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Comparing alternative explanations for behavioral phenomena is central to the process of scientific inquiry.
Recent research has emphasized the efficacy of Information Theoretic model selection criteria in partial least
squares structural equation modeling (PLS-SEM), which has gained massive dissemination in a variety of fields.
However, selecting one model over others based on model selection criteria may lead to a false sense of con-
fidence as differences in the criteria values are often small. To overcome this limitation researchers have pro-
posed Akaike weights, whose efficacy however, has not been assessed in the PLS-SEM context yet. Addressing

this gap in research, we analyze the efficacy of Akaike weights in PLS-SEM-based model comparison tasks. We
find that Akaike weights derived from BIC and GM are well suited for separating incorrectly specified from
correctly specified models, and that Akaike weights based on AIC are useful for creating model-averaged pre-
dictions under conditions of model selection uncertainty.

1. Introduction

The consideration and evaluation of alternative models for ex-
plaining certain phenomena is central to the process of scientific in-
quiry. Alternative models typically emerge when considering theories
in new contexts with unique variables and effects, or when researchers
build conceptual bridges across related streams of inquiry to provide a
holistic understanding of the phenomenon (Sharma, Sarstedt, Shmueli,
Kim, & Thiele, 2019). Given a set of alternative models, researchers try
to identify the model that best approximates the data generation pro-
cess underlying the phenomenon under study. This process of model
evaluation is complicated by the fact that complex models (i.e., with
more variables and paths) may overfit the data by tapping spurious
patterns or noise in a sample (Myung, 2000). Because such patterns are
sample-specific, the models will generalize poorly to other samples and
have limited possibility of being replicated by other researchers. In
contrast, parsimonious models may fit somewhat less well, but have a
better chance of being scientifically replicable. Hence, any criterion for
model selection needs to address the trade-off between model fit and
parsimony (Burnham & Anderson, 2002).

A common way of overcoming this apparent dichotomy is to com-
pare the alternative models using Information Theoretic model

selection criteria that seek to balance model fit and parsimony, thereby
incorporating Occam’s razor. In their basic form, these criteria are
calculated using the number of fitted model parameters, and either the
estimated maximum likelihood for the model or its residual sum of
squares. In general, both of these measures can easily be derived from
the output of statistical software packages. Research has brought for-
ward a broad range of Information Theoretic model selection criteria,
which differ in their statistical underpinnings and the penalties applied
for number of parameters, sample size, entropy, or Fisher information.
Popular criteria include the Akaike Information Criterion (AIC; Akaike,
1973) and its variants such as the Consistent AIC (Bozdogan, 1987) or
the AIC; (Bozdogan, 1994), and the Bayesian Information Criterion
(BIC; Schwarz, 1978). Prior research has examined the efficacy of these
criteria under various conditions in different methodological contexts
such as mixtures of normal distributions (e.g., Celeux & Soromenho,
1996), mixture regression models (e.g., Becker, Ringle, Sarstedt, &
Volckner, 2015), and mixture logit models (e.g., Andrews & Currim,
2003). Sharma et al. (2019) recently extended this strand of research by
examining their performance in the context of partial least squares
structural equation modeling (PLS-SEM), a regression-based technique
that estimates relationships in path models with latent and manifest
variables, and which has gained vast prominence in a variety of fields
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(e.g., Ali, Rasoolimanesh, Sarstedt, Ringle, & Ryu, 2018; Hair,
Hollingsworth, Randolph, & Chong, 2017; Ringle, Sarstedt, Mitchell, &
Gudergan, 2020). These authors identify BIC and Geweke and Meese
(1981) criterion (GM) as particularly suitable for PLS-SEM-based model
selection tasks. In a related study, Sharma, Shmueli, Sarstedt, Danks,
and Ray (2020) found that BIC and GM also achieve a sound trade-off
between model fit and out-of-sample predictive power in the estimation
of PLS path models. In particular, BIC and GM are useful substitutes for
selecting correctly specified models with low prediction error when
researchers cannot create a holdout sample—for example, due to low
sample size—to assess a model’s out-of-sample predictive power.

