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A B S T R A C T   

This research offers a novel approach that extends the application of importance-performance map analysis 
(IPMA) in partial least squares structural equation modeling (PLS-SEM) by incorporating findings from a 
necessary condition analysis (NCA). The IPMA comprises assessing latent variables and their indicators’ 
importance and performance, while an NCA introduces an additional dimension by identifying factors that are 
crucial for achieving the desired outcomes. An NCA employs necessity logic to identify the must-have factors 
required for an outcome, while PLS-SEM follows an additive sufficiency logic to identify the should-have factors 
that contribute to high performance levels. Integrating these two logics into the performance dimension is 
particularly valuable for prioritizing actions that could improve the target outcomes, such as customer satis
faction and employee commitment. Although the combined use of PLS-SEM and NCA is a recent suggestion, this 
study is the first to combine them with an IPMA (i.e., in a combined IPMA; cIPMA). A case study illustrates the 
combined use of PLS-SEM and an NCA to undertake a cIPMA. This innovative approach enhances researchers’ 
and practitioners’ decision making, enabling them to prioritize their efforts effectively.   

1. Introduction 

Comparing attributes’ performance and importance in order to 
produce a given outcome has a long tradition in the management 
discipline (Martilla and James, 1977). Researchers routinely visualize 
this interplay in a two-dimensional plot, in which the attributes are 
normally grouped into four quadrants that combine low and high 
importance and performance values. This plot is usually referred to as an 
importance-performance grid (Martilla and James, 1977), 
importance-performance matrix (Slack, 1994), a quality map (Kris
tensen et al., 2000), or, more broadly, an importance-performance map 
analysis (IPMA, Ringle and Sarstedt, 2016). The IPMA has become a 
standard tool for understanding where managerial improvement efforts 
should be focused (e.g., Sever, 2015; Skok et al., 2001). Nevertheless, 
authors from different disciplines and methodological backgrounds have 
encountered challenges when using the toolset, which – among others – 
relate to understanding importance and performance, as well as the 

threshold levels’ definition (see, for instance, Oh, 2001). 
The IPMA has also been used in the context of partial least squares 

structural equation modeling (PLS-SEM), a multivariate method for 
estimating complex interrelationships between constructs and their in
dicators (Hair et al., 2022, Chapter 1; Lohmöller, 1989, Chapter 2; Wold, 
1982). In the past decades, the use of PLS-SEM evolved in marketing 
research (Guenther et al., 2023; Hair et al., 2012; Sarstedt et al., 2022), 
including retailing and consumer services (e.g., Cai et al., 2023; Hue
te-Alcocer and Hernandez-Rojas, 2022; Rodríguez et al., 2020). 
PLS-SEM facilitates an IPMA, due to the way the method estimates 
model parameters. Specifically, PLS-SEM calculates indicator variables’ 
composites to represent the constructs in a statistical model. Researchers 
have used these composite scores as representations of the constructs’ 
performance and compared them with the total effects that the con
structs exert on a specific target (e.g., Kristensen et al., 2000; Ringle and 
Sarstedt, 2016; Streukens et al., 2017). The underlying IPMA draws on 
the average performance and importance scores and subsequently 
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visualizes them in an importance-performance map. 
Numerous studies have used the IPMA in a PLS-SEM context. For 

example, in the context of retailing and consumer services, Zhang et al. 
(2023) draw on the IPMA to investigate environmental stimuli’s 
importance and performance for consumers’ in-store purchase in
tentions via two consumer attitude constructs. In a technology accep
tance model (TAM), whose use also features prominently in retailing and 
consumer services (e.g., Ng et al., 2022; Perez-Aranda et al., 2023; 
Shahidi et al., 2022), the IPMA can be used to compare the total effect of 
a technology’s ease of use in terms of its intended usage (its importance 
for the target construct) with its potential users’ average perceived ease 
of use (its performance). An IPMA’s results therefore allow the identi
fication of a target construct’s highly important antecedents, that, 
however, exhibit relatively low performance. This information is 
crucial, since it indicates how action should be prioritized to improve 
these antecedent constructs, which will increase the target construct 
substantially. For instance, ease of use’s high importance, combined 
with a technology’s poor ease of use rating (i.e., a poor performance), 
indicates a specific need to improve this technology’s ease of use to 
ultimately increase its usage. 

Inherently, the IPMA’s implementation follows an additive suffi
ciency logic according to which multiple antecedents could contribute to 
an outcome. Antecedent constructs that improve an outcome, namely 
those that show a low performance, but have a strong and significant 
total effect on an outcome, are prioritized, while those showing weak 
effects are not prioritized. However, it may well be that a certain ante
cedent construct with a relatively low importance (i.e., a weak effect 
regarding increasing the desired outcome) might still require particular 
attention when its absence prevents the outcome. For instance, an IPMA 
in the context of the TAM might ascertain that a technology’s compat
ibility has relatively low importance for its use. Yet, if the compatibility 
doesn’t meet a specific threshold, users would be unwilling to use the 
technology. Considering such interrelationships requires adopting a 
necessity perspective, which implies that an outcome – or a certain level 
of an outcome – could only be achieved if the necessary cause is in place 
or at a certain level. 

To incorporate such a necessity logic, researchers can draw on the 
necessary condition analysis (NCA; Dul, 2016; 2020), which has recently 
gained prominence in many business research fields (for a recent review 
of the topics analyzed with an NCA, see Dul et al., 2023), either as a 
stand-alone method or in combination with PLS-SEM and other 
regression-based methods (Richter et al., 2022). The NCA seeks to 
identify necessary conditions representing constraints, bottlenecks or 
critical factors, which need to be solved or satisfied to achieve a certain 
outcome. Identifying such necessary conditions is highly relevant for 
management practice, since an outcome can only be achieved if the 
necessary condition is in place or is at a certain level (Dul et al., 2021; 
Hauff et al., 2021; Richter and Hauff, 2022). Importantly, antecedent 
constructs showing weak and nonsignificant PLS-SEM effects might be 
necessary conditions; that is, without these antecedents a certain 
outcome cannot be achieved. Failure to consider these antecedent con
structs could therefore lead to incomplete recommendations. For 
example, in the context of retailing and consumer services, Pappas 
(2023) highlights the impact of recession and quality risks as constant 
necessary conditions for holidaymakers’ purchasing intentions. Alyahya 
et al. (2023) use the NCA to reveal that moral obligation, moral 
accountability, perceived risk, perceived risk, and cost knowledge are 
necessary antecedents for consumers’ purchase of remanufactured 
products. 

