomers’ perceptions of retailer quality ( Blut 2016 ; Dab- 
olkar et al. 1996 ; Wolfinbarger and Gilly 2003 ), we rely 

n agreement-based Likert response scales for all items, 
uch that the item wording prompts respondents to indi- 
ate their level of agreement with a declarative statement 
 Netemeyer et al. 2003 ). When appropriate, we adopt exist- 
ng measures of attributes or dimensions as a basis for cre- 
ting the OCX items ( Dabholkar et al. 1996 ; Lin and Hsieh 

011 ; Parasuraman et al. 1988 , 2005 ; Verhoef et al. 2007 ; 
olfinbarger and Gilly 2003 ). 
Some measurement models purposefully include negatively 

orded or reverse coded items to keep respondents alert, yet 
egative terms also can confuse respondents, offering less re- 
iability than positively worded items ( Netemeyer et al. 2003 ; 

eijters and Baumgartner 2012 ), and create method bias 
 Podsakoff et al. 2003 ). Existing measures of customers’ 
erception of quality, such as eTailQ ( Wolfinbarger and 

illy, 2003 ) and SSTQUAL ( Lin and Hsieh, 2011 ), also do 

ot incorporate negatively worded or reverse coded items, and 

egatively worded items in the original SERVQUAL scale 
ere adjusted to adopt a positive format in a refined version 

Parasuraman et al. 1991). Therefore, rather than negatively 

orded or reverse coded items, our online survey relies on 

ther procedural remedies to improve engagement. 
The items were scrutinized and edited several times in 

n iterative process by three marketing academics, who have 
easurement model development experience. They checked 

or double-barreled statements, item clarity, item length, and 

tem simplicity. Following this review, we shared the pool of 
tems with two practitioners, who are native English speak- 
rs, have experience supervising marketing activities of an 

mnichannel retailer, and have completed tertiary business 
tudies. They received a study overview and operational def- 
nitions of the dimensions. In a Microsoft Word document, 
ith the track changes tool enabled, they provided feedback 

bout the wording of some items and a few additions to im- 
rove overall coverage. Next, we shared the list of items with 

hree omnichannel customers who were native English speak- 
rs. Using their feedback, we enhanced the clarity of a few 

tems. 
The resulting pool of items was checked and approved 

gain by the three marketing academics who originally 

hecked them. The initial pool contained 129 newly gener- 
ted items that capture essential aspects of OCX. Although 

here are no specific rules for the size of an initial item 

ool, a larger pool may be preferable, according to mea- 
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urement model development studies in a similar domain 

 Netemeyer et al. 2003 ). The large size of the initial item 

ool in this study also is in line with other scale development 
apers (e.g., E-S-QUAL measure used 121 items for the 11 

nitial dimensions; Parasuraman et al. 2005 ). 
Finally, we measured four theoretically related outcome 

ariables and test for nomological validity by addressing the 
elationship between OCX and its outcomes. These items 
ere checked by experts, who gauged their appropriateness, 

larity, and simplicity. The items for satisfaction come from 

urnham, Frels, and Mahajan (2003) , Fornell et al. (1996) , 
nd Blut (2016) . The word-of-mouth (WOM) and loy- 
lty items are adapted from Zeithaml et al. (1996) and 

lut (2016) . For share of wallet (SOW), we use items from 

ulf et al. (2001) . 

uantitative content and face validation 

Multicollinearity results from strong intercorrelations 
mong formative indicators of a construct, which makes it 
ifficult to separate the distinct influence of each formative 
ndicator on the overall construct ( Diamantopoulos and Win- 
lhofer 2001 ). To ensure an item is representative of one 
onceptual dimension only, and to achieve discriminant va- 
idity among first-order dimensions of a second-order for- 
ative construct, we draw on quantitative pretests ( MacKen- 

ie et al. 2011 ; Netemeyer et al. 2003 ). They provided sug- 
estions for improved item wording, categorizations of the 
tems according to the conceptual definitions of the dimen- 
ions, deletions of inconsistent and redundant items, and in- 
icators of the most appropriate item when several items are 
imilar ( MacKenzie et al. 2011 ). We used Qualtrics surveys 
o collect data from academic experts (content validity) and 

mnichannel customers (face validity). 
Following recommendations from MacKenzie et al. (2011) , 

or the content validity assessments, we developed an on- 
ine survey with the initial OCX measurement items in the 
rst column and the conceptual dimensions in 14 additional 
olumns. The operational definitions of the dimensions appear 
t the top of each column. The online survey was configured 

o display five items at a time for ratings, and all ratings were 
orced. In addition, a textbox for each item allowed the aca- 
emic experts to provide comments and justify their ratings; 
his element was optional Netemeyer et al. (2003) . suggest us- 
ng a three-point categorization rating by at least five expert 
cademics, so the survey was configured to permit academics 
o rate each item as “clearly representative,” “somewhat repre- 
entative,” or “not representative” of each conceptual dimen- 
ion. Recognizing the complexity and length of the survey, 
e configured it to allow the experts to pause and complete 

t later. 
The research team also shared the survey details with a 

ew marketing academics, who had not participated in any 

f the previous item development steps, and explained the 
ask associated with rating the large item matrix. Six mar- 
eting academics (from the United States, the Netherlands, 
ew Zealand, and Australia) agreed to complete this task. 
fter starting it, most of them took about a week to com- 
8 
lete the full content validity survey; they generally rated one 
r a few sections daily. After assessing their responses, we 
ropped items rated as not representative by a majority of the 
ix academics. For a few poorly performing items, we under- 
ook modifications based on the feedback. The net result was 
 refined pool of 87 items with at least 6 measurement items 
or most dimensions and no less than 4 for any dimension. 

From this item pool, we developed an online survey us- 
ng the Qualtrics tool to conduct the face validity tests. Here, 
etemeyer et al. (2003) recommend three-point categoriza- 

ion ratings from at least five target population respondents, 
o the online survey again was configured to display the def- 
nition of each dimension and request a rating of each item 

s “clearly representative,” “somewhat representative,” or “not 
epresentative” of the dimension. We gathered responses from 

mnichannel U.S. customers on MTurk but excluded any re- 
pondents who had participated in Phase 1. The data col- 
ected from seven omnichannel customers did not prompt any 

hanges to the initial pool of items. 

hase 3: measurement model refinement (Study 2) 
Data for this phase were collected using the online sur- 

ey we had developed in Qualtrics. With screening ques- 
ions and an IP check, we recruited 365 omnichannel cus- 
omers on MTurk who had earned master’s qualifications. No 

espondents who had participated in previous stages could 

articipate. As suggested by Netemeyer et al. (2003) and 

acKenzie et al. (2011) , we carefully sought the most ap- 
ropriate survey configuration (e.g., response scale type, con- 
rol for common method bias, motivate respondents). Web 

ppendix W2 outlines the survey design and demographics; 
e removed 6 responses due to extremely low standard de- 
iations or short survey completion times, resulting in 359 

espondents. 
In addition to the initial pool of OCX measurement items, 

e added items for WOM, satisfaction, and loyalty outcomes, 
s endogenous variables, to provide an initial test of nomo- 
ogical validity with the model refinement data set, as well 
s to enable a comparison of the refinement (this phase) and 

alidation (Phase 4) data sets ( MacKenzie et al. 2011 ). To 

heck for social desirability bias ( Podsakoff et al. 2003 ), we 
ncluded a social desirability response scale with six items 
 Donavan, Brown, and Mowen 2004 ; Karpen et al. 2015 ) in 

he survey too. 

xploratory factor analysis 
The exploratory factor analysis (EFA) of the Study 2 

ata, using SPSS, involved a series of iterative analyses 
Web Appendix W3) to establish a parsimonious and re- 
iable factor structure for the OCX measurement model. 
irst, we conducted a test of normality to select an appro- 
riate factor extraction method for the subsequent analysis 
 Fabrigar et al. 1999 ). Both Shapiro-Wilk and Kolmogorov- 
mirnov significance values are less than 0.05 for all items, so 

he data are not normally distributed, and principal axis fac- 
oring extraction appears appropriate ( Fabrigar et al. 1999 ). 
econd, the first-order dimensions are conceptualized (Phase 
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) and content validated (Phase 2) as distinct. Therefore, an 

FA using an orthogonal rotation, such as Varimax, is ap- 
ropriate to explore these mostly uncorrelated factors with 

easurement items that exhibit high loadings on each factor 
 Fabrigar et al. 1999 ; Hair et al. 2014 ). 

Through several EFAs, using principal axis factoring and 

arimax rotation, we decided to drop one item after each anal- 
sis, due to item loadings ( λ) less than 0.4, a cross-loading 

reater than 0.3 across three or more factors, or a significant 
ross-loading on two factors ( Hair et al. 2014 ; Hinkin 1998 ; 
etemeyer et al. 2003 ). After removing each item in each 

FA iteration, we checked the Kaiser-Meyer-Olkin measure 
f sampling adequacy, the total variance explained by the re- 
aining set of items, and reliability (Cronbach’s alpha) for 

otential improvement ( Hair et al. 2014 ). This iterative pro- 
ess resulted in a parsimonious factor structure with 45 items, 
ontained within 9 factors. To increase confidence in the ex- 
racted factor structure ( Conway and Huffcutt 2003 ), we also 

pplied an EFA with maximum likelihood extraction and the 
umber of factors to extract fixed to 9; it produced the same 
actor structure. 

The nine factors extracted are consistent with dimensions 
hat occur across various stages of the customer journey. First, 
he items that we had conceptualized and content validated 

or the “social communications” dimension loaded onto the 
orresponding factor. This construct captures a customer’s 
valuative judgment of peer user endorsements of the re- 
ailer across any of its channels, which can be highly in- 
uential in customer’s decision process in the prepurchase 
tage of the customer journey. Second, a few items from 

he initial product selection and price level dimensions load 

nto a single factor, labeled “value.” In the ladder map from 

hase 1, both these dimensions relate to “value for money”
t the consequence level. Therefore, the value construct, with 

our purified items, is a parsimonious way to measure cus- 
omers’ perceptions of the value they gain from the om- 
ichannel retailer’s product assortment and pricing, across 
ll channels. Third, the “personalization” dimension captures 
 customer’s evaluative judgment of the retailer’s ability to 

ailor services, products, and the transactional environment 
cross its channels. Fourth, “customer service” captures a 
ustomer’s evaluative judgment of the support services the re- 
ailer provides at any stage of the customer journey across any 

hannels. 
Fifth, consistency items (i.e., product, price, and informa- 

ion aspects linked to variety, certainty, and low choice dif- 
culty consequences in the ladder map) all load on a single 
actor, which we label “consistency.” This construct, with four 
urified items, is parsimonious and can measure customers’ 
erceptions of consistent product availability and pricing in- 
ormation across the retailer’s channels. Sixth, information 

afety–related items within the initial safety and privacy di- 
ensions loaded onto a single factor. The formation of this 

ingle factor, as a further refinement of the preliminary dimen- 
ions we uncovered in the ladder map in Phase 1, is logical; 
onceptually, safety and privacy both relate to “avoid exploita- 
ion” and “purchase confidence” dimensions at a consequence 
9 
evel (Web Appendix W1, Figure W1.1). Accordingly, we use 
information safety,” with the four purified items, as a parsi- 
onious way to measure customers’ perceptions of the om- 

ichannel retailer’s efforts to protect them from exploitation 

r information misuse at any stage of the customer journey 

e.g., protection of credit card information for purchases in 

ny channels, secure storage of that information in postpur- 
hase stage). 