However, a possible issue in the application of model selection
criteria is that—in their simple form (i.e., raw values)—they do not
offer any insights regarding the relative weights of evidence in favor of
models under consideration (Burnham & Anderson, 2002). More pre-
cisely, while the differences in the criteria values are useful in ranking
and selecting models, such differences can often be small in practice,
leading to model selection uncertainty (Preacher & Merkle, 2012). For
example, in their comparative analysis of E-government performance
models, Sharma, Morgeson, Mithas, and Aljazzaf (2018) empirically
compare 26 models using PLS-SEM and Information Theoretic model
selection criteria. The authors then rank the models based on the raw
criteria values and other model evaluation statistics. However, they find
the average differences in values across all 325 comparisons to be re-
latively small: 0.90 for AIC, 3.02 for BIC, and 5.09 for GM—see Table 4
in Sharma et al. (2018). Similarly, Sharma et al.’s (2020) empirical
comparison of different configurations of Schwaiger (2004) corporate
reputation model also produced relatively small average differences in
AIC, BIC, and GM of 5.83, 4.19, and 3.92. Sharma et al. (2020) select
the model with the best (i.e., the lowest) criteria values but do not
consider the magnitude of these differences when making this decision.
These two studies highlight the prevalence of model selection un-
certainty when comparing models using empirical data.

Due to these reasons, numerous researchers have pointed out that
selecting one model over others based on small differences in raw cri-
teria values may lead to a false sense of confidence (e.g., Preacher &
Merkle, 2012). For example, Wagenmakers and Farrell (2004, p. 193)
note that “it is difficult to intuit how much statistical importance we
should attach to a difference in AIC values.” The Information Theoretic
model selection criteria quantify the relative conceptual distance, or loss
in information, from an unknown data generation model to the pro-
posed candidate model. Because the criteria values are on a relative
(interval) scale, an individual Information Theoretic model selection
criteria value is not interpretable in isolation (Burnham & Anderson,
2002; Chapter 2.6). Instead, the metrics are interpretable only when
comparing competing models to identify a model that is relatively
closer to the data generating model. Therefore, instead of engaging in a
binary decision process or assuming subjective cut-offs that define
substantial differences in criteria values, the focus should be on doc-
umenting how much better a selected model is compared to others in a
given sample (Symonds & Moussalli, 2011). Presenting such evidence in
favor of the selected model is particularly important when the re-
searcher is seeking to remove other candidate models from further
contention (Wagenmakers & Farrell, 2004).

To handle this aspect of model selection uncertainty, statisticians
have proposed using the model selection criteria’s raw values to com-
pute the relative likelihood of a model, given the data and set of com-
peting models (e.g., Akaike, 1978, 1979; Bozdogan, 1987). The relative
likelihood value allows a researcher to draw more robust inference by
creating an additional measure that can be used to judge the relative
strength of evidence in favor of each model in the set, referred to as
Akaike weights. This measure gives researchers more information about
whether to base the inference on a single superior model or consider
multimodel inference. More importantly, researchers can use the
Akaike weights to generate model-averaged predictions rather than
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relying on the predictions of a single model. That is, a prediction is
made with each model, and the Akaike weights are used to compute a
weighted average of these predictions (Burnham & Anderson, 2002;
Chapter 5.3). Model-averaged predictions are particularly useful when
there is uncertainty as to the accuracy of the predictive method or
model, uncertainty in the predictive context such as high volatility or
unexpected variation (e.g., in new product forecasting), and high costs
associated with large predictive errors (Armstrong, 2001). These aver-
aged predictions, or ensembles, perform best when different predictive
methods are used and there is negative, near zero, or little correlation
between predictions (Brown & Yao, 2001). However, even when gen-
erating averaged predictions from the same method (e.g., PLS-SEM),
which generally results in positively correlated predictions, an increase
in predictive accuracy can still be expected.

Yet, despite their obvious relevance for model selection tasks, the
use of Akaike weights is practically absent in marketing research.
Specifically, our review of all articles published since 2000 in the five
leading marketing journals, Journal of Marketing, Journal of Marketing
Research, Marketing Science, Journals of Consumer Research, and Journal
of the Academy of Marketing Science, shows that only a single study
(Breivik & Thorbjgrnsen, 2008) uses relative likelihoods in model
comparison tasks. Similarly, only a single study in Journal of Business
Research draws on Akaike weights in multimodel inference (Daryanto,
2019). This is surprising given that the use of model probabilities has a
solid standing in biology (Posada & Buckley, 2004), ecology (Symonds
& Moussalli, 2011), and psychology (Wagenmakers & Farrell, 2004).

Extending recent research on model selection in PLS-SEM (Sharma
et al.,, 2019, 2020), this study (1) analyzes the efficacy of Akaike
weights to distinguish correctly specified from misspecified models in
PLS-SEM-based model comparison tasks, and (2) assesses their utility to
generate model-averaged predictions. To do so, we present the results
of two large-scale simulation studies that analyze the behavior of
Akaike weights under different model setups and experimental condi-
tions, including sample sizes, structural model effect sizes, and in-
dicator loading patterns. Finally, we illustrate the use of Akaike weights
and model-averaged predictions by means of an empirical example.