The recently proposed combined use of NCA and PLS-SEM (Richter 
et al., 2020) has been acknowledged as “a unique contribution by 
comparing and combining approaches, demonstrating how NCA (which 
focuses on necessary conditions) can [sic] be used in combination with 
PLS-SEM (which focuses on sufficiency) to create a previously unrec
ognized way of assessing causality” (Bergh et al., 2022, p. 1842). In line 
with recent research work that adopted this multimethod approach (e. 

g., Bolívar et al., 2022; Richter et al., 2021; Sukhov et al., 2022; Tiwari 
et al., 2023), we argue that identifying necessary conditions could also 
enrich an IPMA by providing information about the antecedent con
structs’ necessity. This information provides researchers and practi
tioners with a more complete picture of the important and necessary 
antecedents, while also helping to complement an IPMA’s results. By 
following the path model results of a technology’s perceived usefulness, 
researchers assessing consumer acceptance of novel technologies might, 
for instance, find that these are of little importance, although they are a 
necessary condition for the technology’s usage. In other words, the 
technology will not be used unless it is perceived as useful. While an 
antecedent construct with little importance according to its PLS-SEM 
results might receive little attention from a classic IPMA, it might 
represent a necessary condition, which would once again make it the 
focus of decision making when PLS-SEM is combined with an NCA. 

Against this background, we first contribute to the field by discussing 
how importance and performance are understood in the context of PLS- 
SEM and an NCA, as well as how the two approaches complement one 
another in importance-performance analyses. Building on prior research 
in each field (e.g., Dul, 2016, 2020; Ringle and Sarstedt, 2016), we 
discuss the concepts of importance and performance in a PLS-SEM 
context – as implemented in an IPMA – and an NCA context. In addi
tion, we present guidelines for a combined IPMA that builds on PLS-SEM 
and NCA results. By doing so, we extend the guidelines proposed in 
Richter et al. (2020), who did not address the IPMA (see also Richter 
et al., 2023b). Finally, we illustrate a combined IPMA by using an 
extended TAM and offering researchers implementing the approach a 
toolset, before concluding our research and outlining future research. 

2. Importance and performance in PLS-SEM 

PLS (Lohmöller, 1989, Chapter 2; Wold, 1982) is a composite-based 
approach to SEM in that it represents constructs as weighted sums of 
indicators (Hair et al., 2017; Sarstedt et al., 2016). Building on this 
characteristic, researchers have used composite scores produced by 
PLS-SEM to develop indices such as the Swedish Customer Satisfaction 
Barometer (Fornell, 1992) and the American Customer Satisfaction 
Index (Fornell et al., 1996). In the computation of these indices, the 
composite scores are conceived as performance values, reflecting the 
respondents’ satisfaction with certain features or with the overall 
construct. For example, if all respondents show a maximum level of 
overall satisfaction, this translates into a 100 percent performance of 
this construct. Starting with Anderson and Mittal (2000) and Kristensen 
et al. (2000), follow-up research has contrasted these scores with mea
surement or structural model weights representing the importance of 
individual indicators or constructs for improving a certain target, such 
as firm profit. Jointly, these two dimensions define an 
importance-performance map’s axes, which represent the average 
importance and performance scores with regard to a certain target 
construct. 

With models’ increasing complexity, which often span multiple 
layers of constructs, researchers usually draw on structural model total 
effects – that is, the sum of an antecedent construct’s direct and all of its 
indirect effects on an outcome – to represent an IPMA’s importance 
dimension (Hair et al., 2024, Chapter 4; Ringle and Sarstedt, 2016). That 
is, rather than restricting the analysis to a target’s direct antecedents, the 
IPMA also considers indirectly related constructs (i.e., those that impact 
the outcome via one or more mediating constructs). 

In the importance-performance map, the antecedent constructs’ 
importance values are plotted on the x-axis and their performance 
values on the y-axis. Using this illustration, researchers could, for 
example, identify antecedent constructs that are relatively important 
regarding explaining the key target constructs of interest (i.e., those with 
a strong total effect) with a relatively low performance (i.e., low average 
latent variable scores). Such constructs would, specifically, be highly 
prioritized in order to achieve improvement, because they are especially 
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important for the target construct, although they simultaneously 
perform relatively poorly. 

To better illustrate the IPMA concept, consider the hypothetical path 
model in Fig. 1 (Panel A) with the four constructs Y1 to Y4. In this path 
model, Y4 is the target construct. Based on the path coefficients, the 
antecedent constructs Y1, Y2, and Y3 have direct effects on Y4. In addi
tion, Y1 and Y2 have indirect effects on Y4 via Y3, which are due to the 
corresponding direct effects’ product (for further details, see Hair et al., 
2024, Chapter 4). In this example, the indirect effects of Y1 on Y4 are 
computed as follows:  

Y1→Y2→Y4 = 0.50 • 0.50 = 0.25                                                              

Y1→Y2→Y3→Y4 = 0.50 • 0.25 • 0.25 = 0.03125                                         

Y1→Y3→Y4 = 0.25 • 0.25 = 0.0625                                                         

Hence, the total indirect effect of Y1 on Y4 is 0.25 + 0.03125 +
0.0625 = 0.34. Adding the direct effect of Y1 on Y4 (i.e., 0.50), as well as 
the antecedent constructs’ total indirect effect (i.e., 0.34), we not only 
obtain the total effect of 0.5 + 0.34 = 0.84, but also the importance of Y1 
for the key target construct Y4. 

In contrast, the construct scores’ average values represent their 
performance. Here, researchers could use the standardized construct 
scores or the unstandardized construct scores. The standardized construct 
scores are estimated on the basis of z-transformed standardized indicator 
data. The resulting standardized construct scores always have a mean 
value of zero and a standard deviation of 1. Since reporting mean values 
of zero for all the constructs is less useful for the IPMA, the procedure 
refers to the unstandardized construct scores. 

The unstandardized construct scores depend on the indicators’ scales 

(e.g., 1 to 5 or 1 to 7). If all the indicators are measured on the same scale 
(e.g., all on a scale from 1 to 5), their interpretation on the construct 
level is straightforward. However, their interpretation becomes ambig
uous if different scales are involved (e.g., Ringle and Sarstedt, 2016; Hair 
et al., 2024, Chapter 4). For a better comparison of the performance 
levels, the unstandardized indicator data can be rescaled so that they all 
range between 0 and 100, with 0 representing the lowest and 100 the 
highest performance. The rescaling of an observation j with respect to 
indicator i proceeds via 

xrescaled
ij =

E
[
xij
]
| − min[xi]

max[xi] − min[xi]
.100 

where xi is the i-th indicator in the PLS path model, E[.] represents 
indicator i’s actual score of respondent j, and the min[.] and the max[.] 
represent the indicator’s minimum and maximum values (Ringle and 
Sarstedt, 2016; Hair et al., 2024, Chapter 4). The indicator’s minimum 
and maximum can refer to the theoretical minimum and maximum 
values (e.g., 1 and 7 when using a seven-point scale) or the empirical 
minimum and maximum values resulting from the sample data (e.g., 2 
and 7, because no respondent evaluated the indicators below 2). It is 
easy to determine the theoretical minimum and maximum of an interval 
scale (e.g., 1 and 7 when using a seven-point scale). The use of other 
scales might not have a theoretical minimum or maximum, and the 
researcher could be advised or even forced to use the data at hand’s 
empirical minimum or maximum. 