Seventh, the “delivery” dimension captures a customer’s 
valuative judgment of the retailer’s delivery and pick-up ser- 
ices across any channels. Eighth, “product returns” refers to 

 customer’s evaluative judgment of the retailer’s handling of 
roduct returns and exchanges across channels. Ninth and fi- 
ally, the “loyalty programs” dimension captures a customer’s 
valuative judgment of the retailer’s loyalty program across 
hannels. These latter three quality dimensions are highly in- 
uential in postpurchase stages. In summary, we derive an 

CX model that comprises nine quality dimensions that cap- 
ure the comprehensive nature of the omnichannel retail ex- 
erience. 

onfirmatory factor analysis 
To assess the psychometric measurement properties of the 

CX model, we employed AMOS (version 25, with the 
odel estimate plugin and Excel tool; Gaskin and Kim 2019 ) 

nd conduct an iterative confirmatory factor analysis (CFA) 
o achieve item refinement ( Arnold and Reynolds 2003 ). If an 

tem had a high modification index or a large, standardized 

esidual ( > 2.58) or its removal improved model fit ( Hu and 

entler 1999 ), we considered it for deletion. Then we in- 
pected each candidate for deletion for its domain represen- 
ativeness and deleted it if the remaining items associated 

ith the same factor exhibited similar aspects ( Nunnally and 

ernstein 1994 ). In Table 2 , the final confirmatory model, 
ontaining 36 items across 9 factors (4 items per factor), of- 
ers superior model fit according to all commonly reported in- 
ices. The total variance explained by the 36 items is 66.5%, 
nd each factor explains more than 5% of the total variance 
 Hair et al. 2014 ). The final set of items, their loadings, la-
els for each factor or dimension, and the definitions are in 

able 3 . 
Using the results of this CFA (Web Appendix W4), we 

lso checked for validity and reliability ( Fornell and Larcker 
981 ). The composite reliabilities of the dimensions exceeded 

.70, which provides evidence of reliability ( Hair et al., 2014 ). 
he results confirm convergent validity, in that the average 
ariance extracted (AVE) for each dimension is greater than 

.50. In support of discriminant validity, the AVE for each 

cale exceed the squared correlation of a dimension and any 

ther dimensions in the measurement model. 

mpirical assessment of the formative measurement model 
sing CTA-PLS 

Any misspecification of a newly developed measurement 
odel is a threat to the validity of subsequent structural 

quation modeling (SEM) results ( Jarvis et al. 2003 ); em- 
irical tests such as confirmatory tetrad analysis (CTA) 



S.M. Rahman, J. Carlson, S.P. Gudergan et al. Journal of Retailing xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: RETAIL [m5+; April 3, 2022;7:56 ] 

Ta
bl

e 
2 

Il
lu

st
ra

tiv
e 

O
C

X
 
m

od
el
 
fit
 
co

m
pa

ri
so

ns
 
(A

M
O

S)
. 

T
hr

es
ho

ld
s:
 

χ
2 

D
F 

χ
2 
/D

F 
C

FI
 

R
M

SE
A
 

SR
M

R
 

A
IC

 
B

IC
 

T
L

I 
PC

lo
se
 

St
ud

y:
 

2 
3 

4 
2 

3 
4 

1–
3 

>
 
0.

95
 

<
 0.

06
 

<
 
0.

08
 

L
ow

es
t 

L
ow

es
t 

L
ow

es
t 

>
 
0.

05
 

2 
3 

4 
2 

3 
4 

2 
3 

4 
2 

3 
4 

2 
3 

4 
2 

3 
4 

2 
3 

4 
2 

3 
4 

9 
fa

ct
or

s,
 
36

 
ite

m
s 

96
5.

17
 

11
09

.0
3 

90
6.

08
 

55
8 

55
8 

55
8 

1.
73

 
1.

98
 

1.
63

 
.9

5 
.9

5 
.9

6 
.0

5 
.0

5 
.0

4 
.0

5 
.0

4 
.0

4 
11

81
.2
 

13
25

 
11

22
 

16
00

.6
 

17
68

.1
 

15
45

 
.9

5 
.9

5 
.9

6 
.9

6 
.8

8 
.9

9 
9 

fa
ct

or
s,
 
45

 
ite

m
s 

16
99

.7
3 

n/
a 

n/
a 

90
9 

n/
a 

n/
a 

1.
87

 
n/

a 
n/

a 
.9

3 
n/

a 
n/

a 
.0

5 
n/

a 
n/

a 
.0

5 
n/

a 
n/

a 
20

41
.7
 

n/
a 

n/
a 

20
92

.1
 

n/
a 

n/
a 

.9
2 

n/
a 

n/
a 

.6
2 

n/
a 

n/
a 

9 
fa

ct
or

s,
 
27

 
ite

m
s 

21
29

.9
1 

57
3.

25
 

n/
a 

97
5 

28
8 

n/
a 

2.
19

 
1.

99
 

n/
a 

.9
0 

.9
7 

n/
a 

.0
6 

.0
5 

n/
a 

.1
0 

.0
4 

n/
a 

23
41

.9
 

75
3.

3 
n/

a 
27

53
.5
 

11
22

.5
 

n/
a 

.8
9 

.9
6 

n/
a 

0 
.7

9 
n/

a 
1 

fa
ct

or
, 

36
 
ite

m
s 

44
53

.5
7 

36
17

.8
9 

40
02

.7
4 

46
4 

59
4 

59
4 

9.
59

 
6.

09
 

6.
74

 
.5

1 
.7

4 
.6

3 
.1

6 
.1

1 
.1

3 
.1

2 
.0

7 
.0

9 
58

65
.9
 

37
61

.9
 

41
46

.7
 

62
34

.9
 

40
57

.3
 

44
28

 
.5

7 
.7

2 
.6

0 
0 

0 
0 

N
ot

es
: 

St
ud

y 
2 

( n
 
= 

35
9)

, 
St

ud
y 

3 
( n
 
= 

44
7)

, 
an

d 
St

ud
y 

4 
( n
 
= 

37
1)

. 
n/

a 
= 

no
t 

as
se

ss
ed

. 
D

F 
= 

de
gr

ee
s 

of
 
fr

ee
do

m
, 

C
FI

 
= 

co
nfi

rm
at

or
y 

fit
 
in

de
x,
 
R

M
SE

A
 
= 

ro
ot
 
m

ea
n 

sq
ua

re
 
er

ro
r 

of
 
ap

pr
ox

im
at

io
n,
 

SR
M

R
 
= 

sq
ua

re
 
ro

ot
 
m

ea
n 

re
si

du
al

, 
A

IC
 
= 

A
ka

ik
e 

in
fo

rm
at

io
n 

cr
ite

ri
on

, 
B

IC
 
= 

B
ay

es
ia

n 
in

fo
rm

at
io

n 
cr

ite
ri

on
, 

T
L

I 
= 

T
uc

ke
r-

L
ew

is
 
in

de
x.
 
G

oo
dn

es
s-

of
-fi

t 
in

de
x 

= 
da

ta
 
se

t 
1 

0.
94

; 
da

ta
 
se

t 
2 

0.
95

; 
da

ta
 

se
t 

3 
93

; 
ad

ju
st

ed
 
go

od
ne

ss
-o

f-
fit
 
in

de
x 

= 
da

ta
 
se

t 
1 

0.
91

; 
da

ta
 
se

t 
2 

0.
91

; 
da

ta
 
se

t 
3 

0.
90

. 

(
f
T
a
s
i
s
o
s
0
t
t
F
b
t
a
c

C

w
a
n
v
l
o
P
m
s
m
s
A
t
A
f
b
p
t
(  

t
t

N
O

v
u
d
1
t
u
r
c
t
c
l
n

10 
 Bollen and Ting 2000 ) can confirm the appropriateness of a 
ormative measurement model specification ( Hair et al. 2017 ). 
herefore, we undertook a CTA–partial least squares (PLS) 
nalysis using SmartPLS ( Gudergan et al. 2008 ) for data 
et 1 (Study 2), to enhance confidence in the model spec- 
fication. The latent variable scores of the reflectively mea- 
ured first-order dimensions provide the formative indicators 
f the second-order OCX construct, the bootstrapping sub- 
ampling is set to 5000, and the significance level is set to 

.1. The results (Table W4.3, Web Appendix W4) indicate 
hat the bias-corrected and Bonferroni-adjusted confidence in- 
erval (CI) does not include 0, across multiple rows (tetrads). 
or example, the CI of OCX’s tetrad 9 indicates a lower 
oundary of 0.04 and an upper boundary of 0.20 ( p = .001); 
hat for OCX’s tetrad 161 has a lower boundary of −0.24 

nd an upper boundary of −0.05 ( p = .001). These results 
onfirm that the measurement model is not reflective. 

ommon method bias tests 
We conducted several statistical tests to ensure the study 

as not contaminated by common method bias (CMB). First, 
 principal component analysis in SPSS with rotation set to 

one and factors to extract set to 1 reveals that the maximum 

ariance explained by a single factor is 31.49, so CMB is un- 
ikely ( < 50), according to Harman’s single-factor test. Sec- 
nd, we apply a marker variable technique ( MacKenzie and 

odsakoff 2012 ) and test for correlations between the di- 
ensions of OCX and a conceptually unrelated, social de- 

irability response scale using an AMOS-based CFA (i.e., the 
arker variable should not correlate with a variable in the 

urvey if there is no theoretical relationship between them). 
s expected, the analysis does not show any association be- 

ween the OCX dimensions and the marker variable (Web 

ppendix W5). Third, PLS-SEM can detect CMB, using a 
ull collinearity assessment ( Kock 2015 ). In the SmartPLS- 
ased model assessment, the variance inflation factor (VIF) 
rovides collinearity statistics, and inner VIF values lower 
han 5 indicate the model is unlikely to be affected by CMB 

 Hair et al. 2016 ). In Table 4 , the inner VIF values are lower
han 5 across all dimensions. Thus, the combined tests suggest 
hat CMB is unlikely to be a concern for this study. 

omological validity assessment of the newly developed 

CX model 
In Phase 2, we tested the association of the newly de- 

eloped OCX model with satisfaction, loyalty, and WOM, 
sing Study 2 data. In Table 2 , all goodness-of-fit (GoF) in- 
ices are above conventional cut-off values ( Hu and Bentler 
999 ), and the OCX model with 36 items contained in 9 fac- 
ors offers the best model fit. The comparison of commonly 

sed GoF indices implies that the data fit the proposed model 
easonably well. In Table 3 , the uniformly high and signifi- 
ant EFA, CFA, and PLS item-construct loadings suggest that 
he first-order dimensions of OCX are reflected well by the 
orresponding measurement items. In Table 4 , the ratios are 
ess than 0.9 across all dimensions, which confirms discrimi- 
ant validity ( Henseler, Ringle, and Sarstedt 2015 ). The VIF 
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Table 3 
EFA (SPSS), CFA (AMOS), and SEM-PLS (SmartPLS) results for OCX measurement model. 

Item ID Dimension Name, Definition, and Measurement Items SPSS Loading AMOS Loading PLS t -Values PLS Loading PLS Weight 

(Dimension → OCX) 
Study: 2 3 4 2 3 4 2 3 4 2 3 4 2 3 4 

Social Communications (SOCM): Customer’s evaluative 
judgment of peer user endorsements of retailer across any 
channels. 

10.67 16.99 14.61 

SOCM1 c Customer reviews of XYZ across all channels are accurate. .68 .78 .68 .85 .84 .80 .89 .88 .85 34.46 60.60 42.26 
SOCM2 Customer reviews across XYZ’s channels make me feel 

confident to buy from XYZ. 
.70 .77 .56 .83 .80 .80 .88 .86 .86 35.28 50.44 46.76 

SOCM3 Online posts by other customers make me feel confident to 
buy from XYZ. 

.63 .78 .50 .76 .80 .72 .84 .86 .81 20.03 48.22 32.73 

SOCM4 Customer reviews of XYZ across all channels are 
trustworthy. 

.67 .76 .70 .83 .79 .86 .86 .85 .88 29.66 34.69 65.62 

Value (VALU): Customer’s evaluative judgment of the 
appropriateness of the retailer’s product assortment and 
pricing across any channels. 

9.01 16.20 14.81 

VALU1 c XYZ has a good selection of products across all channels. .65 .72 .69 .74 .82 .86 .82 .84 .89 23.70 36.17 56.74 
VALU2 XYZ offers competitively priced products across all channels. .60 .72 .72 .61 .74 .81 .51 .82 .87 6.75 32.06 45.70 
VALU3 XYZ offers good deals across all channels. .58 .64 .61 .70 .76 .81 .83 .80 .86 19.43 27.59 48.84 
VALU4 XYZ has a wide variety of products across all channels that 

interest me. 
.64 .74 .63 .73 .77 .79 .81 .81 .84 19.79 27.06 34.50 

Personalization (PERS): Customer’s evaluative judgment of 
the retailer’s ability to tailor services, products, and the 
transactional environment across any channels. 

9.74 14.12 11.18 

PERS1 XYZ makes personalized recommendations across all 
channels about what I should consider buying. 

.56 .71 .55 .62 .76 .68 .62 .84 .78 11.89 47.38 31.60 

PERS2 c The advertisements and promotions that XYZ sends to me 
across all channels are tailored to my situation. 