2. Likelihood of a model

In the late 1960s and the early 1970s, several model selection cri-
teria that penalize model complexity in the interest of the principle of
parsimony were developed. These criteria are based on the framework
of Information Theory, a mathematical theory of communication,
which studies the transmission, processing, extraction, and utilization
of information (e.g., Akaike, 1973). A large body of literature discusses
the technical underpinnings and characteristics of these criteria (e.g.,
Akaike, 1981; Bozdogan, 1987; Sclove, 1987; Burnham & Anderson,
2002). Information Theoretic criteria (such as AIC, BIC, and GM)
quantify the information lost by using a proposed model to represent an
assumed data generating population model. Thus, a smaller criterion
value provides evidence of a proposed model that better approximates
the “true” or data generating model. Model selection criteria are typi-
cally written as a function of the maximized value of the likelihood
function, but can also be expressed in terms of a target construct’s sum
of squared errors (Burnham & Anderson, 2002; McQuarrie & Tsai,
1998)—see Appendix B in Sharma et al. (2019) for a formal presenta-
tion of the criteria considered in this study.

The idea of using differences in model selection criteria values to
compute a model’s likelihood given the data was first proposed by
Akaike (1978) in the context of the AIC. Given a set of K candidate
models, the researcher first needs to compute, for each model i, the
differences in AIC value with respect to the AIC of the best candidate
model (i.e., AIC,,in):

A(AIC) = AIC; — AIC,,;, (€9)]
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The differences A; can then be used to obtain an estimate of the
relative likelihood L of model i, given the data and the set of K models:*

1
L(M;|data) exp{—EAi(AIC)} @

Using the relative likelihoods of all K models as input allows com-
puting Akaike weights defined as (Burnham & Anderson, 2002, p. 75):

exp{—%Ai (AIC)}

P exp{—%Ak (AIC)}

3)

A given weight w; represents the relative evidence in favor of model i,
given that one of the K models is the best model in a Kullback-Leibler
sense (Burnham & Anderson, 2004). While the notion of weights w; was
developed in the context of the AIC, formula (3) also generalizes to other
Information Theoretic model selection criteria like the BIC and GM
(Wagenmakers & Farrell, 2004). In line with the prior literature (e.g.,
Burnham & Anderson, 2002; Chapter 2.9), however, we universally refer
to the weights as Akaike weights, even when the weights stem from other
Information Theoretic model selection criteria (e.g., BIC or GM).

Breiman (1996, p. 2354) shows that the selection of the best model
from a set of well-fitting models—that is, models that are close in an
Information Theoretic sense—can entail considerable instability in the
assessment of predictive performance. In fact, “the size of the predictive
loss may be a substantial fraction of the prediction error.” Inspired by
the Bayesian literature in which model weights have a strong standing
(e.g., Raftery, Madigan, & Hoeting, 1997), researchers can then use the
Akaike weights to compute a weighted average of the prediction of the
focal construct’s scores generated by each model in the set (Dormann
et al., 2018) as follows:

R -
Yo wi (%)
R
Zi:l Wi 4
where Y; is the prediction generated by model i. When the goal is op-
timal prediction of the focal construct’s scores, then model-averaged
predictions that are not conditional on any one model but are based on

weighted averages across multiple models, can be advantageous
(Posada & Buckley, 2004).

Y =

5

3. Simulation study I
3.1. Design, data generation, and model estimation

Our simulation study considers the BIC and GM, which Sharma et al.
(2019, 2020) recently identified as clearly superior in PLS-SEM-based
model selection tasks. Both these criteria are asymptotically consistent,
in that their probability to select the true model in a set of alternative
models approaches unity as sample size increases. When the true model
is not in the set, BIC and GM asymptotically select the closest approx-
imating model (McQuarrie & Tsai, 1998). In addition, we consider the
AIC, which typically serves as the default criterion in model selection
(e.g., Posada & Buckley, 2004; Symonds & Moussalli, 2011). AIC is
asymptotically efficient, in that it tends to select the model with the
smallest relative distance to the (unknown) true model as the sample
size increases (McQuarrie & Tsai, 1998). A strength of AIC is that it
tends to select models with better predictive accuracy, especially in
“real-world” settings where the data generating model is complex and
out of reach (Aho, Derryberry, & Peterson, 2014). However, a weakness
of the AIC is its lack of accuracy and reliability for small sample sizes
(Konishi & Kitagawa, 2003) and its tendency to select over-para-
metrized models (Burnham & Anderson, 2002; Chapter 7.7.3).2