The rescaled latent variable scores are a linear combination of the 
rescaled indicator data and the rescaled outer weights. To obtain the 
rescaled weights, we must first compute the unstandardized weights by 
dividing the standardized weights by the standard deviation of its 
respective indicator. These weights are normalized per measurement 
model so that the sum of these final rescaled outer weights equals one. 
These rescaled outer weights allow us to determine the unstandardized 
rescaled construct scores that range between 0 and 100 (i.e., by the 
linear combination of the indicator data on a scale from 0 to 100 and the 
rescaled outer weights per construct). The average of these values rep
resents the construct’s performance score referred to in the IPMA in PLS- 
SEM (see values in brackets in the constructs in Fig. 1, Panel A). 

Fig. 1 (Panel B) shows how the IPMA combines these two aspects 
graphically for the target construct Y4. Two grey dashed lines divide the 
importance-performance map into four quadrants. The vertical line 
represents the mean importance and the horizontal line corresponds to 
the constructs’ mean performance, computed as follows (Fig. 1, Panel 
A): 

mean importance=
(0.84 + 0.56 + 0.25)

3
= 0.55, and  

mean performance=
(53.7 + 85.6 + 61.8)

3
= 67.03.

Researchers using the IPMA could use these average scores and plot 
them on an importance-performance map into four separate quadrants. 
However, researchers might rely on a different logic when dividing the 
four quadrants, such as previous knowledge or expert assessment. The 
combination of high/low importance and high/low performance in
duces specific recommendations, which antecedent constructs target 
through managerial activities (Ringle and Sarstedt, 2016). 

3. Importance and performance in NCA 

Unlike the classic IPMA, the NCA builds on a necessity logic to assess 
the antecedent constructs’ importance and performance for an outcome. 
A necessity logic implies that an outcome can only be achieved if a 
specific condition is present (Dul, 2016, 2020, Chapter 2). A necessary 
condition therefore represents a constraint or a bottleneck that must be 
overcome to allow the outcome to exist. In order to detect necessary 
conditions in data sets, NCA uses ceiling line techniques to separate 

Fig. 1. Importance-performance map analysis example; adopted from Hair 
et al. (2024, Chapter 4). 
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areas in scatter plots without observations from those with observations. 
By dividing the ‘empty’ space (also called the ceiling zone) by the entire 
area that includes observations (also called the scope), NCA calculates 
the necessity effect size d, which could be 0 if there is no empty space, 
and 1 if the maximum possible space is empty. 

Consider, for example, a trichotomous case where the condition X 
and the outcome Y each have three levels, namely low, medium, and high 
(Fig. 2).1 The effect size is calculated as d = C/S, with C being the ceiling 
zone and S the scope. The size of C is calculated by counting the number 
of ‘empty’ cells. S could be calculated as follows: S = (q × r) − q − r + 1; 
where q is the number of X levels, and r is the number of Y levels. In our 
example, S = (3 × 3) − 3 − 3 + 1 = 4. In Scenario A in Fig. 2, the effect 
size is d = 1/4 = 0.25; in Scenario B in Fig. 2, the effect size is d = 3/4 =
0.75 (for details on calculating the effect sizes see Dul, 2020, Chapter 4). 
The effect size therefore depends on how many of the total cells are 
empty. If only one cell is empty, the effect size is 0.25 (Fig. 2, Scenario 
A). If three cells are empty, the effect size is 0.75 (Fig. 2, Scenario B). 

The effect size therefore specifies the extent to which Y is constrained 
by X. As an arbitrary benchmark, 0 ≤ d < 0.1 could be considered a 
‘small effect,’ 0.1 ≤ d < 0.3 a ‘medium effect,’ 0.3 ≤ d < 0.5 a ‘large 
effect,’ and d ≥ 0.5 a ‘very large effect’ (Dul, 2016). However, in order to 
conclude that a necessary condition hypothesis could be accepted, 
d should at least have a medium effect size (e.g., d ≥ 0.1) and a statistical 
significance (e.g., with a p value lower than 0.05). Moreover, a necessary 
condition should always be theoretically supported (Dul, 2021a, Chap
ter 2; Dul et al., 2023). 

In order to decide whether an identified effect size is satisfactory, 
researchers should always include contextual knowledge (Dul, 2020, 
Chapter 4). In fact, evaluating importance for an NCA could be 
perceived as less straightforward than for a PLS-SEM application. For 
example, to conclude that an effect size of 0.75 is more important than 
one of 0.25 might be misleading if a high Y level is always desired or 
needed from a practical perspective. In our trichotomous example, both 
effect sizes could be considered equally important, since both indicate 
that a specific X level is needed to achieve a high Y (i.e., a medium level 
of X in Scenario A and a high level of X in Scenario B). Conversely, an at 
least medium level and statistically significant effect size might not be 
important at all if it does not constrain the outcome’s desired level. For 
example, in Scenario A, the outcome of Y is not constrained by X if one 
only endeavors to achieve a medium Y level. In this case, the effect size 
of 0.25 is therefore of no practical importance. In contrast, in Scenario B, 
X represents a necessary condition to achieve a medium Y outcome level. 

In the NCA context, performance should be understood in terms of 
how much of a specific condition’s required level has already been 
achieved. This can be analyzed from a case or sample perspective. From 
a case-level perspective, we could determine whether one case performs 
better than another case in terms of achieving the necessary level. For 
example, in Fig. 2, Scenario B, a case with a level of X = low performs 
worse than a case with a level of X = medium (although this is still not 
enough to achieve a high Y level). This case perspective could, for 
example, be particularly interesting if an organization wants to know 
how it compares to other organizations. From a sample perspective, we 
could analyze how many cases in a sample still need to achieve the 
condition’s required level. This sample perspective could, for example, 
be applied if an organization wants to obtain insights into its customers 
or employees. PLS-SEM analyses and the interpretation of a combined 
importance performance map analysis’s (cIPMA’s) findings focus on 
samples (or subsamples, such as specific groups of customers in a 

dataset), which makes the latter perspective particularly relevant when 
combining PLS-SEM-based IPMA results with NCA insights. 

In the case of multiple necessary conditions, a comparison of the 
different performance levels should help identify the conditions that 
require particular attention. For example, if almost all the cases have 
already achieved the required level, this condition might not be as 
imperative as one where many cases have not done so (Dul, 2021a, 
Chapter 4). Consequently, comparing different necessary conditions’ 
performance could help prioritize actions. 

In sum, in order to assess the importance of different necessary 
conditions in the context of a cIPMA, we suggest that researchers should 
first evaluate whether a necessary condition is theoretically supported 
and whether it at least has a medium effect size and is statistically sig
nificant. Nevertheless, we do not recommend merely focusing on the 
effect size’s magnitude in order to understand its practical importance in 
a specific research project’s context. Instead, we propose defining a 
desired outcome (or target construct) level and assessing whether this 
level could only be achieved with a specific level of the condition. This 
could be done by using the information inherent in the ceiling line, 
which could also be illustrated in tabular form in a bottleneck table. The 
first column of such a table shows the outcome’s different levels, while 
the next one displays the condition’s corresponding critical levels; that 
is, the levels that need to be satisfied to achieve the outcome (as we will 
illustrate in the following sections). Consequently, the ultimate assess
ment of a cIPMA’s importance depends on the outcome or target con
struct’s desired level (i.e., the Y level), which the researcher specifies. In 
order to analyze performance, we suggest that cIPMA refers to the 
number of cases below the necessary levels, which will prioritize the 
necessary conditions’ identification. 