.48 .67 .50 .75 .80 .80 .83 .84 .84 26.02 47.29 47.95 

PERS3 I believe that XYZ’s channels are customized to my needs. .60 .77 .58 .81 .75 .75 .87 .83 .83 29.57 40.61 39.90 
PERS4 XYZ enables me to order products/services across all 

channels that are tailor-made for me. 
.52 .68 .46 .80 .71 .70 .88 .79 .79 31.18 28.75 32.62 

Customer Service (CSER): Customer’s evaluative judgment 
of the support services the retailer provides at any stage of 
the customer journey across any channels. 

15.34 19.05 15.12 

CSER1 c XYZ provides courteous customer service across all channels. .76 .77 .61 .90 .85 .84 .91 .89 .88 47.82 65.76 48.67 
CSER2 XYZ provides helpful customer service across all channels. .75 .78 .55 .88 .84 .84 .90 .88 .88 44.70 61.85 54.54 
CSER3 XYZ has knowledgeable customer service representatives 

across all channels to answer my questions. 
.69 .81 .60 .84 .81 .83 .91 .87 .88 41.45 55.98 55.01 

CSER4 XYZ’s customer service across all channels is prompt. .74 .72 .54 .86 .83 .83 .90 .87 .87 34.74 42.27 40.29 

( continued on next page ) 
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Table 3 ( continued ) 

Item ID Dimension Name, Definition, and Measurement Items SPSS Loading AMOS Loading PLS t -Values PLS Loading PLS Weight 

(Dimension → OCX) 
Study: 2 3 4 2 3 4 2 3 4 2 3 4 2 3 4 

Consistency (CSTY): Customer’s evaluative judgment of the 
consistency of the retailer’s product availability and pricing 
across any channels. 

7.45 13.85 11.19 

CSTY1 c XYZ’s product availability at physical stores is consistent 
with what I find on their online channels. 

.59 .61 .69 .76 .74 .83 .84 .81 .86 23.14 43.12 59.35 

CSTY2 XYZ offers consistent discounts across all channels. .55 .71 .67 .73 .73 .83 .84 .79 .86 24.54 34.34 62.94 
CSTY3 XYZ always has the same products across all channels. .78 .75 .63 .80 .71 .74 .83 .81 .83 21.95 33.77 39.98 
CSTY4 XYZ always has the same prices across all channels. .66 .77 .56 .73 .64 .62 .77 .76 .74 17.91 25.68 22.15 

Information Safety (ISFT): Customer’s evaluative judgment 
of the retailer’s safety measures to protect against payment 
fraud and loss of personal information at any stage of the 
customer journey across any channels. 

10.09 14.65 13.19 

ISFT1 I trust XYZ to keep my personal information safe. .84 .79 .72 .92 .85 .84 .91 .88 .88 32.02 61.87 56.56 
ISFT2 XYZ always protects information about my shopping 

behavior. 
.80 .72 .64 .88 .77 .83 .92 .84 .87 33.83 48.88 63.46 

ISFT3 c XYZ protects me against payment fraud across all channels. .62 .71 .58 .69 .75 .72 .82 .81 .81 20.10 43.12 31.88 
ISFT4 I trust XYZ will not share my personal information with 

others. 
.81 .75 .71 .87 .78 .74 .82 .84 .82 21.28 37.16 26.59 

Delivery (DELV): Customer’s evaluative judgment of the 
retailer’s delivery and pick-up services across any channels. 

7.14 15.08 11.54 

DELV1 c XYZ always sends out the items ordered. .59 .72 .75 .72 .78 .83 .74 .84 .87 14.19 45.26 61.17 
DELV2 XYZ always delivers orders when promised. .78 .67 .66 .80 .78 .82 .80 .84 .87 16.97 38.41 53.43 
DELV3 XYZ always delivers products in a good condition. .46 .70 .65 .67 .73 .78 .82 .80 .84 19.98 30.85 44.76 
DELV4 XYZ quickly delivers my orders. .55 .73 .71 .71 .76 .83 .81 .83 .87 22.12 30.41 50.25 

Product Returns (PRTN): Customer’s evaluative judgment of 
the retailer’s handling of product returns and exchanges 
across any channels. 

5.15 13.08 10.23 

PRTN1 XYZ allows me to return products easily. .86 .78 .82 .90 .84 .86 .88 .88 .89 22.08 51.86 53.66 
PRTN2 c XYZ allows me to exchange products easily. .78 .78 .78 .85 .84 .88 .94 .88 .89 29.41 48.00 62.91 
PRTN3 XYZ offers flexible product return options. .80 .78 .64 .84 .81 .76 .88 .86 .84 20.54 45.78 42.21 
PRTN4 XYZ offers convenient product return options. .72 .74 .66 .76 .77 .78 .80 .83 .85 13.91 29.77 30.95 

Loyalty Programs (LOPG): Customer’s evaluative judgment 
of the retailer’s loyalty program across any channels. 

7.87 14.73 9.76 

LOPG1 XYZ allows me to earn rewards quickly. .85 .87 .84 .90 .91 .88 .94 .93 .91 36.29 124.80 72.05 
LOPG2 c XYZ’s loyalty/reward program is easy to use across all 

channels. 
.85 .85 .82 .87 .89 .86 .85 .92 .91 19.49 109.60 83.67 

LOPG3 XYZ has an excellent loyalty/reward program. .86 .86 .86 .91 .90 .90 .91 .92 .92 26.70 102.30 89.64 
LOPG4 XYZ always allows me to earn and redeem rewards across 

all channels. 
.83 .83 .82 .87 .88 .87 .94 .91 .90 35.08 75.47 67.40 

Notes: Study 2 ( n = 359), Study 3 ( n = 447), and Study 4 ( n = 371). Items for each dimension are sorted by data set 2 PLS weight (high to low). The placeholder XYZ can be replaced with the name of 
any omnichannel retailer. Respondents rated items on a seven-point Likert response scales; each point was clearly labeled from “strongly agree” to “strongly disagree,” with “neither agree nor disagree” as 
the midpoint. The PLS-SEM values are from SmartPLS 3 ( Ringle et al., 2015 ), with weighting scheme = factor, iteration = 1000, complete bootstrapping with 5000 subsamples, and test type = two-tailed. 
All values are significant at p = .001. Items marked with C are included in the condensed OCX measurement model; see the Phase 7 discussion. 
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Table 4 
PLS-based discriminant validity, collinearity, effect size, composite reliability, and Cronbach’s alpha values for the OCX dimensions. 

First-Order 
Dimensions 
of OCX 

Discriminant Validity: Heterotrait-monotrait ratio Variance 
Inflation 
Factor 

Effect Size ( f ²) 
(Dimension 
→ OCX) 

Cronbach’s 
Alpha 

Composite 
Reliability 

Average 
Variance 
Extracted Social 

Communi- 
cations 

Value Personalization Customer 
Service 

Consistency Information 
safety 

Delivery Product 
Returns 

Social Com- 
munications 1.96;2.79;2.28 

1.33;1.41;1.34 .89;.88;.87 .92;.92;.91 .75;.74;.72 

Value .51;.69;.62 
1.62;2.59;2.17 

1.05;1.48;1.57 .79;.84;.89 .86;.89;.92 .61;.67;.75 

Personalization 
.65;.84;.72 .51;.77;.67 

2.16;3.23;2.33 
.89;.75;.58 .84;.84;.83 .89;.89;.88 .67;.68;.66 

Customer 
Service 

.66;.76;.74 .39;.69;.65 .66;.80;.74 
2.22;3.07;2.88 

2.16;2.32;1.92 .93;.89;.90 .95;.93;.93 .82;.77;.77 

Consistency .57;.78;.65 .53;.77;.58 .66;.86;.70 
.56;.80;.69 1.85;2.74;1.93 

.86;.75;.75 .85;.80;.84 .89;.87;.89 .68;.63;.68 

Information 
Safety 

.56;.79;.71 .48;.67;.62 .54;.76;.65 
.49;.78;.67 

.47;.76;.56 
1.56;2.51;2.04 

1.24;1.17;1.22 .90;.87;.87 .93;.91;.91 .78;.72;.71 

Delivery .53;.72;.61 .59;.78;.64 .48;.72;.59 
.58;.76;.66 

.62;.74;.57 .49;.75;.62 
1.77;2.51;1.91 

1.04;1.16;1.05 .82;.85;.89 .88;.89;.92 .64;.69;.75 

Product 
Returns 

.38;.66;.53 .47;.79;.66 .38;.71;.61 
.52;.69;.59 

.37;.65;.45 .31;.65;.50 
.53;.73;.58 1.47;2.29;1.78 

.65;1.03;.99 .95;.89;.89 .93;.92;.93 .78;.75;.76 

Loyalty 
Programs 

.44;.62;.43 .17;.44;.26 .58;.71;.53 
.49;.68;.56 

.48;.70;.49 .33;.57;.33 
.29;.54;.35 

.20;.47;.34 
1.53;2.04;1.51 

1.08;1.22;.77 .94;.94;.93 .96;.96;.95 .84;.85;.83 

Notes: Each cell shows SmartPLS output for Study 2; Study 3; Study 4. For example, the variance inflation factors for the value dimension are 1.62 for Study 2; 2.59 for Study 3; and 2.17 for Study 4. 
All values are significant at p = .001. 
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lso is well below 5, confirming a lack of multicollinearity 

 Hair et al. 2016 ). All first-order dimensions have large ( > 

.35) effect sizes ( Henseler, Ringle, and Sinkovics 2009 ), such 

hat they contribute substantially to the formation of OCX. 
Using PLS-SEM also can support the construction 

f complex, reflective–formative models with many items 
 Wetzels, Odekerken-Schröder, and Van Oppen 2009 ). We 
ssess the relationships of OCX with its outcomes using 

martPLS 3.2.8 ( Hair et al. 2016 ). The second-order OCX 

n SmartPLS relies on repeated uses of the indicators of the 
rst-order dimensions ( Wetzels et al. 2009 ) Table 5 . con- 

ains the standardized estimates ( Hair et al. 2016 ), which 

ffirm that OCX is positively associated with satisfaction 

 β = 0.76; t = 28.37), loyalty ( β = 0.59; t = 15.04), and
OM ( β = 0.66; t = 20.86). The assessments support the 

omological validity of our OCX measurement model. 

redictive ability assessment of the newly developed OCX 

odel 
To validate the predictive ability of the model, we use 

lindfolding ( Q 

2 ; Geisser, 1975 ; Stone, 1974 ) and PLSPredict 
 Q 

2 _ Predict ; Shmueli et al., 2016 ) procedures in PLS-SEM. 2 

n three blindfolding tests, we set omission distances (D) to 

, 9, and 12 (Web Appendix W4, Table W4.4). The resulting 

 

2 values for the endogenous constructs—satisfaction ( Q 

2 for 
6, 9, and 12 = 0.49, 0.51, and 0.51, respectively), loyalty 

0.24, 0.25, and 0.25), and WOM (0.35, 0.36, and 0.37)—all 
xceed 0.15, in strong support of the OCX’s predictive power. 
or the PLSPredict test, we set the number of folds (i.e., equal 
ubgroups) to 10 and obtain positive Q 

2 _ Predict values for all 
tems, ranging from 0.11 to 0.56 (Web Appendix W4, Table 

4.5). Thus, OCX predicts satisfaction, loyalty, and WOM 

ell. 

hase 4: measurement model validation and finalization 

Study 3) 

With another data set (Study 3), representing responses 
rom the relevant population, we validate the newly developed 

easurement model. It is appropriate to include at least one 
ata set with responses from non-MTurk panel respondents in 

ny study involving multiple stages and data sets ( Hulland and 

iller 2018 ). Therefore, we collected responses from April–
ay 2019 from Qualtrics panel members in the United States. 

n this study, in addition to satisfaction, loyalty, and WOM 
2 A blindfolding test predicts original values by reusing the sample after a 
ystematic pattern of data point elimination, based on an omission distance 
D). For example, an omission distance of D = 6 implies that every sixth 
ata point is omitted in each blindfolding round, after which the test predicts 
very data point of the indicators used in the measurement model for a 
elected latent variable ( Hair et al. 2020 ). With Q 

2 , we assess out-of-sample 
redictive ability by estimating the model on a training sample, then use the 
esult to predict the outcomes for data in holdout samples ( Hair et al. 2020 ). 
f Q 

2 values exceed 0, it indicates meaningful relevance; values greater than 
15 and .35 further indicate that the measurement model has medium or large 
redictive power, respectively, in relation to the focal endogenous constructs 
 Hair et al. 2016 ). 