1 please note that the symbol « in formula (2) is read as “proportional to”.
2See Burnham and Anderson (2004) and Vrieze (2012) for a detailed dis-
cussion of the similarities and differences between the criteria.
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The model set-up is similar to Sharma et al. (2019, 2020) and
consists of a set of seven competing models (Fig. 1). To foster our re-
sults’ external validity (Paxton, Curran, Bollen, Kirby, & Chen, 2001),
the models have a similar structure and complexity as those commonly
encountered in fields where PLS-SEM features prominently. Examples
include the American Customer Satisfaction Index (Fornell, Johnson,
Anderson, Cha, & Bryant, 1996), which ranks among the most salient
models in studying customer satisfaction (e.g., Anderson & Fornell,
2000), and the Unified Theory of Acceptance and Use of Technology
model and its variants, which are commonly used in information sys-
tems research (e.g., Venkatesh, Morris, Davis, & Davis, 2003). Specifi-
cally, all competing structural models in our study have five reflectively
measured constructs, three of which are exogenous (&7, &2, and &3),
while two are endogenous (17; and 72). Each construct has four items.
The focus of our investigation is on the endogenous construct 7,. Model
5 serves as the data generation model. Models 1, 3, 4, and 6 are in-
correctly specified with respect to the direct path from &; to #,; that is,
they have incorrect paths that are inconsistent with the data generation
process. Model 2 is a correctly specified but parsimonious variant of the
data generation model with only correct (but one missing) paths,
whereas Model 7 is a saturated model with all possible structural paths,
including incorrect ones.

Replicating Sharma et al. (2019, 2020), we manipulated the fol-
lowing experimental conditions, which correspond to the conditions
commonly encountered in applied research (e.g., Hair, Hollingsworth,
et al., 2017; Nitzl, 2016; Ringle et al., 2020):

e Six conditions of sample size (50, 100, 150, 200, 250, and 500),

e Five conditions of effect size on the structural path &; — 5; (5,=0.1,
0.2, 0.3, 0.4, and 0.5),

e Three indicator loading patterns with different levels of average
variance extracted (AVE):
— High AVE with loadings: (0.9, 0.9, 0.9, and 0.9),
— Moderate AVE with loadings: (0.8, 0.8, 0.8, and 0.8), and
— Low AVE with loadings: (0.7, 0.7, 0.7, and 0.7).

In each simulation run, we compute the Akaike weights for all three
model selection criteria for each of the competing structural models,
and estimate model-averaged predictions for the focal outcome con-
struct 7,. These model-averaged predictions are contrasted using the
root mean squared error (RMSE), which penalizes larger prediction
errors more strongly compared to, for example, the mean absolute
error. As large errors are particularly undesirable in PLS-SEM applica-
tions (Shmueli et al., 2019), the RMSE is generally considered the
“default” metric (e.g., Chica & Rand, 2017; Sharma et al., 2020).

The data were generated using Schlittgen’s procedure available in
the chbsem package for the R statistical software (Schlittgen, 2019). This
procedure generates a model-implied covariance matrix for the para-
meters specified in the simulation condition, performs a Cholesky de-
composition upon the covariance matrix, and imposes this upon a
multivariate normal sample in order to generate data assuming a
composite model population (Ringle, Sarstedt, & Schlittgen, 2014;
Online Appendix II). We consider the case of normally distributed data
as recent research has shown that model estimates and the behavior of
model selection criteria are unaffected by data distributions when es-
timating data from composite model populations in PLS-SEM (Sarstedt,
Hair, Ringle, Thiele, & Gudergan, 2016; Hair, Hult, Ringle, Sarstedt, &
Thiele, 2017; Sharma et al., 2020). Drawing on Reinartz, Haenlein, and
Henseler (2009), we ran 300 replications for each of the 90 simulation
conditions, yielding a total of 27,000 cases.

3.2. Results
3.2.1. Model selection uncertainty

First, we document how Akaike weights facilitate handling un-
certainty in model selection tasks. In doing so, we consider two types of
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Model 1: Incorrect model

Model 7: Saturated model

Model 2: Parsimonious model

Model 5: Data generation model
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D X7

)

Model 3: Incorrect model

Model 6: Incorrect model

Fig. 1. Simulation study I models.

uncertainties in model selection tasks: (1) rejection uncertainty: where
the researcher is wary of selecting incorrectly specified models (i.e.,
Models 1, 3, 4, and 6), and (2) selection uncertainty: where the re-
searcher seeks to select a single superior model among a set of correctly,
or parsimoniously, specified models which do not contain misspecified
paths (i.e., Models 2 and 5). Ideally, researchers would like to utilize a
model selection criterion that allows them both to reject incorrectly
specified models (i.e., reduce rejection uncertainty), and select a single
best model that achieves the best trade-off between model fit and
parsimony among a set of models without misspecified paths (i.e.,
minimize selection uncertainty).