4. Guidelines for a combined importance-performance map 
analysis 

Richter et al. (2020) provided guidelines to combine PLS-SEM with 
NCA, which we will extend to accommodate the cIPMA (see also Richter 
et al., 2023b). Fig. 3 shows our extended guidelines, whose additional 
steps (printed in bold) we will discuss in detail. These additional steps 
relate to the further requirements checks in Step 4, to running the cIPMA 
and transferring the latent variable scores in Step 5, to the specific set
tings to run the NCA in Step 6, and to an enriched interpretation of the 
findings in Step 8. Please note that we also update some of the steps 
outlined in Richter et al. (2020) (marked with * in Fig. 3). 

4.1. Measurement scales of indicators (step 2) 

The IPMA usually relies on the unstandardized latent variable scores, 
which are being rescaled on a scale from 0 to 100 to aid the interpre
tation of the constructs’ performances. Using the rescaled latent variable 
scores in the NCA will provide the same necessity effect sizes as when 
applying the method to the (standardized or unstandardized) latent 
variable scores from a PLS-SEM analysis, as long as the indicators used to 
measure a construct are measured on the same scale.2 For this reason, 
we recommend applying the cIPMA to models where each construct 
relies on indicators that are measured on the same (theoretical) scale. 
That is, while one constructs’ indicators may draw on a 7-point Likert 
scale only, another construct’s indicators may rely on a 5-point rating 
scale only. Researchers must not use differently scaled indicators in the 
measurement model of a single construct when running the cIPMA. 

1 We refer to a trichotomous illustration here to facilitate interpretation; 
however, the NCA is not limited to specific measurement levels. For more in
formation, see Dul (2020, Chapter 3). Also note that the symbols used in the 
NCA context have a different meaning than in the PLS-SEM context. While the 
latter usually uses Y to denote latent constructs and X to denote indicators, the 
former uses Y for outcomes and X for conditions. 

2 Note that the bottleneck levels differ due to the different scales involved. 
Also note that this statement refers to the standardized, unstandardized or 
rescaled scores calculated in the IPMA context on the basis of a linear trans
formation. Other forms of transformation, particularly non-linear trans
formations, should be carefully considered, since they could affect the NCA’s 
results. 
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4.2. Additional requirements check when evaluating measurement models 
(step 4) 

In the context of PLS-SEM, IPMA requires the outer weights estimates 
to be positive, regardless of whether the measurement model is forma
tively or reflectively specified. If the outer weights are negative, the 
(rescaled) latent variable scores will not fall within the 0–100 range (but 
would, e.g., be between − 5 and 95) (Ringle and Sarstedt, 2016). If an 
indicator’s outer weight is unexpectedly negative and significant, re
searchers are advised to examine the indicator and its scale. The scale or 
question should not have a different direction (e.g., reverse-scale items) 
compared to the measurement model’s other indicators. If the negative 
outer weights are nonsignificant, researchers should consider removing 
them. Finally, negative outer weights could be a result of high indicator 
collinearity, which the variance inflation factor values of 5 and higher 
indicate (Hair et al., 2019). In this case, researchers should again 
consider removing the indicators. However, they should note that 
removing indicators from measurement models means taking more 
considerations into account, which Hair et al. (2022, Chapter 5) explain 
in more detail. 

4.3. Run the IPMA and transfer the latent variable scores (step 5) 

Researchers should rely on the theoretical minimum and maximum 
scores of the indicator scales when running the IPMA; for instance, 1 and 
5 on a scale that ranges from 1 to 5. This way, the latent variable scores 
can be interpreted in the form of percentage values from 0 to 100. If a 
respondent, for instance, answered a 3 on a scale that ranges from 1 to 5, 
the rescaling indicates a mediocre performance of the trait that the in
dicator expressed. After running the IPMA, the rescaled latent variable 
scores need to be exported into a new data file that serves as input for the 
NCA. If the aim is to later extend the IPMA to the indicator level, we 
recommend that researchers also export the rescaled indicator data. 

4.4. Run the NCA (step 6) 

In step 6, researchers should run the NCA in order to identify po
tential necessary conditions. The NCA can be conducted with a free R 
package (Dul, 2022). Alternatively, the SmartPLS 4 software (Ringle 
et al., 2022) also supports the NCA (see also Cheah et al., 2023; Richter 
et al., 2023b; Hair et al., 2024, Chapter 4; for basic guidelines on how to 
conduct and report NCA results, see also Dul et al., 2023). The NCA 
draws on the endogenous construct’s (constructs’) and their direct 
antecedent constructs’ latent variable scores, as well as on the potential 

indicator scores if there are formative measurement models (as 
explained by Richter et al., 2020; Richter et al., 2023b; Hair et al., 2024, 
Chapter 4). The NCA could refer to the input data’s empirical or theo
retical scope. In the NCA context, the general recommendation is to use 
the empirical scope, as it produces a more conservative estimation of the 
effect size (Dul, 2020, Chapter 4) – we concur with this recommenda
tion. That is, we use the rescaled latent variable scores from the IPMA in 
PLS-SEM as input data and refer to their empirical scope (which may not 
necessarily be from 0 to 100). 

Creating bottleneck tables helps researchers assess their necessary 
conditions’ importance and performance. A bottleneck table is a tabular 
representation of the ceiling line. The first column of this table displays 
different levels of the outcome, while the next column or columns 
display the condition or conditions’ corresponding levels. The levels of 
the outcome and the levels of the condition(s) can be displayed in 
different ways (Dul, 2021a, Chapter 4.3). The NCA package in R pro
duces (as a default) bottleneck tables in which, for example, both the 
outcome and the condition(s) are displayed as percentage ranges, with a 
level of 0% corresponding to the lowest observed values and a level of 
100% to the highest observed values (that is, it refers to the values’ 
empirical range). An alternative is to display the outcome and the 
condition(s) in terms of their actual values. Actual values are those used 
as input for the analysis; that is, if researchers use rescaled latent vari
able scores, these are the actual values. Note that the use of percentage 
ranges and actual values will provide the same results when researchers 
use rescaled latent variable scores with an actual minimum of 0 and a 
maximum of 100. 

By referring to these bottleneck levels, researchers can select a spe
cific outcome level and determine which level of a condition is necessary 
for its achievement. The bottleneck table can also be used to determine 
the antecedent constructs’ performance from a necessity logic perspec
tive. Therefore, the bottleneck table needs to be displayed as percentiles 
of the antecedent constructs, which provide the percentage and number 
of cases that do not reach the required level for a corresponding outcome 
level. 