(
c
i
m
t
i

R

c
s  

o

14 
tems, we include three content-valid items to assess share of 
allet (SOW). The validation data set (data set 2) contains 
47 responses (see Web Appendix W6). 

easurement model validity assessments 
To confirm the validity of the newly developed OCX mea- 

urement model, we employed AMOS and SmartPLS, using 

ata set 2. In Table 2 , all AMOS-based GoF indices under the 
tudy 3 columns exceed conventional cut-off values ( Hu and 

entler 1999 ). Thus, the data fit the proposed model reason- 
bly well, and the OCX model with 36 items contained in 9 

actors is the best option. In Table 3 , the Study 3 columns 
lso reveal uniformly high, significant CFA and PLS item–
onstruct loadings, which confirm that the first-order dimen- 
ions of OCX are well reflected by the corresponding mea- 
urement items. In Table 4 , Study 3 columns, the ratios of 
ess than 0.9 across all dimensions confirm discriminant va- 
idity ( Henseler et al. 2015 ). The VIF also is well below 

he cut-off value of 5, confirming a lack of multicollinearity 

 Hair et al. 2016 ) and reducing CMB concerns for this study. 
ll first-order dimensions have large ( > 0.35) effect sizes 

 Henseler et al. 2009 ), indicating their substantial contribu- 
ion to the formation of OCX. The CTA-PLS results (Web 

ppendix W6) indicate that the CI interval does not include 
, across multiple rows (tetrads). For example, the CI for 
CX’s tetrad 57 has a lower boundary of −0.22 and an up- 
er boundary of −0.03 ( p = .001). The OCX measurement 
odel is not reflective. 

omological validity assessments 
In Table 5 , data set 2 columns, the uniformly high and 

ignificant PLS item–construct loadings confirm that the sat- 
sfaction, loyalty, WOM, and SOW constructs are well re- 
ected by their corresponding measurement items. The PLS- 
ased measures that validate the constructs are available in 

eb Appendix W6. In Table W6.2, a heterotrait-monotrait 
HTMT) estimate of less than 0.90 supports the discriminant 
alidity of the subconstructs ( Henseler et al. 2015 ). The re- 
ults in Table W6.3 also confirm that satisfaction ( α = 0.89), 
oyalty ( α = 0.80), WOM ( α = 0.92), and SOW ( α = 0.86) 
re reliable constructs. The standardized estimates in Table 5 , 
ata set 2 column, confirm that OCX is positively associ- 
ted with satisfaction ( β = 0.81), loyalty ( β = 0.69), WOM 

 β = 0.75), and SOW ( β = 0.42). In addition, three blind- 
olding tests with omission distances of 6, 9, and 12 confirm 

 Q 

2 > 0) the predictive relevance of OCX for all four out- 
omes. The positive Q 

2 _predict values (fold set to 10), rang- 
ng from 0.12 to 0.62, establish its superior predictive perfor- 
ance ( Shmueli et al. 2016 ). Overall, the Phase 4 assessments 

hus confirm the sound psychometric properties and nomolog- 
cal validity of our proposed OCX measurement model. 

obustness check using FIMIX-PLS and PLS-MGA 

To confirm the robustness of the structural model, we 
heck for unobserved heterogeneity, to ascertain if an analy- 
is of the entire data set is reasonable ( Hair et al. 2017 ). Un-
bserved heterogeneity occurs when subgroups of data exist 



S.M
.
 R

ahm
an,

 J.
 C

arlson,
 S.P.

 G
udergan

 et
 al.

 
Journal

 of
 R

etailing
 xxx

 (xxxx)
 xxx

 

A
R

T
IC

L
E

 IN
 P

R
E

S
S

 

JID
:
 R

E
T
A

IL
 

[m
5
+

;
 A

p
ril
 3

,
 2

0
2
2
;7

:5
6
 ]
 

Table 5 
Nomological validity analysis (PLS-based; higher-order index model) for the OCX framework. 

Item ID Endogenous Variables and Items PLS Loading PLS Weight OCX → Endogenous Variables 

Study 2 3 4 2 3 4 Standardized Estimate 
( β) 

t -Values R 

2 
Adjusted 

2 3 4 2 3 4 2 3 4 

Satisfaction (SAT) .76 .81 .79 28.37 37.54 38.35 .58 .66 .63 
SAT1 XYZ always meets my requirements. .88 .91 .94 59.54 86.37 136.74 
SAT2 Imagine an ideal retailer – one that does everything a retailer 

should do to provide a seamless customer experience across 
all channels. Please provide your opinion about the following 
statement: XYZ is an ideal retailer. 

.89 .90 .94 62.91 70.53 134.37 

SAT3 Overall, I am satisfied with XYZ. .88 .89 .94 56.08 57.17 134.52 
Loyalty (LOY) .59 .69 .64 15.04 21.99 17.14 .35 .47 .41 

LOY1 I would consider buying more from XYZ. .85 .99 .92 47.69 90.38 89.06 
LOY2 I would rather buy from XYZ than from another retailer. .83 .85 .90 41.33 46.29 80.40 
LOY3 I intend to use XYZ again. .70 .75 .87 17.27 19.21 45.09 

Word of Mouth (WOM) .66 .75 .72 20.86 27.46 25.27 .43 .55 .52 
WOM1 I encourage friends and relatives to buy from XYZ. .88 .94 .94 51.87 120.50 114.53 
WOM2 I would recommend XYZ to someone who seeks my advice. .90 .93 .95 85.50 98.68 144.23 
WOM3 I say positive things about XYZ to other people. .90 .92 .94 85.01 69.57 123.50 

Share of Wallet (SOW) n/a .42 .33 n/a 9.47 6.80 n/a .17 .11 
SOW1 Of the five times you select a retailer to buy from, how 

many times would you select XYZ? Response scale: 5 .. 4 .. 
3 .. 2 .. 1 

n/a .90 .88 n/a 76.28 63.33 

SOW2 Based on your total expenditure with all retailers in the past 
3 months, what percentage of purchase was made from 

XYZ? Response scale: (a) 81% −100% (b) 61% −80% (c) 
41% −60% (d) 21% −40% (e) 0% −20% 

n/a .89 .93 n/a 71.46 100.80 

SOW3 How frequently do you buy from XYZ compared to other 
retailers that you use? Response scale: (a) Always (b) Often 
(c) Sometimes (d) Rarely (e) Never 

n/a .85 .89 n/a 43.33 58.19 

Trust in the Omnichannel Retailer (TRUST) n/a n/a .74 n/a n/a 26.46 n/a n/a .55 
TRUST1 XYZ reminds me of someone who’s competent and knows 

what he/she is doing. 
n/a n/a .91 n/a n/a 78.11 

TRUST2 XYZ has a name you can trust. n/a n/a .92 n/a n/a 80.86 
TRUST3 XYZ’s product and service claims are believable. n/a n/a .90 n/a n/a 66.03 
TRUST4 Over time, my experiences with XYZ have led me to expect 

it to keep its promises, no more and no less. 
n/a n/a .87 n/a n/a 46.78 

Notes: Study 2 ( n = 359), Study 3 ( n = 447), and Study 4 ( n = 371). The construct validity measures of the outcome variables are available in Web Appendixes W4 and W6. An HTMT estimate less than 
0.90 supports the discriminant validity of the tested subconstructs (Henseler et al. 2015). The PLS-SEM values are from SmartPLS, with weighting scheme = path, iteration = 1000, complete bootstrapping 
with 5000 subsamples, test type = two-tailed, and repeated indicators for the second-order OCX. All values are significant at p = .001. Respondents rated one random SAT, WOM, LOY, and TRUST item 

at a time on a seven-point Likert response scale, and each point was clearly labeled, from “strongly agree” to “strongly disagree,” with “neither agree nor disagree” as the midpoint. Each SOW item was 
measured using a different five-point response scale. The n/a (not administered) cells indicate that the SOW items were not administered in Study 2; the TRUST items, adopted from Erdem, Swait, and 
Valenzuela (2006) , were not administered in Studies 2 and 3. 
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i.e., more than one significant segment is present in the obser- 
ations) that produce substantially different structural model 
stimates. Therefore, we apply a finite mixture partial least 
quares (FIMIX-PLS) technique in SmartPLS (v. 3.2.8), us- 
ng data set 2; the results are available in Web Appendix W7. 
o determine the number of segments to retain, we check 

he fit indices for solutions with one to five segments (Table 
7.1). The indices do not yield conclusive evidence of the 

xistence of more than one segment. According to the relative 
egment sizes across different FIMIX-PLS solutions (Table 

7.2), any solution with three or more segments should be 
iscarded. A three-segment solution would involve a segment 
ith only 81 (18% of 447) observations, less than the min- 

mum sample size required for the OCX model assessment. 
o assess the feasibility of a two-segment solution, we gather 
egment-specific R 

2 values and weighted average R 

2 values 
Table W7.3). The R 

2 values in segment 1 are slightly higher 
han in the full data set; those in segment 2 are slightly lower 
or loyalty and WOM and slightly higher for satisfaction and 

OW. The weighted average R 

2 values of the FIMIX-PLS 

wo-segment solution are only slightly higher than those of the 
riginal sample, revealing negligible differences (from 0.002 

o 0.04). According to the FIMIX-PLS segment-specific path 

oefficients (Table W7.4), the strengths of the standardized 

ath coefficients from OCX to the endogenous variables do 

ot differ substantially ( < 0.07) across segments. The com- 
ined results empirically show that unobserved heterogeneity 

s not prevalent and confirm the robustness of the PLS-SEM 

nalysis for the full data set. 3 

These assessments of the newly developed OCX measure- 
ent model confirm the model is valid and stable for dif- 

erent populations. Furthermore, the FIMIX-PLS and PLS- 
GA (multi-group analysis) analyses indicate that the struc- 

ural model is not affected by unobservable or observable 
eterogeneity, which helps confirm the validity of the OCX 

easurement model. Therefore, we finalize the items and di- 
ensions, as reported in Table 3. 4 

hase 5: OCX measurement model revalidation with another 
ata set (Study 4) 

The data for Phase 5 came from Qualtrics panel members 
n the United States, and we worked to avoid including any 

espondents from any of the previous studies. For example, 
e requested that Qualtrics refrain from sending invitations to 

he panel members who had responded to a previous study. 
ross-checks of the respondents’ Qualtrics account history 

nd IPs helped confirm the uniqueness of this data set. At 
3 To check for observable heterogeneity, which might condition the struc- 
ural model estimations, we compare different groups, based on gender (male 
s. female) and omnichannel retailers (Walmart vs. Target), using PLS-MGA 

nd the Welch-Satterthwait test, applied to data set 2. As Web Appendix 
8 reveals, none of the differences for the structural path coefficients is 

ignificant. The OCX model does not vary across genders or retailers. 
4 To identify OCX dimensions with relatively greater managerial impor- 

ance for outcomes such as loyalty (i.e., they exert stronger total effects), 
e provide the results of an importance performance map analysis in Web 
ppendix W9. 
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16 
he beginning of the survey, potential respondents underwent 
creening, as in previous studies. The validation data set (i.e., 
tudy 4) contains 371 responses, as detailed in Web Appendix 

10. 
In addition to satisfaction, loyalty, WOM, and SOW, we 

nclude items to measure trust in the omnichannel retailer, 
hich might be generated by customers’ assessments of qual- 

ty or experience with the firm’s offering ( Carù and Cova 
003 ). Because the OCX reflects customers’ assessment of 
heir overall experience with an omnichannel consumer goods 
etailer across all channels, we expect it relates to such forms 
f trust. As our laddering study showed empirically (Web 

ppendix W1, Table W1.5 and Figure W1.1), trust and con- 
dence are key psychosocial consequences of customers’ ex- 
eriences with omnichannel retailers in the consumer goods 
ector. Leveraging an existing definition of trust in a firm ( An- 
erson and Weitz 1989 ), we define trust in the omnichannel 
etailer as a feeling of confidence in the retailer, such that 
ustomers believe the retailer is willing and able to deliver 
n its promises across all channels. 