With regard to rejection uncertainty we find that all the three cri-
teria considered in the study (i.e., AIC, BIC, and GM) perform well in

Mean Weights

0.1

rejecting incorrectly specified models as evidenced in low Akaike
weights assigned to Models 1, 3, 4, and 6 (Fig. 2). BIC and GM de-
monstrate very similar performance with marginal differences in
Akaike weights in Models 6 and 7. In light of the similarities between
BIC and GM, we restrict our further discussion on the comparison be-
tween AIC and BIC.

A notable difference emerges between AIC and BIC in terms of re-
ducing selection uncertainty among the set of correctly specified
models. As shown in Fig. 2, AIC generally assigns the highest weight to
the parsimonious model (Model 2), closely followed by the data gen-
eration model (Model 5). However, it also weighs the saturated model
(Model 7) fairly high. This is in contrast to BIC, which assigns highest
weights to the parsimonious and data generation models but assigns a

0.0 -

Model 1 Model 2 Model 3

Fig. 2. Mean weights of AIC, BIC, and GM across models in simulation study I.
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Loadings Sample size

Effect Size

150 250

50

08 0.9

0.7

01 02 03 04 05

Saturated Model

Data Generation Model
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Fig. 3. Boxplots of simulation factors vs estimated AIC weights (simulation study I).

very low weight to the saturated model. Thus, overall BIC does a better
job of reducing the selection uncertainty by penalizing the saturated
model more strongly.

3.2.2. Criteria performance across simulation conditions

We analyze the impact of the simulation factors on the Akaike
weights assigned to each model in order to demonstrate the perfor-
mance of the model selection criteria for reducing both rejection and
selection uncertainty under varying model and data conditions.
Specifically, we consider the Akaike weights for four situations: (1)

Loadings Sample size

Effect Size

01 02 03 04 05

150 250

50

08 0.9

0.7

Saturated Model

Data Generation Model

Model 5 (data generation model), (2) Model 2 (parsimonious model),
(3) Model 7 (saturated model), and (4) sum of the weights assigned to
the incorrectly specified Models 1, 3, 4, and 6 (misspecified models).
We first run an analysis of variance (ANOVA) to identify which simu-
lation conditions have a significant impact on the Akaike weights. We
then plot the distributions of the AIC weights (Fig. 3) and BIC weights
(Fig. 4) across the various simulation conditions to illustrate the impact
of the simulation conditions on the weights. Finally, we conduct Tukey
(1970) honest significant difference (HSD) tests to identify significant
differences across the simulation conditions.

Parsimonious Model Misspecified Models
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Fig. 4. Boxplots of simulation factors vs estimated BIC weights (simulation study I).
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Table 1

ANOVA Results for AIC and BIC weights in simulation study 1.

Parsimonious Model Misspecified Models

Data Generation Model

Saturated Model

Pr(>F)