The NCA usually produces bottleneck tables with ten equidistant 
steps when, for instance, using percentage ranges from 0 to 100 (0, 10, 
20 etc.). In order to offer a combined interpretation of the findings, we 
recommend specifying a performance level of interest for the dependent 
or target constructs in respect of which the antecedent constructs’ levels 
will be evaluated in more detail. Researchers could determine the target 
construct’s or constructs’ desired performance level by building on 
expert knowledge, typical standards in the research context, or on 
ambitious aims forming the project’s background. For instance, in job 

Fig. 2. Trichotomous necessary conditions.  
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Fig. 3. An extended step-by-step guide in the context of a combined IPMA (cIPMA). 
Note: *indicates that steps are updated compared to Richter et al. (2020). 
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satisfaction studies, this could be employees’ job satisfaction score of 70 
(on a scale from 0 to 100) (as in Hauff et al., 2015), while in a marketing 
project on customer satisfaction this could be a benchmark level of 75 or 
more, depending on the industry (on a scale from 0 to 100) (American 
Customer Satisfaction Index, 2022; Rigdon et al., 2010). Depending on 
these levels, researchers might need to change the presentation of the 
steps in their bottleneck tables to show the target constructs’ selected 
performance level (e.g., increasing the number of steps from 10 to 20 
will provide information on the 0, 5, 10, 15 etc. levels). 

4.5. Interpret the findings (step 8) 

The findings’ interpretation leverages both the PLS-SEM results 
regarding the constructs’ importance and performance values, and the 
NCA results regarding the corresponding necessity conditions. In order 
to facilitate the interpretation, researchers should produce a figure that 
clarifies the antecedent constructs’ importance and average perfor
mance – in a standard PLS-SEM-based IPMA – as well as providing in
formation on whether these antecedent constructs are necessary 
conditions for the selected outcome level and, if so, how they perform. 
Fig. 4 shows an example of such a graphical illustration.3 The chart 
presents the PLS-SEM-based IPMA results; that is, the antecedent con
structs’ total effects on the target construct (importance) on the x-axis 
and their average rescaled scores (performance) on the y-axis. In addi
tion, the chart distinguishes between necessary and not necessary con
structs; that is, constructs that show at least a medium effect size and 
have statistical significance and those that do not. Constructs that are 
not necessary for achieving the target construct’s desired level are dis
played as black circles, while necessary constructs are displayed as white 
circles. In respect of the example shown in Fig. 4, we assume a desired 
level of the target construct of Y = 80. Next, building on the target 
construct’s desired level, the chart uses the bottleneck table information 
to identify the percentage of cases remaining below the antecedent 
constructs’ required levels (provided in the percentile display). The size 
of the bubbles of each of the antecedent constructs that are necessary 
conditions reflects this information. The larger the bubbles, the larger 
the percentage of cases that have not achieved the necessary condition’s 
required level. Large bubbles therefore indicate that, from a necessity 
perspective, researchers should focus their attention on this aspect. 
Examining the results in Fig. 4, we find that Y1 is not a necessary con
dition for improving the target construct, while Y2 and Y3 are. It also 

becomes obvious that many cases have not achieved the required Y3 
level. This makes Y3 highly relevant, since investments in other con
structs will not increase the outcome in these cases unless the Y3 
bottleneck is solved. Improving Y3’s performance is therefore very 
important in this situation in order to enable the target construct Y4’s 
desired performance. 

By integrating information from the NCA, specifically from the 
bottleneck tables, the cIPMA enables an enriched interpretation of the 
findings, which we characterize in Fig. 5. For example, constructs 
mapped in the upper right corner – despite their high importance – are 
often outside the researcher’s focus, as they have already achieved a 
high performance level. However, if the NCA results suggest that these 
constructs have not achieved a sufficient necessity level, their 
improvement should still be prioritized. Similarly, constructs positioned 
in the lower left quadrant (i.e., those that have a low importance and 
performance) should not be written off as irrelevant per se. If these 
constructs do not achieve a desired necessity level, actions for 
improvement should be taken. The interpretation of the other cases in 
these quadrants (e.g., constructs achieving a satisfactory necessity level) 
and in the other two quadrants is analogous. 

5. Illustrative example of a combined importance-performance 
map analysis 

While various models are suitable to serve as an example (e.g., Le 
et al., 2024; Siyal et al., 2024), we illustrate the application of a cIPMA 
by drawing on an extended TAM version (Davis, 1989), which has 
served as a blueprint for researching consumer behavior in various 
marketing and consumer behavior contexts. Richter et al. (2020) 
introduced the conceptual model and the relevant theoretical arguments 
and hypotheses in their demonstration of PLS-SEM’s and NCA’s com
bined use. The data and PLS-SEM analysis are also well documented. 
Consequently, we do not present all the steps in detail, but concentrate 
on aspects that are relevant for the cIPMA. 

5.1. The conceptual model, data, and PLS-SEM analyses (steps 1 to 3) 

The TAM under consideration comprises two endogenous constructs: 
the behavioral intention to adopt a technology, which leads to the actual 
technology use (e.g., Ajzen, 1991; Davis et al., 1989; Sheppard et al., 
1988; Turner et al., 2010). It has four key exogenous constructs that 
precede behavioral intention and technology use: compatibility, which 
reports the innovation’s fit with the customer’s lifestyle and values, the 
perceived usefulness and perceived ease of use, and the emotional value, 
which measures whether customers enjoy or have positive feelings when 
using a product (Sheth et al., 1991). Fig. 6 indicates the conceptual 

Fig. 4. Combined IPMA (cIPMA). 
Note: Extension of the example given in Fig. 1, Panel B. For the desired level of 
the outcome: ● = construct is not necessary; ◯ = construct is necessary. The 
bubble sizes represent the percentage of cases that have not achieved the 
required desired level outcome. 

Fig. 5. Managerial recommendations based on the combined IPMA (cIPMA).  

3 Under https://www.pls-sem.net/downloads, we provide a Microsoft Excel 
template for downloading in order to produce this kind of indication. 
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model. 
We used a sample of e-book reader adopters in France (N = 174) and 

collected responses via an online survey. We implemented a single item 
and a 7-point Likert scale to measure the target construct technology use; 
the remaining constructs used reflective measurement models with 
items measured on 5-point Likert scales (for more information on the 
sample and descriptive statistics, see Table A1 in the Appendix and 
Richter et al., 2020). That is, the indicators used to measure a specific 
construct are all measured on the same scale. The dataset is freely 
accessible via Richter, Hauff, Kolev, and Schubring (2023a). We used the 
data to estimate the extended TAM by means of the SmartPLS 4 software 
(Ringle et al., 2022) – for details on the model estimation, see Richter 
et al. (2023b). 

5.2. Evaluate the reliability and validity of the measurement models (step 
4) 

The measurement and structural models demonstrated appropriate 
statistical quality when evaluated by means of the standard assessment 
criteria (see Table A2 in the Appendix and Richter et al., 2020). To 
finalize Step 4, we need to conduct an additional IPMA requirements 
check. We do so by evaluating whether the outer weights in our model 
are positive, which they are (Table A2 in the Appendix). We therefore 
continue with the analyses without making further changes. 