evalidation of OCX measurement model 
To revalidate the OCX measurement model, we employ 

everal assessments with the new data set. First, EFA with 

aximum likelihood extraction and the number of factors 
xed to 9 produced a factor structure identical to that in 

hase 4; the SPSS-based EFA loadings are available in 

able 3 (Study 4 columns). Second, the CFA in AMOS pro- 
uces GoF indices that exceed conventional cut-off values, 
o the data fit the OCX model that features 36 items classi- 
ed into 9 factors well ( Table 2 , Study 4 columns). Third, the 
niformly high, significant CFA and PLS item–construct load- 
ngs confirm that the first-order dimensions of OCX are well 
eflected by the corresponding measurement items ( Table 3 , 
tudy 4 columns). In Web Appendix W10, Table W10.2, the 
atios are less than 0.9 across all dimensions; that is, the con- 
tructs in the OCX model are distinct ( Henseler et al. 2015 ). 
n Table W10.3, the VIF values less than 5 revalidate the 
ack of multicollinearity ( Hair et al. 2016 ) and confirm that 
MB is not a concern. All the first-order dimensions have 

arge ( > 0.35) effect sizes ( Henseler et al. 2009 ), confirming 

heir substantial contributions to OCX. Fourth, the CTA-PLS 

esults (Table W10.4) indicate that the CI intervals do not 
nclude 0 (e.g., tetrad 151 [.05, 0.28]; p = .000). Thus, we 
econfirm that the OCX measurement model is not reflective. 

evalidation of OCX’s nomological network 
In Table 5 , the Study 4 columns reveal uniformly high and 

ignificant PLS-based item–construct loadings, so the satis- 
action, loyalty, WOM, SOW, and trust constructs are well 
eflected by the corresponding measurement items. The PLS- 
ased measures validating the constructs are available in Web 

ppendix W10. In Table W10.2, HTMT estimates less than 

.90 support the discriminant validity of the tested subcon- 
tructs ( Henseler et al. 2015 ). The results in Table W10.3 

lso confirm that satisfaction ( α = 0.93), loyalty ( α = 0.88), 
OM ( α = 0.94), SOW ( α = 0.88), and trust ( α = 0.92) are 
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5 We conducted a pretest to check the effectiveness and realism of the 
vignettes among 40 MTurk respondents, accoding to a within-subject design. 
Thus, all respondents received both vignettes and responded to two questions 
for each scenario: (1) if they believe the fictional retailer is an excellent 
omnichannel retailer and (2) whether the scenario is realistic. A paired sample 
t-test confirms significant differences across vignettes (M OCX_High = 6.35, 
SD = .84; M OCX_Low = 4.03, SD = 1.94; t OCX_High-OCX_Low = 7.16, p < 

.001); a one-sample t -test relative to the scale midpoint (4) affirms that both 
vignettes are realistic (M OCX_High = 5.78, SD = 1.37, t = 8.21, p < .001; 
M OCX_Low = 5.18, SD = 1.52, t = 4.89, p < .001). 
eliable. According to the standardized estimates in Table 5 , 
tudy 4 columns, OCX is positively associated with satisfac- 

ion ( β = 0.79), loyalty ( β = 0.64), WOM ( β = 0.72), SOW 

 β = 0.33), and trust ( β = 0.74). Blindfolding tests with 

mission distances set to 6, 9, and 12 confirm OCX’s predic- 
ive power (e.g., at D = 9, Q 

2 for satisfaction = 0.58, loy- 
lty = 0.34, WOM = 0.48, SOW = 0.08, and trust = 0.46). 
urthermore, the positive Q 

2 _predict values (fold set to 10) 
ange from 0.05 to 0.64 and confirm OCX’s superior pre- 
ictive performance. Finally, we revalidated the robustness of 
he structural model using FIMIX-PLS and PLS-MGA. The 
esults (Tables W10.5–10.8) provide empirical evidence that 
eterogeneity is not prevalent, consistent with the outcomes in 

hase 4. This revalidation thus offers confidence in the psy- 
hometric properties and nomological validity of the OCX 

easurement model. 

hase 6: comparison of OCX model against potential 
lternative (Study 5) 

We gathered 209 valid responses from omnichannel U.S. 
ustomers on MTurk (further details are available in Web Ap- 
endix W11), in an effort to demonstrate that the identified 

CX dimensions are unique, relative to dimensions that have 
een constructed to measure single-channel phenomena, as 
n the well-established SERVQUAL measurement model. We 
lso test the relative performance of OCX for predicting key 

utcomes. 

iscriminant validity of OCX versus SERVQUAL dimensions 
To compare the discriminant validity of the dimensions 

n OCX versus SERVQUAL, we developed a path model 
n SmartPLS that includes the nine first-order OCX forma- 
ive dimensions and the five first-order SERVQUAL reflective 
imensions. We used WOM ( α = 0.82; construct reliabil- 
ty = 0.89; AVE = 0.73) as the outcome variable. According 

o the HTMT-based discriminant validity test (Table W11.7), 
ll OCX dimensions are distinct (HTMT < 0.9) from one an- 
ther, as well as from all the SERVQUAL dimensions. The 
orrelation matrix in Table W11.8 reveals low correlations ( < 

.7) between OCX and SERVQUAL dimensions. These em- 
irical findings offer support for the argument that the nine 
CX dimensions are unique relative to the dimensions of 
ther SQ scales, as exemplified by SERVQUAL. 

elative predictive ability of OCX versus SERVQUAL 

imensions 
We actually do not recommend applying SERVQUAL to 

n omnichannel context, but to extend our analysis, we con- 
ider the ability of OCX, relative to SERVQUAL, to predict 
atisfaction, loyalty, WOM, SOW, and trust outcomes. For this 
nalysis, we developed multiple path models to estimate (1) 
he impact of OCX on the outcome variables, (2) the impact 
f SERVQUAL on the outcome variables, and (3) the im- 
acts of both OCX and SERVQUAL on individual outcome 
ariables. As we show in Table 6 , OCX performs better than 

ERVQUAL in influencing satisfaction, loyalty, WOM, and 
17 
OW, whereas SERVQUAL outperforms OCX on trust. In 

he path models with both OCX and SERVQUAL, we find 

hat SERVQUAL does not influence satisfaction, loyalty, or 
OW significantly ( t -values < 1.96). Thus, OCX offers supe- 
ior predictive ability with regard to these managerially criti- 
al outcomes. 

hase 7: validation of a condensed OCX model 

We recommend administering all 36 items ( Table 3 ) to as- 
ess the different dimensions of an omnichannel retailer’s per- 
ormance related to OCX, because this systematic approach 

an fully capture the nine salient dimensions and reveal where 
o invest resources to enhance overall OCX. Yet some man- 
gers and researchers may require a more parsimonious ap- 
roach, such as if they are assessing OCX in a supporting 

ole rather than as a key construct ( Netemeyer et al., 2003 ). 
herefore, we rely on the three data sets from Studies 3–5 to 

alidate a condensed 9-item OCX measurement model, with 

ne item for each dimension. The correlations of the 9- and 

6-item OCX measurement models are 0.96, 0.96, and 0.95 

or Studies 3, 4, and 5, respectively. 
With regard to the predictive ability of the condensed OCX 

easurement model, the adjusted R 

2 values in Studies 3, 4, 
nd 5, respectively, are as follows: satisfaction (0.60, 0.57, 
.61), loyalty = (0.44, 0.40, 0.51), WOM = (0.51, 0.50, 0.56), 
OW = (0.15, 0.09, 0.19), and trust = (na, 0.53, 0.58). Al- 

hough the estimates are statistically significant ( p = .001), 
hey are weaker than those obtained with the full model in 

able 5 . Then we compared the performance of the condensed 

-item OCX model with a shorter 5-item SERVQUAL model, 
sing the Study 6 data set, and the results (Table W11.9) show 

hat the condensed OCX model performs better. Collectively, 
hese findings empirically validate both the full and condensed 

CX scales. 

hase 8: predictive validity tests using an experiment (Study 
) 

To test OCX’s predictive validity further, we conducted 

n experiment to manipulate omnichannel CX (high/low) 
nd measure the predicted outcomes. Two vignettes provide 
arying information about a fictional retailer, one that de- 
cribes high OCX across all nine dimensions and another 
hat indicates low OCX for all nine dimensions. 5 With a 
etween-subject design, the survey experiment, developed us- 
ng Qualtrics, randomly displayed one of the two vignettes to 
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Table 6 
Comparison of predictive performance of OCX versus SERVQUAL (PLS-based estimates). 

Models/Estimates β (Path coefficient) p -Value t -Value (PLS Weight) 

Study 5 6 5 6 5 6 

Model with OCX → SAT .83 .91 .00 .00 32.58 47.11 
Model with SERVQUAL → SAT .79 .83 .00 .00 24.24 32.85 
Model with OCX, SERVQUAL and SAT: 

OCX → SAT .56 .66 .00 .00 5.79 10.39 
SERVQUAL → SAT .32 .32 .00 .00 3.09 4.87 

Model with OCX → LOY .76 .88 .00 .00 19.45 43.92 
Model with SERVQUAL → LOY .71 .82 .00 .00 17.67 29.58 
Model with OCX, SERVQUAL and LOY: 

OCX → LOY .54 .63 .00 .00 4.79 11.14 
SERVQUAL → LOY .26 .34 .02 .00 2.30 5.96 

Model with OCX → WOM .78 .86 .00 .00 23.54 38.80 
Model with SERVQUAL → WOM .78 .81 .00 .00 24.84 26.77 
Model with OCX and SERVQUAL and WOM: 

OCX → WOM .41 .60 .00 .00 4.20 8.23 
SERVQUAL → WOM .36 .35 .00 .00 3.65 4.69 

Model with OCX → SOW .47 .90 .00 .00 7.46 44.67 
Model with SERVQUAL → SOW .45 .83 .00 .00 7.35 39.79 
Model with OCX, SERVQUAL and SOW: 

OCX → SOW .29 .65 .00 .00 2.28 10.39 
SERVQUAL → SOW .21 .33 .08 .00 1.74 b 5.03 

Model with OCX → TRUST .79 .91 .00 .00 20.99 47.11 
Model with SERVQUAL → TRUST .82 .83 .00 .00 31.24 32.85 
Model with OCX, SERVQUAL and TRUST: 

OCX → TRUST .34 .66 .00 .00 2.89 10.39 
SERVQUAL → TRUST .48 .32 .00 .00 4.01 4.87 

Notes: Study 5 ( n = 209) and Study 6 ( n = 214). 

Table 7 
Comparison of means for OCX (High) and OCX (Low) groups (Study 6; independent t -test). 

Constructs Mean Mean 
Difference 

t -Value p -Value Confidence Interval of the 
Mean Difference 

r 

OCX = High OCX = Low (High-Low) Lower Upper 

OCX 6.18 3.39 2.79 19.21 .00 2.50 3.07 .64 
SERVQUAL 5.32 3.89 1.43 9.75 .00 1.14 1.72 .31 
SAT 6.18 3.36 2.82 16.59 .00 2.48 3.16 .56 
LOY 5.96 3.50 2.46 14.73 .00 2.13 2.79 .51 
WOM 5.94 3.41 2.53 14.24 .00 2.18 2.88 .49 
TRUST 5.99 3.65 2.34 14.45 .00 2.02 2.66 .49 

Notes: Total sample size = 214; OCX (High) = 107, and OCX (Low) = 107. 
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espondents. After reading the vignette, they completed the 9- 
tem condensed OCX model, 5-item condensed SERVQUAL 

odel, and the outcome measures, as well as a manipulation 

heck (see Web Appendix W12). 
A comparison of means ( Table 7 ) between the two OCX 

roups, according to an independent samples t -test, indi- 
ates a significant difference of 2.79 ( t = 19.21, p < .001, 
 = 0.64). The t -test also confirms significant differences be- 
ween groups for several outcomes (SQ, satisfaction, loyalty, 

OM, trust; Table 6 ). Furthermore, OCX consistently out- 
erforms SERVQUAL if we assess their effects in the same 
ath model ( Table 5 ). Finally, an importance performance map 

nalysis (IPMA; see details in Web Appendix W9), confirms 
hat OCX is a reliable diagnostic tool that retail managers can 

se to identify attributes that demand particular attention. 
18 
General discussion 

This study achieves two broad, important objectives. First, 
t provides a robust theoretical basis for explaining perceived 

mnichannel customer experience (OCX) and establishing an 

CX model specification for consumer goods retail settings. 
econd, this study responds to calls to develop a new model 

o measure CX that addresses relevant cues and encounters 
cross all channels, which determine the overall customer ex- 
erience in omnichannel retailing settings ( Lemon and Ver- 
oef 2016 ). With rigorous construct validation procedures, we 
stablish a hierarchical conceptualization and measurement of 
 comprehensive OCX construct. In multiple studies, we also 

mpirically demonstrate its suitability; the measurement in- 
trument contains 36 items, related to 9 first-order quality 
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imensions that form the second-order OCX construct. The 
CX scale (and its 9-item short form) offers precise, action- 

ble measures for retailers to gain insights into customers’ 
erceptions of their omnichannel retail experience. 

heoretical contributions 

The OCX measurement model contributes to retail and ser- 
ices literature. First, we address a key question related to the 
ppropriate understanding and measurement of CX in an om- 
ichannel retailing era ( Inman and Nikolova 2017 ; Lemon and 

erhoef 2016 ; Ostrom et al. 2015 ; Verhoef et al. 2015 ). By
heorizing OCX, underpinned by schema and categorization 

heory, we predict how customers’ need to reduce the cogni- 
ive load induced by omnichannel retail shopping triggers a 
ognitive process that seeks an overall assessment. Further- 
ore, we explain how accommodation during the categoriza- 

ion process can guide the development of schema (i.e., OCX) 
hat facilitate omnichannel retail shopping. This theoretical 
ontribution can also inform researchers’ efforts to conceptu- 
lize other constructs in omnichannel contexts. 