F

Pr(>F) Sum Sq Mean Sq

F

Pr(>F) Sum Sq Mean Sq

F

Pr(>F) Sum Sq Mean Sq

F

Mean Sq

Sum Sq

Factors

AIC weights
Effect Size

*kk

< 0.001

7.213

0.025
3.232

<0.001 *** 0.10
0.727

< 0.001
< 0.001

117.870
43.340
63.790

1.010

< 0
Q®
< =

*kk

< 0.001
< 0.001
< 0.001

22.620
55.820

0.145
0.357

0.58

Fekd

< 0.001
< 0.001

0.237 9.717
0.991

0.581

0.90
2.90
0.00

4
5

—
ISR
S <2
(SIS
vV Vv

939.702

)
=
°
—

0.371

1.79
4.89

23.779 o

0.009

Sample Size
Loadings

211.411

1.45

0.546
0.009

1.09

382.520

2.448

0.000
0.024

0.003

92.82

231.17

0.006

172.68

659.10

26,988

Residuals

BIC weights
Effect Size

ke

< 0.001
< 0.001
< 0.001

7.741

0.045
6.531

<0.001 *** 0.18

< 0.001
< 0.001

193.400
667.900
103.800

1.053
3.636

4.21

< 0.001
< 0.001
< 0.001

0.045 4.299 0.002 i 1.54 0.384 89.980
1.682

0.005
0.010

0.18

4
5

ke

1127.501
239.194

32.66

Fekd

18.18
1.13

*kk

755.880
911.550

3.227
3.892
0.004

16.14

dekk

< 0.001
0.625

161.845
0.470

41
0.01

Sample Size
Loadings

1.386
0.006

2.77

0.565
0.005

7.78

156.34

146.92

115.23

280.52

26,988

Residuals
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3.2.2.1. Sample size. The ANOVA results demonstrate that sample size
has a significant impact on both the AIC and BIC weights (Table 1)
assigned to each category of the models (parsimonious, data
generation, saturated, and misspecified). For AIC, increasing the
sample size increases the weights assigned to the three correctly
specified models and reduces the weight assigned to the misspecified
models. Thus, increasing the sample size will increase the accuracy of
AIC in selecting the correctly specified model at the risk of selecting the
saturated or parsimonious model. The HSD tests indicate a significant
difference in estimated weights between a sample size of 50 and sample
sizes of 100, 150, 200, 250, and 500 (all p < 0.001); however, the
differences become nonsignificant when comparing among the larger
sample sizes. Thus, we find sample sizes smaller than 100 to be less
amenable for reducing model selection uncertainty with AIC, and
recommend sample sizes larger than this threshold to be used.

For BIC, an increase in sample size has a marked effect on weights
assigned to all models. Increasing the sample size dramatically reduces
the weight assigned to the saturated model, and increases the weight of
the parsimonious and data generation models. The HSD tests show that
this difference is significant across all sample sizes (p < 0.001). The
decrease in weight for the saturated model is shared between the par-
simonious and data generation models. This result demonstrates that
BIC has a similar small sample size performance as AIC but increasingly
favors the parsimonious and data generation models over the saturated
model as the sample size increases.

3.2.2.2. Effect size. The ANOVA results demonstrate a significant
impact of the effect sizes on all models for both AIC and BIC weights
(Table 1). We find little difference in the performance of AIC and BIC in
terms of this simulation condition and, thus, we will discuss these
criteria jointly. The HSD test results show that the weights of the
saturated, data generation, and misspecified models decrease, while the
weights for the parsimonious model increase as effect sizes become
larger. The differences are significant only for smaller effect sizes for
the saturated model, but are significant across most of the effect sizes
for the data generation and parsimonious models. A more detailed
analysis of the simulation results offers a potential explanation for this
surprising finding. The omission of the y relationship in the
parsimonious model leads to a stronger relationship between &; and
12, thereby increasing the focal construct’s R more strongly than in the
data generation model as none of the variance is absorbed by the
mediating effect via 5;. As the Information Theoretic model selection
criteria are a function of the residual sum of squares, increasing the
effect size increases the weights of the parsimonious model.

3.2.2.3. Loadings. AIC and BIC perform very similarly as loading
patterns change (Table 1). The ANOVA demonstrates that the
loadings have no significant effect on the Akaike weights for the
saturated model, but that the effects are significant (p < 0.001) for
the data generation, parsimonious, and misspecified models. The
boxplots show that increasing the loadings has little impact on
weights assigned to the saturated model (Figs. 3 and 4) with the HSD
tests indicating no significant differences between loading sizes. For the
data generation and parsimonious models, a different pattern emerges.
Increasing the loadings increases the weights assigned to the data
generation model and reduces the weights assigned to the parsimonious
with the HSD tests showing all differences as significant. Increasing the
loadings also has an impact on the misspecified models’ weight, but the
effect is negligible in size. Thus, we expect both AIC and BIC to perform
more favorably in models with higher loadings, especially in terms of
correctly selecting the data generation model over the parsimonious
model.

3.2.3. Prediction accuracy
Next, we use the Akaike weights to generate model-averaged pre-
dictions of the construct 5, which is the focal construct in our
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Table 2
Average prediction error of candidate models and model-averaged predictions of simulation study L.
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 AIC BIC GM Equal
RMSE 0.834 0.749 0.895 0.959 0.749 0.891 0.752 0.750 0.750 0.750 0.785

Model 7: Saturated model

Model 2: Parsimonious model

Model 5: Data generation model

Model 3: Incorrect model

Model 6: Incorrect model

Fig. 5. Simulation study II models.