5.3. Run the IPMA and transfer the latent variable scores (step 5) 

We run the IPMA in PLS-SEM, using the SmartPLS 4 software (Ringle 
et al., 2022). Since all the respondents made use of the entire scale range 
at the indicator level, the empirical and theoretical scales at the indi
cator level are identical. Hence, we do not need to adjust the scale’s 
theoretical minimum and maximum values in the IPMA. Following our 
guideline, we specified the analysis such that it produces rescaled latent 
variable scores on a scale from 0 to 100. After running the IPMA, we 
create a new data file with the rescaled scores for our NCA. 

5.4. Run the NCA (step 6) 

We use the rescaled latent variable scores to run the NCA on the 
construct scores generated in PLS-SEM. In the NCA, we use the empirical 
scope (to run the NCA in R, see Dul (2021b); please note that the NCA 
itself is a bivariate analysis not influenced by the other analyzed re
lationships). We create bottleneck tables to identify the antecedent 
constructs’ necessary levels that need to be satisfied. Since we want to 
evaluate our findings based on an outcome level of technology use of 85 
(see Steps 7 and 8), we increase the number of steps to 20 in order to 
produce bottleneck tables that display this outcome level. We create two 
bottleneck tables (based on the CE-FDH ceiling line technique), one with 

actual values, which provides the antecedent constructs’ necessary 
levels that the different levels of technology use need to achieve, and one 
with percentiles for the conditions, which informs us about the number 
and percentage of cases that have not achieved the required antecedent 
construct levels for the corresponding levels of technology use (see next 
step).4 

5.5. Evaluate the structural model (step 7) 

In this step, we first evaluate the findings from the PLS-SEM analysis, 
including the IPMA. Thereafter we evaluate the NCA’s findings. We 
illustrate the evaluation of the target construct technology use. 

Analyzing the standardized total effects from the PLS-SEM analysis 
(Table 1), we find that adoption intention has the strongest significant 
impact on technology use (0.437), followed by emotional value (0.362). 
The other constructs’ total effects are not significant. The constructs’ 
average importance is 0.225. The explained variance of technology use 
is R2 = 0.420. 

The IPMA results show the rescaled latent variables’ average per
formance scores (Table 2). Focusing on the direct antecedent constructs 
of technology use, we find that compatibility has the lowest average 
performance (61.557), while ease of use has the highest (75.640). This 
construct’s minimum (case-specific) performance score is 16.871, which 
suggests that no respondent evaluated all of the ease-of-use indicators at 
the lowest level. Taken jointly, the antecedent constructs have an 
average performance of 68.731. On examining the IPMA results in full, 
we learn that all constructs perform at fairly similar levels, with adop
tion intention and emotional value having the largest importance for 
technology use. 

Next, we turn to the NCA results. First, we inspect the scatter plots 
visually. We find that all the scatter plots show an empty space in the 
upper left corner, indicating potential necessary conditions (see 
Figure A1 in the Appendix). None of the scatter plots indicates single 
cases with a particular influence on the ceiling line (ceiling outliers) or 
the scope (scope outliers). 

Next, we consider the necessity effect sizes d’s significance and size 
with regard to the target construct technology use. We followed Richter 
et al. (2020) and refer to the CE-FDH ceiling line (Table 3). We note that 
the selection of the ceiling (CE-FDH versus CR-FDH) line should be 
discussed based on (a) the data scaling (discrete versus continuous data), 
(b) the pattern of observations near the ceiling line (irregular versus 
linear), and (c) the potential theoretical ideas (indicating a straight 
ceiling line, see Dul, 2020, Chapter 4). We find that all the effect sizes are 
significant at p < 0.05 and at least medium in size. 

Fig. 6. Conceptual model.  

Table 1 
Total effects from the PLS-SEM analysis.  

Construct Technology use Statistically significant 
(p < 0.05)? 

Total 
effects 

95% bootstrap 
confidence intervals 

Emotional value 0.362 [0.200; 0.521] Yes 
Ease of use 0.049 [-0.110; 0.215] No 
Perceived 

usefulness 
0.149 [-0.075; 0.357] No 

Compatibility 0.127 [-0.108; 0.365] No 
Adoption 

intention 
0.437 [0.268; 0.609] Yes  

4 In the Appendix, we offer a comparison of bottleneck tables for the stan
dardized latent variable scores based on percentage ranges, the rescaled latent 
variable scores based on percentage ranges, and the bottleneck table for 
rescaled latent variable scores based on the actual values. We also comment on 
the differences (see Table A3 in the Appendix). 
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Building on the scores presented in Table 4, we subsequently identify 
the value levels of our antecedent constructs that need to be satisfied for 
a desired level of technology use. In respect of our analysis, we assume a 
desired outcome level of technology use of 85, which is a rather con
servative (i.e., high) benchmark. The corresponding levels are 75 for 
adoption intention, 50 for emotional value, 67 for ease of use, 66 for 
perceived usefulness, and 34 for compatibility. That is, to achieve a 
technology use score of 85 (on a scale from 0 to 100), we need to achieve 
a score of 75 for adoption intention (on a scale from 0 to 100), 50 for 
emotional value (on a scale from 0 to 100), etc. 

In addition, in Table 5 we identify the percentage of cases that do not 
achieve the antecedent constructs’ required levels. For example, 39.1% 
of all cases did not achieve the necessary level of adoption intention to 
enable a score of technology use of 85 (on a scale from 0 to 100). The 
corresponding percentages for the other antecedents are 5.7% for 

emotional value, 28.7% for ease of use, 47.1% for perceived usefulness, 
and 8.6% for compatibility. In the following, this information will be 
used to extend the initial IPMA results. 

5.6. Interpret the findings (step 8) 

In the following, we combine the results from Tables 1, 2 and 5 to 
design a combined importance-performance map that depicts its 
importance in the form of PLS-SEM’s total effects, and as well as its 
average performance in the form of the average rescaled latent variable 
scores of adoption intention, emotional value, ease of use, perceived 
usefulness, and compatibility as obtained from the PLS-SEM analyses. In 
addition, the combined importance-performance map shows whether 
the antecedent constructs are necessary conditions for technology use or 
not, and, if they are necessary, how many of the cases do not achieve the 
required levels. Fig. 7 shows the combined importance-performance 
map. 

In line with our previous elaborations, we find that adoption inten
tion, which is in the map’s upper right corner, is highly important and 
already shows high performance. However, adoption intention still 
needs prioritization, as it is the necessary condition for the target 
construct, technology use. More specifically, 39% of the cases have not 
achieved adoption intention’s required level. Moreover, perceived use
fulness and ease of use, which are in the left quadrants, require priori
tization even though they are of little importance and already perform 
relatively well. Both are necessary conditions, but many cases do not 
achieve the required levels (47% for perceived usefulness, 29% for ease 
of use). Failure to prioritize these constructs, which may seem negligible 
at first glance given the PLS-SEM results, would limit other activities’ 
success regarding improving the technology use. These areas need to be 
addressed, because they are necessary conditions. Conversely, 
emotional value and compatibility are also necessary conditions, but 
only a few of these cases do not achieve the required levels (namely 6%, 
and 9%); consequently, these constructs are relatively less critical in a 
practical setting. 