Second, omnichannel retailing is complex, and many at- 
ributes contribute to the formation of OCX. Our proposed 

odel establishes nine important dimensions. The value di- 
ension depends on customers’ evaluative judgments of the 

ppropriateness of an omnichannel retailer’s products and 

ricing. With respect to the personalization dimension, an ex- 
ellent omnichannel retailer offers tailored services, products, 
nd transactional environments to meet the needs of individ- 
al customers in any of its channels. Regarding the customer 
ervice dimension, an omnichannel retailer should provide ex- 
ellent customer support services across all its channels at all 
tages of the customer journey. The consistency dimension 

ertains to product assortment and pricing consistency across 
hannels. The delivery dimension implies superior delivery 

nd pick-up services provided by the retailer in any channel. 
ith respect to the product returns dimension, customers’ ex- 

erience with the retailer’s handling of product returns and ex- 
hanges informs OCX. The social communication dimension 

eflects the influence of reputation mechanisms across chan- 
els on customers’ assessments of the omnichannel retailer’s 
uality. At any stage of the customer journey, an excellent 
mnichannel retailer ensures strong safety measures to pro- 
ect customers against payment fraud or loss of personal in- 
ormation, as measured by the information safety dimension. 
inally, the loyalty programs dimension affirms that the ex- 
ellence of the omnichannel retailer’s loyalty program across 
hannels is a key component of OCX. This study provides 
nsights into the relevance of the criteria that omnichannel 
ustomers use. 

Third, with empirical findings across multiple stages, we 
onfirm that all nine first-order dimensions of OCX are dis- 
inct and cannot be merged or deleted (e.g., in an effort to 

educe the number of items required to measure customers’ 
erceptions), without changing the meaning of the OCX con- 
truct. Thus, we propose a hierarchical model of OCX: a 
econd-order factor model that links omnichannel retail qual- 
19 
ty perceptions to distinct, actionable dimensions. The empir- 
cal results align with our MEC theoretical underpinning; the 
elationship between the first-order dimensions of OCX and 

he second-order construct OCX is formative rather than re- 
ective in nature. Continued omnichannel studies would ben- 
fit from adopting hierarchical models. 

Fourth, the rigorous measurement development procedure 
e have undertaken can serve as a guide for continued efforts 

o develop perceived quality/experience measurement models 
n other domains. As we demonstrate, to develop a model 
ased in MEC theory, researchers should use a laddering 

ethod to explore attributes, conceptualize distinct and rele- 
ant quality dimensions with a series of quantitative and qual- 
tative tests, and use a formative mode to link the dimensions 
o the overall construct. Additional model development stud- 
es might follow the steps that we outline herein and apply 

he methodological approach we detail for each phase. 
Fifth, we empirically validate positive relationships of 

CX with satisfaction with the retailer, omnichannel cus- 
omers’ loyalty intentions, word-of-mouth intentions, share of 
allet, and trust in the omnichannel retailer in a consumer 
oods setting. As such, this study extends the theoretical re- 
ationship between an experiential construct and its outcomes 
nto an omnichannel domain. Studies that seek to test the 
omological validity of their theoretical frameworks can use 
hese rigorously validated adapted outcome measures. 

mplications for practitioners 

This study provides new insights that might enhance the ef- 
ective design of omnichannel CX in practice. Recent technol- 
gy and increased customer–retailer and customer–customer 
nteractions across channels and touchpoints allow retail- 
rs to capture vast volumes of data. Confronted with all 
hese data, managers of consumer goods retailers can benefit 
rom knowing which metrics to consider in their omnichan- 
el environment to support their efforts to fuel growth ( Jin- 
al et al. 2021 ). By gauging the performance of the nine first- 
rder dimensions of OCX, omnichannel retail managers can 

dentify which investments are likely to result in improved CX 

cross channels. By assessing OCX at the first-order dimen- 
ion level, the retailers also can assess each quality dimension 

n-depth, then differentiate well versus poorly performing di- 
ensions. With such information, managers can focus on spe- 

ific features to improve, then evaluate the impacts of their 
trategic actions and investments on the overall CX. 

Retailers also need robust measures of customer satisfac- 
ion and loyalty in omnichannel retail settings ( Kumar et al 
017b ). This study offers a parsimonious, easy-to-administer 
easurement tool (long- or short-form) that can predict cus- 

omers’ satisfaction with omnichannel retailers. With impor- 
ance performance map analyses (see Web Appendix W9), we 
nd that the customer service, value, and social communica- 

ion dimensions are the most critical for customer satisfaction 

nd loyalty. Omnichannel retailers should invest in optimiz- 
ng these dimensions if they seek higher profitability. Retail 
anagers also might administer OCX, perhaps in the short 
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orm, in periodic customer surveys to monitor their chang- 
ng preferences and responses to CX improvement initiatives 
 De Keyser et al.2020 ). 

In addition to helping managers in omnichannel consumer 
oods markets, these insights can help providers, such as 
ualtrics, Forrester, and McKinsey, develop new tools they 

an offer to their retailer clients; they even might establish 

he OCX measurement model as a key offering. If they assess 
ifferent omnichannel retailers, these service providers could 

ompare competitors’ performance in a market, then bench- 
ark a focal retailer’s performance ( De Keyser et al. 2020 ). 

irections for further research 

This study addresses OCX in the consumer goods retail 
ector, and the OCX measurement model offers an effective 
easure of customers’ overall evaluations of their experi- 

nces with omnichannel retailers. Schema theory postulates 
hat schema such as OCX also might spread through cus- 
omers’ perceptual category structures to facilitate informa- 
ion processing in other, similar contexts ( Lajos et al.2009 ). 
uch a process might reduce customers’ cognitive load 

urther, in that they could use the existing schema as 
 template rather than developing entirely new schema 
 Lajos et al. 2009 ). The robust theoretical basis that we estab- 
ish for conceptualizing customers’ evaluations of their om- 
ichannel experience in turn provides a foundation for re- 
earchers to advance omnichannel literature further, in do- 
ains beyond consumer goods (e.g., tourism, education, fi- 

ance, public agencies) ( Kumar, Anand, and Song 2017a ). 
ustomers’ assessments of their experiences also may dif- 

er across industries, contexts, and cultures ( Lemon and Ver- 
oef 2016 ), so we call for studies of other omnichannel 
arkets. 
Marketing literature has moved beyond purchase-related 

onsiderations to focus on customer engagement (comprised 

f the four dimensions of customers’ lifetime value, refer- 
al value, influence value, and knowledge value; Kumar and 

ansari 2016 ) and efforts to help retailers allocate their re- 
ources more efficiently to drive long-term profitability. Re- 
ent conceptual studies suggest CX in omnichannel settings 
ffects their engagement (Kumar et al. 2017a), so we hope 
mpirical studies might explore the relationships of OCX 

ith each engagement dimension. Furthermore, omnichan- 
el retailing creates unstructured, multimodal data, gath- 
red through digital, social media, and mobile technologies 
 Wedel and Kannan 2016 ). The OCX framework we pro- 
ose might inform further research into multimodal com- 
unication, including text and picture mining or machine 

earning model development ( Liu, Burns, and Hou 2017 ; Or- 
enes et al. 2018 ). We hope researchers continue to make use 
f the OCX dimensions in dynamic fashion. 

Executive Summary 

Efforts to measure customer experiences (CX) in multi- 
aceted, omnichannel, retail contexts are crucial but lacking 
20 
esearch guidance. Prior service quality literature has effec- 
ively established how to measure CX in traditional, single- 
hannel contexts but has not adapted such measures to the 
mnichannel context. 

With a mixed method research design and studies in eight 
hases, the authors propose a comprehensive measurement in- 
trument that incorporates a schema- and categorization-based 

heoretical conceptualization of how customers assess om- 
ichannel retail experiences, together with means-end chain 

heory, to explain perceived omnichannel customer experience 
OCX) as a construct. 

OCX captures the following omnichannel evaluation di- 
ensions: social communications, value, personalization, cus- 

omer service, consistency of product availability and prices 
cross channels, information safety, delivery, product returns, 
nd loyalty programs. Multiple applications of the measure- 
ent model empirically confirm the suitability of this instru- 
ent in consumer goods omnichannel retail settings; its 36 

tems reflect nine first-order quality dimensions that combine 
o form the overall, second-order OCX construct. A 9-item 

hort-form is also provided. 
The measurement instrument offers sound psychometric 

roperties, as confirmed by several reliability and validity 

ests, and predicts customer behavior reliably across studies. 
hus, the OCX measurement instrument offers utility for the- 
ry, management practice, and further research. 

Supplementary materials 

Supplementary material associated with this article can be 
ound, in the online version, at doi: 10.1016/j.jretai.2022.03. 
03 . 

References 

lba, J.W. and Hutchinson J.W. (1987), “Dimensions of consumer expertise,”
Journal of Consumer Research , 13 (4), 411–54 . 

nderson, E. and Weitz B. (1989), “Determinants of continuity in conven- 
tional industrial channel dyads,” Marketing Science , 8 (4), 310–23 . 

rnold, M.J. and Reynolds K.E. (2003), “Hedonic shopping motivations,”
Journal of Retailing , 79 (2), 77–95 . 

alasubramanian, S. , Raghunathan R. and Mahajan V. (2005), “Consumers in 
a multichannel environment: Product utility, process utility, and channel 
choice,” Journal of Interactive Marketing , 19 (2), 12–30 . 

arsalou, L.W. (1983), “Ad hoc categories,” Memory & Cognition , 11 (3), 
211–27 . 

artlett, F. C. (1932). Remembering: An experimental and social study. Cam- 
bridge: Cambridge University. 

ecker, J.-.M. , Klein K. and Wetzels M. (2012), “Hierarchical latent vari- 
able models in PLS-SEM: Guidelines for using reflective-formative type 
models,” Long Range Planning , 45 (5-6), 359–94 . 

ecker, L. and Jaakkola E. (2020), “Customer experience: Fundamental 
premises and implications for research,” Journal of the Academy of Mar- 
keting Science , 48 (4), 630–48 . 

itner, M.J. (1992), “Servicescapes: The impact of physical surround- 
ings on customers and employees,” Journal of Marketing , 56 (2), 
57–71 . 

lut, M. (2016), “E-service quality: Development of a hierarchical model,”
Journal of Retailing , 92 (4), 500–17 . 

ollen, K.A. and Ting K.-f. (2000), “A tetrad test for causal indicators,”
Psychological Methods , 5 (1), 3 . 

https://doi.org/10.1016/j.jretai.2022.03.003
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0001
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0001
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0001
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0001
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0002
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0002
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0002
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0002
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0003
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0003
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0003
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0003
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0004
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0004
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0004
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0004
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0004
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0005
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0005
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0007
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0007
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0007
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0007
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0007
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0008
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0008
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0008
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0008
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0009
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0009
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0010
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0010
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0011
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0011
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0011
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0011


S.M. Rahman, J. Carlson, S.P. Gudergan et al. Journal of Retailing xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: RETAIL [m5+; April 3, 2022;7:56 ] 

B

B

B

C

C

C

C

D

D

D

D

E

E

F

F

F  

F

G

G  

G

G

G

G

G

G

G

G

H

H

H  

H

H

H  

H

H

H

H

H

H

H

I

J

J  

K

rewer, W.F. and Nakamura G.V. (1984). The nature and functions of 
schemas Center for the Study of Reading Technical Report; no. 325 . 

roniarczyk, S.M. and Griffin J.G. (2014), “Decision difficulty in the age 
of consumer empowerment,” Journal of Consumer Psychology , 24 (4), 
608–25 . 