simulation study. These model-averaged predictions are calculated as a
weighted sum of the predicted construct scores of all models, using
Akaike weights for AIC, BIC, and GM. Table 2 demonstrates the results
of our analysis of the candidate models and model-averaged predictions
in terms of the predictive error (i.e., RMSE). We find that the model-
averaged predictions produce an RMSE value of 0.750 when Akaike
weights are estimated using AIC, BIC, and GM, which are almost the
same as the prediction error produced by the data generation model
(RMSE = 0.749). Thus, both AIC and BIC-based model-averaged pre-
dictions are as precise as the ones obtained by using the best predictive
models in the set (Models 2 and 5), which points to their practical
utility under situations of selection uncertainty where there are several
equally good models (in the Information Theoretic sense). In contrast,
the misspecified models yield RMSE values between 0.834 (Model 1)
and 0.959 (Model 4), reflecting inferior predictive accuracy. In parti-
cular, model-averaged predictions are significantly better than the
predictions obtained by misspecified models, which points to their
utility under situations of rejection uncertainty where the researcher is
unsure which models might be incorrectly specified.

In the final step, we contrast the efficacy of Akaike weights with the
naive approach of weighting each model equally when generating
model-averaged predictions. Without the luxury of Akaike weights,
equal weighting might be an appealing option for a researcher looking
to generate model-averaged predictions. However, with the use of
Akaike weights we expect the weighted-average to outperform this
naive benchmark. We find that this is indeed the case; creating
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unweighted model averages (i.e., assigning equal importance to all the
models), produces an RMSE value of 0.785, which is lower than the
prediction error in misspecified models but higher (i.e., worse) than
when using Akaike weights. This result suggests that the Information
Theoretic criteria assign low weights to the incorrectly specified models
with high prediction error but give more weight to correct and parsi-
monious models that have low prediction errors. Overall, our analysis
underlines the usefulness of Akaike weights in creating model-averaged
predictions under conditions of model selection and rejection un-
certainty.

4. Simulation study II
4.1. Design, data generation, and model estimation

In order to increase the generalizability of our findings, we ran a
second simulation study, which extends the first in two ways: (1) we
included an additional path v, (between &3 and 7,) in Models 4 and 6,
which increases the variation in the degree of misspecification, and (2)
increased the magnitude of the relationship ys (between #; and 7,) from
0.1 to 0.4 in the data generation model in order to avoid any sup-
pression of the impact of antecedent misspecifications (Fig. 5).°

3We would like to thank the anonymous reviewer for suggesting this exten-
sion.
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Fig. 6. Mean weights of AIC, BIC, and GM across models for simulation study II.

Table 3
Average prediction error of candidate models and model-averaged predictions of simulation study II.
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 AIC BIC GM Equal
RMSE 0.696 0.598 0.778 0.600 0.598 0.693 0.600 0.599 0.599 0.599 0.612
Table 4 4.2. Results

Criteria values, deltas, and Akaike weights for candidate models.

With regard to rejection uncertainty, we find that both model se-
lection criteria strongly reject the misspecified Models 1, 3, and 6, while
AIC —-113.728 -113.461 -—113.594 -120.849 —124.286 Model 4 now receives some support (Fig. 6). The added predictive

Model 1 Model 2 Model 3 Model 4 Model 5

A (AIC - AlGpin) - 10.557 10.824 10.691 3.436 0.000 power of the y, path has made this model more favourable for the
AIC weights 0.004 0.004 0.004 0.150 0.838 del selecti iteri d thus both AIC and BIC assi X

BIC ~102.206 —101.939 -102.073 —93.965  —97.401 model selection criteria, anc thus both AL and blL. assigh a greater
A (BIC - BIGy;y)  0.000 0.267 0.134 8.241 4.805 likelihood to this updated Model 4 than in the first simulation study.
BIC weights 0.343 0.300 0.321 0.006 0.031 Among the two misspecified models, which are saturated in terms of 7,

(Models 4 and 7), AIC and BIC both favor the more parsimonious Model
4. However, there is a stark contrast in the way that the two model
Due to the structural similarity between Model 4 and Model 1 in selection criteria perform in terms of rejecting these incorrectly speci-
terms of the direct antecedents of 7,, adding the path v, serves to more fied models. AIC favors these two models, assigning high weights to
strongly distinguish these two models from each other and the other Model 4 (Akaike weight 0.238) and Model 7 (Akaike weight 0.174) and
five competing models. Furthermore, the addition of the y, path in thus doing a poorer job of reducing rejection uncertainty. On the con-
Model 6 increases the number of direct antecedents of 7,, and thus trary, BIC assigns much lower weights to these models and thus per-
increases the model complexity (Fig. 1). As the path v, has a magnitude forms better at reducing the rejection uncertainty.
of 0.4 in the data generation model, we expect that in addition to in- In terms of reducing model selection uncertainty, we see a similar