6. Conclusion 

In this paper, we introduced an enriched understanding of impor
tance and performance that combines insights from PLS-SEM and NCA. 
Our paper makes several beneficial contributions for researchers and 
practitioners aiming to profit from PLS-SEM, NCA, and importance- 
performance analyses in general. 

Our overarching goal is to create awareness of a different logic for 
researchers and practitioners using PLS-SEM and IPMA; that is, the ne
cessity logic, which offers several routes to complement findings from 
PLS-SEM’s sufficiency thinking. First, it complements findings with a 
new perspective on importance. Constructs might have a low IPMA- 
based importance classification in PLS-SEM (i.e., when they show a 
relatively low association with a target construct and, therewith, less 
potential to induce an increase in the targeted outcome). However, such 
constructs might be highly important from a necessity perspective. If 
these constructs are bottlenecks, their desired level will not be achieved. 
Second, the cIPMA provides researchers with a deeper understanding of 
the relevant performance levels to be achieved, since the NCA’s 
bottleneck information offers a fine-grained perspective on how much 
such information is actually needed to advance a target outcome to the 
next level. These insights benefit research investigating success’s ante
cedents in various contexts (e.g., job satisfaction, team performance, and 
customer satisfaction to name but a few). In addition, such insights are 
of high practical value, as they allow actions to be clearly identified and 
prioritized and, moreover, provide information on how much to invest 
in certain improvements. Third, to further assess the performance ach
ieved in a sample (which is the normal approach in the PLS-SEM 
context), we propose analyzing how many cases still need to achieve 
the condition’s required level. In the case of multiple necessary 

Table 2 
Performance values of latent variables (rescaled).  

Construct Performance 
value, average 

Performance 
value, minimum 

Performance value, 
maximum 

Technology use 49.713 0.000 100.000 
Adoption 

intention 
72.041 0.000 100.000 

Emotional 
value 

70.171 0.000 100.000 

Ease of use 75.640 16.871 100.000 
Perceived 

usefulness 
64.248 0.000 100.000 

Compatibility 61.557 0.000 100.000  

Table 3 
Necessity effect sizes (CE-FDH ceiling line).  

Construct Technology use 

Effect size d p-value 

Emotional value 0.33 0.000 
Ease of use 0.24 0.016 
Perceived usefulness 0.24 0.001 
Compatibility 0.21 0.000 
Adoption intention 0.29 0.000  

Table 4 
Bottleneck table technology use, actual values (based on the rescaled PLS-SEM 
latent variable scores from 0 to 100).  

Technology 
use 

Adoption 
intention 

Emotional 
value 

Ease of 
use 

Perceived 
usefulness 

Compatibility 

Actual values (rescaled 0–100) 
0 NN NN NN NN NN 
5 NN NN 25.373 NN NN 
10 NN NN 25.373 NN NN 
15 NN NN 25.373 NN NN 
20 NN NN 25.373 NN NN 
25 NN NN 25.373 NN NN 
30 NN NN 25.373 NN NN 
35 33.833 49.650 33.469 15.702 25.518 
40 33.833 49.650 33.469 15.702 25.518 
45 33.833 49.650 33.469 15.702 25.518 
50 33.833 49.650 33.469 15.702 25.518 
55 33.833 49.650 33.469 15.702 33.696 
60 33.833 49.650 33.469 15.702 33.696 
65 33.833 49.650 33.469 15.702 33.696 
70 33.833 49.650 33.875 48.127 33.696 
75 33.833 49.650 33.875 48.127 33.696 
80 33.833 49.650 33.875 48.127 33.696 
85 75.000 49.650 66.904 66.212 33.696 
90 75.000 49.650 66.904 66.212 33.696 
95 75.000 49.650 66.904 66.212 33.696 
100 75.000 49.650 66.904 66.212 33.696  
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conditions, this information could help prioritize actions. Furthermore, 
our study also contributes to the broader research on importance and 
performance analyses, which face the challenge of having to define 
importance and performance, as well as the critical performance levels. 
We believe that the cIPMA is a step forward in this direction. 

In addition to these contributions, there are also various areas on 
which future research could focus on. First, PLS-SEM and other methods 
that generate information on should-have factors, use the strength of the 
association between the constructs to determine the effect that an in
crease in the antecedent construct has on the target construct. These 
findings are mostly generated in respect of the full sample; that is, for all 
combinations of data involving low, medium, and high construct values. 
However, when combining PLS-SEM with NCA, it could be interesting to 
understand the association between the constructs involved when a 
specific bottleneck is bypassed. For instance, if the NCA points to a 
medium level antecedent construct being critical to achieve a desired 
high outcome level, it could be interesting to understand the association 
between the antecedent and the target construct of cases that have 
already achieved the required medium level. From a sufficiency logic 

perspective, this could ultimately represent an increase in the ante
cedent construct’s further potential in the IPMA. Second, based on the 
PLS-SEM findings, the IPMA’s importance refers to all of the involved 
constructs’ total effects. In other words, they involve both the direct and 
indirect associations. These indirect or mediation effects are currently 
not explicitly considered in the proposed cIPMA. We therefore 
encourage future research to develop ideas for mediation relationships’ 
analysis in the NCA context, which could ultimately be used in a cIPMA. 
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Table 5 
Bottleneck table technology use: actual values for technology use (based on the rescaled PLS-SEM latent variable scores from 0 to 100) and the percentiles of antecedent 
constructs.  

Technology use Adoption intention Emotional value Ease of use Perceived usefulness Compatibility 

Actual values (rescaled 0–100) Percentage (and number) of cases that do not achieve the necessary levels 

0 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 
5 0 (0) 0 (0) 0.6 (1) 0 (0) 0 (0) 
10 0 (0) 0 (0) 0.6 (1) 0 (0) 0 (0) 
15 0 (0) 0 (0) 0.6 (1) 0 (0) 0 (0) 
20 0 (0) 0 (0) 0.6 (1) 0 (0) 0 (0) 
25 0 (0) 0 (0) 0.6 (1) 0 (0) 0 (0) 
30 0 (0) 0 (0) 0.6 (1) 0 (0) 0 (0) 
35 4.6 (8) 5.7 (10) 1.1 (2) 1.7 (3) 5.7 (10) 
40 4.6 (8) 5.7 (10) 1.1 (2) 1.7 (3) 5.7 (10) 
45 4.6 (8) 5.7 (10) 1.1 (2) 1.7 (3) 5.7 (10) 
50 4.6 (8) 5.7 (10) 1.1 (2) 1.7 (3) 5.7 (10) 
55 4.6 (8) 5.7 (10) 1.1 (2) 1.7 (3) 8.6 (15) 
60 4.6 (8) 5.7 (10) 1.1 (2) 1.7 (3) 8.6 (15) 
65 4.6 (8) 5.7 (10) 1.1 (2) 1.7 (3) 8.6 (15) 
70 4.6 (8) 5.7 (10) 2.9 (5) 17.2 (30) 8.6 (15) 
75 4.6 (8) 5.7 (10) 2.9 (5) 17.2 (30) 8.6 (15) 
80 4.6 (8) 5.7 (10) 2.9 (5) 17.2 (30) 8.6 (15) 
85 39.1 (68) 5.7 (10) 28.7 (50) 47.1 (82) 8.6 (15) 
90 39.1 (68) 5.7 (10) 28.7 (50) 47.1 (82) 8.6 (15) 
95 39.1 (68) 5.7 (10) 28.7 (50) 47.1 (82) 8.6 (15) 
100 39.1 (68) 5.7 (10) 28.7 (50) 47.1 (82) 8.6 (15)  

Fig. 7. Combined importance-performance map of technology use.  