urnham, T.A. , Frels J.K. and Mahajan V. (2003), “Consumer switch- 
ing costs: A typology, antecedents, and consequences,” Journal of the 
Academy of Marketing Science , 31 (2), 109–26 . 

arù, A. and Cova B. (2003), “Revisiting consumption experience: A more 
humble but complete view of the concept,” Marketing Theory , 3 (2), 
267–86 . 

ohen, J.B. and Basu K. (1987), “Alternative models of categorization: To- 
ward a contingent processing framework,” Journal of Consumer Research , 
13 (4), 455–72 . 

ollier, J.E. and Bienstock C.C. (2006), “Measuring service quality in e-re- 
tailing,” Journal of Service Research , 8 (3), 260–75 . 

onway, J.M. and Huffcutt A.I. (2003), “A review and evaluation of ex- 
ploratory factor analysis practices in organizational research,” Organiza- 
tional Research Methods , 6 (2), 147–68 . 

abholkar, P.A. , Thorpe D.I. and Rentz J.O. (1996), “A measure of service 
quality for retail stores: Scale development and validation,” Journal of 
the Academy of Marketing Science , 24 (1), 3 . 

e Keyser, A. , Verleye K. , Lemon K.N. , Keiningham T.L. and 
Klaus P. (2020), “Moving the customer experience field forward: Intro- 
ducing the touchpoints, context, qualities (TCQ) nomenclature,” Journal 
of Service Research , 23 (4), 433–55 . 

iamantopoulos, A. and Winklhofer H.M. (2001), “Index construction with 
formative indicators: An alternative to scale development,” Journal of 
Marketing Research , 38 (2), 269–77 . 

onavan, D.T. , Brown T.J. and Mowen J.C. (2004), “Internal benefits of ser- 
vice-worker customer orientation: Job satisfaction, commitment, and or- 
ganizational citizenship behaviors,” Journal of Marketing , 68 (1), 128–46 . 

rdem, T. , Swait J. and Valenzuela A. (2006), “Brands as signals: A cross–
country validation study,” Journal of Marketing , 70 (1), 34–49 . 

roglu, S.A. , Machleit K.A. and Davis L.M. (2001), “Atmospheric qualities 
of online retailing: A conceptual model and implications,” Journal of 
Business Research , 54 (2), 177–84 . 

abrigar, L.R. , Wegener D.T. , MacCallum R.C. and Strahan E.J. (1999), 
“Evaluating the use of exploratory factor analysis in psychological re- 
search,” Psychological Methods , 4 (3), 272 . 

iske, S.T. and Pavelchak M.A. (1986). “Category-based versus piece- 
meal-based affective responses: Developments in schema-triggered affect. 
Developments in schema-triggered affect ”. In Sorrentino R.M., and Hig- 
gins E.T. (Eds.), Handbook of motivation and cognition: foundations of 
social behavior (pp. 167–203). Guilford Press . 

ornell, C. , Johnson M.D. , Anderson E.W. , Cha J. and Bryant B.E. (1996),
“The American customer satisfaction index: Nature, purpose, and find- 
ings,” Journal of Marketing , 60 (4), 7–18 . 

ornell, C. and Larcker D.F. (1981), “Evaluating structural equation models 
with unobservable variables and measurement error,” Journal of Market- 
ing Research , 18 (1), 39–50 . 

askin, J., & Lim, J. (2019,. 11 May 2018). Model Fit Measures (AMOS 
Plugin). Retrieved from http:// www.kolobkreations.com/ Stats%20Tools% 

20Package.xlsm. 
auri, Dinesh K. , Jindal Rupinder P. , Ratchford Brian , Fox Edward ,

Bhatnagar Amit , Pandey Aashish , Navallo Jonathan R. , Fogarty John , 
Carr Stephen and Howertonh Eric (2021), “Evolution of retail for- 
mats: Past, present, and future,” Journal of Retailing , 97 (1), 
42–61 . 

eisser, S. (1975), “The predictive sample reuse method with applications,”
Journal of the American Statistical Association , 70 (350), 320–8 . 

engler, C.E. and Reynolds T.J. (1995), “Consumer understanding and ad- 
vertising strategy: Analysis and strategic translation of laddering data,”
Journal of Advertising Research , 35 (4), 19–34 . 

rewal, D. , Gauri D.K. , Roggeveen A.L. and Sethuraman R. (2021), “Strate- 
gizing retailing in the new technology era,” Journal of Retailing , 97 (1), 
6–12 . 
21 
rewal, D. and Roggeveen A.L. (2020), “Understanding retail experiences 
and customer journey management,” Journal of Retailing , 96 (1), 3–8 . 

rewal, D. , Roggeveen A.L. and Nordfält J. (2017), “The future of retailing,”
Journal of Retailing , 93 (1), 1–6 . 

runert, K.G. and Grunert S.C. (1995), “Measuring subjective meaning struc- 
tures by the laddering method: Theoretical considerations and method- 
ological problems,” International Journal of Research in Marketing , 12 
(3), 209–25 . 

udergan, S.P. , Ringle C.M. , Wende S. and Will A. (2008), “Confirmatory 
tetrad analysis in PLS path modeling,” Journal of Business Research , 61 
(12), 1238–49 . 

utman, J. (1982), “A means-end chain model based on consumer catego- 
rization processes,” Journal of Marketing , 46 (2), 60–72. doi: 10.2307/ 
3203341 . 

air, J.F. , Black W.C. , Babin B.J. and Anderson R.E. (2014). Multivariate 
data analysis: Pearson new international edition . Essex: Pearson Educa- 
tion Limited . 

air, J.F., Jr. , Howard M.C. and Nitzl C. (2020), “Assessing measurement 
model quality in PLS-SEM using confirmatory composite analysis,” Jour- 
nal of Business Research , 109, 101–10 . 

air, J.F., Jr. , Hult G.T.M. , Ringle C. and Sarstedt M. (2016). A primer
on partial least squares structural equation modeling (PLS-SEM) . Sage 
Publications . 

air, J.F., Jr. , Ringle C. , Sarstedt M. and Gudergan S.P. (2017). Advanced 
issues in partial least square structural equation modeling . SAGE . 

alkias, G. (2015), “Mental representation of brands: A schema-based ap- 
proach to consumers’ organization of market knowledge,” Journal of 
Product & Brand Management , 24 (5), 438–48 . 

enneberg, S.C. , Gruber T. , Reppel A. , Ashnai B. and Naudé P. (2009),
“Complaint management expectations: An online laddering analysis of 
small versus large firms,” Industrial Marketing Management , 38 (6), 
584–98 . 

enseler, J. , Ringle C.M. and Sarstedt M. (2015), “A new criterion for assess- 
ing discriminant validity in variance-based structural equation modeling,”
Journal of the Academy of Marketing Science , 43 (1), 115–35 . 

enseler, J. , Ringle C.M. and Sinkovics R.R. (2009). The use of partial 
least squares path modeling in international marketing new challenges 
to international marketing (pp. 277–319). Emerald Group Publishing Lim- 
ited . 

inkin, T.R. (1998), “A brief tutorial on the development of measures for 
use in survey questionnaires,” Organizational Research Methods , 1 (1), 
104–21 . 

olbrook, M.B. and Hirschman E.C. (1982), “The experiential aspects of 
consumption: Consumer fantasies, feelings, and fun,” Journal of Con- 
sumer Research , 9 (2), 132–40 . 

olloway, B.B. and Beatty S.E. (2008), “Satisfiers and dissatisfiers in the 
online environment: A critical incident assessment,” Journal of Service 
Research , 10 (4) . 

u, L.t. and Bentler P.M. (1999), “Cutoff criteria for fit indexes in 
covariance structure analysis: Conventional criteria versus new alterna- 
tives,” Structural Equation Modeling: A Multidisciplinary Journal , 6 (1), 
1–55 . 

ulland, J. and Miller J. (2018), ““Keep on Turkin’”?,” Journal of 
the Academy of Marketing Science , 46 (5), 789–94. doi: 10.1007/ 
s11747- 018- 0587- 4. 

nman, J.J. and Nikolova H. (2017), “Shopper-Facing Retail Technology: A 

Retailer Adoption Decision Framework Incorporating Shopper Attitudes 
and Privacy Concerns,” Journal of Retailing , 93 (1), 7–28 . 

arvis, C.B. , MacKenzie S.B. and Podsakoff P.M. (2003), “A critical review 

of construct indicators and measurement model misspecification in mar- 
keting and consumer research,” Journal of Consumer Research , 30 (2), 
199–218 . 

indal, R.P. , Gauri D.K. , Li W. and Ma Y. (2021), “Omnichannel battle be-
tween Amazon and Walmart: Is the focus on delivery the best strategy?,”
Journal of Business Research , 122, 270–80 . 

ahn, B.E. (2017), “Using visual design to improve customer perceptions of 
online assortments,” Journal of Retailing , 93 (1), 29–42 . 

http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0012
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0012
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0012
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0012
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0013
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0013
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0013
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0013
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0014
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0014
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0014
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0014
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0014
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0015
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0015
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0015
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0015
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0016
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0016
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0016
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0016
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0017
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0017
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0017
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0017
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0018
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0018
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0018
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0018
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0019
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0019
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0019
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0019
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0019
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0020
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0020
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0020
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0020
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0020
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0020
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0020
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0021
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0021
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0021
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0021
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0022
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0022
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0022
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0022
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0022
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0023
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0023
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0023
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0023
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0023
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0024
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0024
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0024
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0024
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0024
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0025
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0025
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0025
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0025
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0025
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0025
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0026
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0026
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0026
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0026
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0027
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0027
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0027
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0027
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0027
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0027
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0027
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0028
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0028
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0028
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0028
http://www.kolobkreations.com/Stats%20Tools%20Package.xlsm
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0030
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0031
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0031
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0032
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0032
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0032
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0032
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0033
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0033
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0033
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0033
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0033
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0033
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0034
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0034
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0034
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0034
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0035
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0035
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0035
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0035
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0035
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0036
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0036
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0036
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0036
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0037
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0037
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0037
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0037
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0037
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0037
https://doi.org/10.2307/3203341
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0039
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0039
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0039
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0039
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0039
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0039
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0040
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0040
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0040
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0040
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0040
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0041
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0041
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0041
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0041
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0041
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0041
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0042
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0042
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0042
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0042
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0042
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0042
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0043
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0043
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0044
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0044
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0044
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0044
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0044
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0044
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0044
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0045
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0045
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0045
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0045
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0045
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0046
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0046
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0046
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0046
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0046
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0047
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0047
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0048
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0048
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0048
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0048
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0049
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0049
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0049
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0049
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0050
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0050
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0050
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0050
https://doi.org/10.1007/s11747-018-0587-4
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0052
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0052
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0052
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0052
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0053
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0053
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0053
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0053
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0053
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0054
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0054
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0054
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0054
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0054
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0054
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0055
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0055


S.M. Rahman, J. Carlson, S.P. Gudergan et al. Journal of Retailing xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: RETAIL [m5+; April 3, 2022;7:56 ] 

K

K  

K

K

K

K  

L

L

L

L

L

M

M

M

M  

M

M

M

N

N

N

O  

O  

P

P

P

P

P

P

R

R

R

R

R

R

S

S  

S

S

S

V

V

V

V

W

W

W

arpen, I.O. , Bove L.L. , Lukas B.A. and Zyphur M.J. (2015), “Service-dom- 
inant orientation: Measurement and impact on performance outcomes,”
Journal of Retailing , 91 (1), 89–108 . 

ees, J. , Berry C. , Burton S. and Sheehan K. (2017), “An analysis of data
quality: Professional panels, student subject pools, and Amazon’s Me- 
chanical Turk,” Journal of Advertising , 46 (1), 141–55 . 

ock, N. (2015), “Common method bias in PLS-SEM: A full collinearity 
assessment approach,” International Journal of e-Collaboration , 11 (4), 
1–10 . 

umar, V. , Anand A. and Song H. (2017a), “Future of retailer profitability: 
An organizing framework,” Journal of Retailing , 93 (1), 96–119 . 

umar, V. and Pansari A. (2016), “Competitive advantage through engage- 
ment,” Journal of Marketing Research , 53 (4), 497–514 . 

umar, V. , Rajan B. , Gupta S. and Dalla Pozza I. (2017b), “Customer en-
gagement in service,” Journal of the Academy of Marketing Science , 47 
(1), 138–60 . 

ajos, J. , Katona Z. , Chattopadhyay A. and Sarvary M. (2009), “Category 
activation model: A spreading activation network model of subcategory 
positioning when categorization uncertainty is high,” Journal of Consumer 
Research , 36 (1), 122–36 . 