S. Hauff et al.                                                                                                                                                                                                                                   

https://www.smartpls.com
https://www.smartpls.com
https://doi.org/10.1016/j.dib.2023.109190
https://doi.org/10.1016/j.dib.2023.109190


Journal of Retailing and Consumer Services 78 (2024) 103723

11

Appendix  

Table A1 
Data description  

Latent variable (measurement adapted from) Indicator Mean Range [Min; 
Max] 

S.D. Excess 
kurtosis 

Skewness 

Emotional value, reflective (Sweeney and Soutar, 2001) EMV_01 Enjoyment 3.902 [1; 5] 0.842 1.942 − 1.036 
EMV_02 Pleasure 3.724 [1; 5] 0.887 0.940 − 0.675 
EMV_03 Relaxation 3.799 [1; 5] 0.877 1.465 − 0.675 

Ease of use, reflective (Moore and Benbasat, 1991) EOU_01 Learning duration 4.011 [1; 5] 0.988 0.800 − 0.996 
EOU_02 Operation 4.092 [1; 5] 0.811 0.798 − 0.822 
EOU_03 Menu navigation 3.971 [1; 5] 0.867 1.201 − 0.904 

Perceived usefulness, reflective (Antón et al., 2013; Moore and 
Benbasat, 1991) 

PU_01 General advantage 3.397 [1; 5] 0.970 − 0.176 − 0.296 
PU_02 Practical application 3.598 [1; 5] 1.055 − 0.106 − 0.585 
PU_03 Improvement of 

reading 
3.293 [1; 5] 1.109 − 0.534 − 0.474 

Compatibility, reflective (Huang and Hsieh, 2012; Moore and 
Benbasat, 1991) 

CO_01 Reading behavior 3.299 [1; 5] 0.996 − 0.238 − 0.419 
CO_02 Consumption pattern 3.427 [1; 5] 0.991 0.259 − 0.646 
CO_03 Reading needs 3.655 [1; 5] 0.992 0.430 − 0.829 

Adoption intention, reflective (Venkatesh et al., 2012) AD_01 Future usage 4.023 [1; 5] 0.928 1.210 − 1.046 
AD_02 Daily usage 3.776 [1; 5] 0.972 0.360 − 0.712 
AD_03 Frequent usage 3.845 [1; 5] 0.925 0.869 − 0.785 

Technology use, 
single item (Venkatesh et al., 2012) 

USE_01 e-books 3.983 [1; 7] 1.610 − 0.894 − 0.063   

Table A2 
Results summary of (reflective) measurement models  

Latent variables Indi- 
cators 

Weights Loadings Indicator communality 
(squared loadings) 

AVE Composite 
reliability 

Cronbach’s 
α 

ρA HTMT 95% bootstrap confidence 
interval does not include 1 

Emotional value EMV_01 0.338 0.891 0.794 0.853 0.946 0.914 0.917 Yes 
EMV_02 0.375 0.950 0.903 
EMV_03 0.368 0.929 0.863 

Ease of use EOU_01 0.453 0.784 0.615 0.697 0.873 0.783 0.873 Yes 
EOU_02 0.371 0.878 0.771 
EOU_03 0.380 0.840 0.706 

Perceived 
usefulness 

PU_01 0.319 0.722 0.521 0.642 0.842 0.723 0.753 Yes 
PU_02 0.426 0.819 0.671 
PU_03 0.491 0.856 0.737 

Compatibility CO_01 0.396 0.901 0.812 0.779 0.914 0.858 0.859 Yes 
CO_02 0.357 0.906 0.821 
CO_03 0.381 0.840 0.706 

Adoption 
intention 

AD_01 0.345 0.933 0.870 0.889 0.960 0.938 0.939 Yes 
AD_02 0.347 0.935 0.874 
AD_03 0.368 0.960 0.922   
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Table A3 
Bottleneck table in different formats  

Bottleneck technology use, standardized latent variable scores percentage ranges (as in Richter et al., 2020)  

Adoption intention Emotional value Ease of use* Perceived usefulness Compatibility 
0 NN NN NN NN NN 
10 NN NN 10.2 NN NN 
20 NN NN 10.2 NN NN 
30 NN NN 10.2 NN NN 
40 33.8 49.6 20.0 15.7 25.5 
50 33.8 49.6 20.0 15.7 25.5 
60 33.8 49.6 20.0 15.7 33.7 
70 33.8 49.6 20.5 48.1 33.7 
80 33.8 49.6 20.5 48.1 33.7 
90 75.0 49.6 60.2 66.2 33.7 
100 75.0 49.6 60.2 66.2 33.7 

Bottleneck technology use, rescaled latent variable scores, percentage ranges 

0 NN NN NN NN NN 
10 NN NN 10.2 NN NN 
20 NN NN 10.2 NN NN 
30 NN NN 10.2 NN NN 
40 33.8 49.6 20.0 15.7 25.5 
50 33.8 49.6 20.0 15.7 25.5 
60 33.8 49.6 20.0 15.7 33.7 
70 33.8 49.6 20.5 48.1 33.7 
80 33.8 49.6 20.5 48.1 33.7 
90 75.0 49.6 60.2 66.2 33.7 
100 75.0 49.6 60.2 66.2 33.7 

Bottleneck technology use, rescaled latent variable scores, actual scores 

0 NN NN NN NN NN 
10 NN NN 25.4 NN NN 
20 NN NN 25.4 NN NN 
30 NN NN 25.4 NN NN 
40 33.8 49.6 33.5 15.7 25.5 
50 33.8 49.6 33.5 15.7 25.5 
60 33.8 49.6 33.5 15.7 33.7 
70 33.8 49.6 33.9 48.1 33.7 
80 33.8 49.6 33.9 48.1 33.7 
90 75.0 49.6 66.9 66.2 33.7 
100 75.0 49.6 66.9 66.2 33.7 

*The standardized and rescaled latent variable scores produce the same bottleneck results if presented as percentage ranges, but differ regarding the actual values of 
the construct ease of use. This difference is due to the minimum value of ease of use being 16.9. Consequently, ease of use’s potential values range from 16.9 to 100; that 
is, 83.1. Transferring the percentage ranges, for instance of 10.2 or 20.0, to rescaled actual scores therefore yields 16.9 + 0.102 ⋅ 83.1 = 25.4 or 16.9 + 0.200 ⋅ 83.1 =
33.5.  
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Fig. A1. NCA scatter plots with CE-FDH ceiling lines.  
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