emon, K.N. and Verhoef P.C. (2016), “Understanding customer experience 
throughout the customer journey,” Journal of Marketing , 80 (6), 69–
96 . 

ichtenstein, D.R. , Netemeyer R.G. and Burton S. (1990), “Distinguishing 
coupon proneness from value consciousness: An acquisition-transaction 
utility theory perspective,” Journal of Marketing , 54 (3), 54–67 . 

in, J.-S.C. and Hsieh P.-.L. (2011), “Assessing the self-service technology 
encounters: Development and validation of SSTQUAL scale,” Journal of 
Retailing , 87 (2), 194–206 . 

iu, X. , Burns A.C. and Hou Y. (2017), “An investigation of brand-re- 
lated user-generated content on Twitter,” Journal of Advertising , 46 (2), 
236–47 . 

acKenzie, S.B. and Podsakoff P.M. (2012), “Common method bias in mar- 
keting: Causes, mechanisms, and procedural remedies,” Journal of Re- 
tailing , 88 (4), 542–55 . 

acKenzie, S.B. , Podsakoff P.M. and Podsakoff N.P. (2011), “Construct 
measurement and validation procedures in MIS and behavioral research: 
Integrating new and existing techniques,” MIS Quarterly , 35 (2), 293–
334 . 

athwick, C. , Malhotra N. and Rigdon E. (2001), “Experiential value: Con- 
ceptualization, measurement and application in the catalog and Internet 
shopping environment � 1,” Journal of Retailing , 77 (1), 39–56 . 

elis, K. , Campo K. , Breugelmans E. and Lamey L. (2015), “The impact of
the multi-channel retail mix on online store choice: Does online experi- 
ence matter?,” Journal of Retailing , 91 (2), 272–88 . 

ervis, C.B. and Rosch E. (1981), “Categorization of natural objects,” An- 
nual Review of Psychology , 32 (1), 89–115 . 

eyers-Levy, J. and Tybout A.M. (1989), “Schema congruity as a basis for 
product evaluation,” Journal of Consumer Research , 16 (1), 39–54 . 

ontoya-Weiss, M.M. , Voss G.B. and Grewal D. (2003), “Determinants of 
online channel use and overall satisfaction with a relational, multichannel 
service provider,” Journal of the Academy of Marketing Science , 31 (4), 
448–58 . 

etemeyer, R.G. , Bearden W.O. and Sharma S. (2003). Scaling procedures: 
issues and applications . Sage Publications . 

ielsen. (2020,. 24 Feb 2020). Its time to think Omnichannel shop- 
per not just Omnichannel. Retrieved from https://www.nielsen.com/ 
us/ en/ insights/ article/ 2020/ its- time- to- think- omnichannel- shopper- 
not- just- omnichannel/. 

unnally, J., & Bernstein, I. H. (1994). Psychological theory. New York, NY: 
McGraw-Hill. 

rdenes, F.V. , Grewal D. , Ludwig S. , de Ruyter K. , Mahr D. and Wet-
zels M. (2018), “Cutting through content clutter: How speech and image 
acts drive consumer sharing of social media brand messages,” Journal of 
Consumer Research , 45 (5), 988–1012 . 

strom, A.L. , Parasuraman A. , Bowen D.E. , Patricio L. , Voss C.A. and
Lemon K. (2015), “Service research priorities in a rapidly changing con- 
text,” Journal of Service Research , 18 (2), 127–59 . 
22 
arasuraman, A. , Zeithaml V.A. and Berry L.L. (1988), “SERVQUAL: A 

multiple-item scale for measuring consumer perception of service qual- 
ity,” Journal of Retailing , 64 (1), 12–40 . 

arasuraman, A. , Zeithaml V.A. and Malhotra A. (2005), “ES-QUAL a multi- 
ple-item scale for assessing electronic service quality,” Journal of Service 
Research , 7 (3), 213–33 . 

ayne, J.W. , Bettman J.R. and Johnson E.J. (1993). The adaptive decision 
maker . Cambridge University Press . 

etty, R.E. and Cacioppo J.T. (1986). “The elaboration likelihood model of 
persuasion”. In Communication and Persuasion (pp. 1–24). Springer . 

odsakoff, P.M. , MacKenzie S.B. , Lee J.-.Y. and 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 . 

wC. (2017). The 2017 global Omnichannel retail index . Retrieved from 

https:// www.strategyand.pwc.com/ reports/ 2017- global- omnichannel- 
retail-index. 

eynolds, T.J. and Gutman J. (1988), “Laddering theory, method, analysis, 
and interpretation,” Journal of Advertising Research , 28 (1), 11–31 . 

eynolds, T.J. and Olson J.C. (2001). Understanding consumer decision mak- 
ing: The means-end approach to marketing and advertising strategy . Psy- 
chology Press . 

ingle, Christian M., Wende, Sven, & Becker, Jan-Michael. (2015). Smart- 
PLS 3. Boenningstedt: SmartPLS. Retrieved from https://www.smartpls. 
com. 

osch, E. and Mervis C.B. (1975), “Family resemblances: Studies in the 
internal structure of categories,” Cognitive Psychology , 7 (4), 573–605 . 

umelhart, D.E. (1978). Schemata: The building blocks of cognition . San 
Diego: Center for Human Information Processing, University of Califor- 
nia . 

umelhart, D.E. and Norman D.A. (1976). Accretion, tuning and restructur- 
ing: Three modes of learning . San Diego: University of California . 

chwartz, S.H. (1992), “Universals in the content and structure of values: 
Theoretical advances and empirical tests in 20 countries,” Advances in 
Experimental Social Psychology , 25, 1–65 Elsevier . 

hmueli, G. , Ray S. , Estrada J.M. and Chatla S.B. (2016), “The elephant in
the room: Predictive performance of PLS models,” Journal of Business 
Research , 69 (10), 4552 . 

ousa, R. and Voss C.A. (2006), “Service quality in multichannel services 
employing virtual channels,” Journal of Service Research , 8 (4), 356–
371 . 

tone, M. (1974), “Cross-validatory choice and assessment of statistical pre- 
dictions,” Journal of the Royal Statistical Society: Series B (Methodolog- 
ical) , 36 (2), 111–33 . 

ujan, M. and Bettman J.R. (1989), “The effects of brand positioning strate- 
gies on consumers’ brand and category perceptions: Some insights from 

schema research,” Journal of Marketing Research , 26 (4), 454–67 . 
alentini, S. , Neslin S.A. and Montaguti E. (2020), “Identifying omnichannel 

deal prone segments, their antecedents, and their consequences,” Journal 
of Retailing , 96 (3), 310–27 . 

anden Abeele, V., Hauters, E., & Zaman, B. (2012). Increasing the reli- 
ability and validity of quantitative laddering data with LadderUX. Paper 
presented at the CHI’12 Extended Abstracts on Human Factors in Com- 
puting Systems. 

erhoef, P.C. , Kannan P. and Inman J.J. (2015), “From multi-channel retailing 
to omni-channel retailing: Introduction to the special issue on multi-chan- 
nel retailing,” Journal of Retailing , 91 (2), 174–81 . 

erhoef, P.C. , Neslin S.A. and Vroomen B. (2007), “Multichannel customer 
management: Understanding the research-shopper phenomenon,” Interna- 
tional Journal of Research in Marketing , 24 (2), 129–48 . 

edel, M. and Kannan P.K. (2016), “Marketing analytics for data-rich envi- 
ronments,” Journal of Marketing , 80 (6), 97–121 . 

eijters, B. and Baumgartner H. (2012), “Misresponse to reversed and 
negated items in surveys: A review,” Journal of Marketing Research , 
49 (5), 737–47 . 

etzels, M. , Odekerken-Schröder G. and Van Oppen C. (2009), “Using PLS 
path modeling for assessing hierarchical construct models: Guidelines and 
empirical illustration,” MIS Quarterly , 33 (1), 177–95 . 

http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0056
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0056
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0056
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0056
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0056
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0056
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0057
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0057
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0057
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0057
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0057
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0057
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0058
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0058
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0059
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0059
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0059
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0059
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0059
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0060
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0060
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0060
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0060
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0061
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0061
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0061
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0061
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0061
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0061
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0062
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0062
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0062
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0062
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0062
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0062
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0063
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0063
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0063
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0063
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0064
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0064
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0064
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0064
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0064
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0065
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0065
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0065
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0065
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0066
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0066
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0066
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0066
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0066
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0067
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0067
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0067
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0067
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0068
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0068
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0068
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0068
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0068
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0069
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0069
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0069
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0069
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0069
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0070
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0070
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0070
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0070
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0070
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0070
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0071
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0071
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0071
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0071
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0072
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0072
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0072
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0072
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0073
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0073
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0073
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0073
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0073
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0074
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0074
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0074
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0074
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0074
https://www.nielsen.com/us/en/insights/article/2020/its-time-to-think-omnichannel-shopper-not-just-omnichannel/
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0077
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0078
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0079
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0079
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0079
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0079
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0079
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0080
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0080
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0080
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0080
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0080
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0081
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0081
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0081
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0081
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0081
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0082
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0082
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0082
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0082
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0083
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0083
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0083
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0083
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0083
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0083
https://www.strategyand.pwc.com/reports/2017-global-omnichannel-retail-index
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0085
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0085
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0085
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0085
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0086
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0086
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0086
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0086
https://www.smartpls.com
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0087
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0087
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0087
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0087
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0088
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0088
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0089
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0089
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0089
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0089
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0090
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0090
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0091
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0091
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0091
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0091
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0091
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0091
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0092
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0092
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0092
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0092
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0093
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0093
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0094
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0094
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0094
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0094
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0095
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0095
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0095
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0095
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0095
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0097
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0097
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0097
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0097
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0097
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0098
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0098
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0098
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0098
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0098
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0099
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0099
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0099
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0099
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0100
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0100
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0100
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0100
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0101
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0101
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0101
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0101
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0101


S.M. Rahman, J. Carlson, S.P. Gudergan et al. Journal of Retailing xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: RETAIL [m5+; April 3, 2022;7:56 ] 

W

W

Z

Z

olfinbarger, M. and Gilly M.C. (2003), “eTailQ: Dimensionalizing, mea- 
suring and predicting etail quality,” Journal of Retailing , 79 (3), 183–98 . 

ulf, K.D. , Odekerken-Schröder G. and Iacobucci D. (2001), “Investments in 
consumer relationships: A cross-country and cross-industry exploration,”
Journal of Marketing , 65 (4), 33–50 . 
23 
eithaml, V.A. (1988), “Consumer perceptions of price, quality, and value: 
A means-end model and synthesis of evidence,” Journal of Marketing , 
52 (3), 2–22 . 

eithaml, V.A. , Berry L.L. and Parasuraman A. (1996), “The behavioral con- 
sequences of service quality,” The Journal of Marketing , 60 (2), 31–46 . 

http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0102
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0102
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0102
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0102
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0103
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0103
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0103
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0103
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0103
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0104
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0104
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0105
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0105
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0105
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0105
http://refhub.elsevier.com/S0022-4359(22)00023-9/sbref0105

	Perceived Omnichannel Customer Experience (OCX): Concept, measurement, and impact
	Literature review
	Measurement model development and validation
	Phase 1: conceptualization of the measurement model
	Theoretical foundation of OCX
	Conceptualization of OCX dimensionality

	Phase 2: development of measurement items
	Item generation
	Qualitative content and face validation
	Quantitative content and face validation
	Phase 3: measurement model refinement (Study 2)
	Exploratory factor analysis
	Confirmatory factor analysis
	Empirical assessment of the formative measurement model using CTA-PLS
	Common method bias tests
	Nomological validity assessment of the newly developed OCX model
	Predictive ability assessment of the newly developed OCX model

	Phase 4: measurement model validation and finalization (Study 3)
	Measurement model validity assessments
	Nomological validity assessments
	Robustness check using FIMIX-PLS and PLS-MGA
	Phase 5: OCX measurement model revalidation with another data set (Study 4)
	Revalidation of OCX measurement model
	Revalidation of OCX’s nomological network

	Phase 6: comparison of OCX model against potential alternative (Study 5)
	Discriminant validity of OCX versus SERVQUAL dimensions
	Relative predictive ability of OCX versus SERVQUAL dimensions

	Phase 7: validation of a condensed OCX model
	Phase 8: predictive validity tests using an experiment (Study 6)

	General discussion
	Theoretical contributions
	Implications for practitioners
	Directions for further research

	Executive Summary
	Supplementary materials
	References