creasing the diversity of incorrectly specified models, the addition of pattern emerge as in the first simulation study. BIC performs better than
this correctly specified path will also increase their explanatory and AIC in terms of assigning higher weights to the data generation and
predictive power, thereby making them more favorable for model se- parsimonious models (Fig. 6). Thus, uncertainty regarding selecting the
lection criteria. Finally, the increase in magnitude of ys serves to correctly specified models can be reduced by using BIC, because there is
magnify the effect of possible misspecifications in the model antecedent a clear difference in the most highly weighted parsimonious model

to, and mediated by, #; and to amplify the effect of modulating path .. (Model 2 with BIC weight of 0.437) and data generation model (Model
Other than the changes described in the preceding paragraph, the 5 with BIC weight of 0.392) compared the most highly weighted mis-

experiment design, simulation setup, and model evaluation procedures specified model (Model 4 with BIC weight of 0.095) and saturated
are identical to those in the first simulation study. The following results model (Model 7 with BIC weight of 0.065).

discussions focus on the overall model rejection and selection un- In terms of prediction accuracy, we note that compared to study 1
certaintiis as well as the criteria’s model-averaged prediction ac- (Table 2), the predictive power in this study has increased due to the
curacies.

increase in the effect size of the v5 path, as evidenced by lower RMSE
values in Table 3. We find that the model-averaged predictions based on
the Akaike weights produce an RMSE value of 0.599 for AIC, BIC and
GM, which are practically the same as the prediction error produced by

4 We do not report the criteria’s performance across simulation conditions as the data generation model (RMSE = 0.598). Model 4 now has similar

these do not substantially differ from the first simulation study. The condition- predictive power to the saturated Model 7, due to their similarity in
specific results are available from the corresponding author upon request.
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Fig. 7. Five alternate corporate reputation models. Notes: ATTR = Attractiveness, CSOR = Corporate social responsibility, COMP = Competence, CUSA = Customer
satisfaction, CUSL = Customer loyalty, LIKE = Likeability, PERF = Performance, QUAL = Quality.

predictors. Additionally, Model 4 now has much better relative pre-
dictive performance than in the first simulation study, again due to the
addition of path ys. Overall, the results support our main findings that
both AIC and BIC-based model-averaged predictions are as precise as
the ones obtained by using the best predictive models in the set (Models
2 and 5). Thus, when unsure of picking a single best model for pre-
dictive purposes, the researcher can utilize model-averaged predictions
based on Akaike weights.

5. Empirical illustration
5.1. Model design and estimation

Our empirical illustration is similar to that of Sharma et al. (2020),
with an updated focus on the efficacy of the Information Theoretic
criteria for quantifying model selection and rejection uncertainty, and
model-averaged prediction accuracy. The empirical set-up relies on the
well-regarded corporate reputation model (Sarstedt, Wilczynski, &
Melewar, 2013), which is highly relevant to the marketing literatur-
e—see Hair, Hult, Ringle, and Sarstedt (2017) for further information
on the model set-up, construct measures, and dataset.” We present five
theoretically grounded candidate model configurations as illustrated in
Fig. 7, focusing on customer satisfaction (CUSA) as the immediate
consequence of the two dimensions of corporate reputation (likeability,

SThe two corporate reputation datasets can be downloaded at https://pls-
sem.net.
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LIKE; competence, COMP). We conduct the analysis using the SEMinR
PLS-SEM model estimation package (Ray, Danks, & Velasquez-Estrada,
2019) in the R statistical environment (R Core Team, 2019).

Extending the scope of the empirical study, we also contrast the
predictive performance of the candidate models with the model-aver-
aged predictions created using Akaike weights and equal weighting.
Our analysis of predictive performance draws on an additional valida-
tion dataset collected for the corporate reputation model by Sarstedt,
Hair, Cheah, Becker, and Ringle (2019). This empirical illustration is
the first to evaluate predictive methodology in PLS-SEM using a true
validation dataset, and not using cross-validation. We therefore avoid
tapping into sample-specific patterns in the training dataset, giving a
more realistic account of the generalizability of a model’s predictive
performance.

5.2. Practical demonstration of Akaike weights calculation

For the purposes of reproducibility, we demonstrate the calculation
of Akaike weights from the model section criteria raw values.® The
purpose of the demonstration is to provide researchers a tutorial re-
garding the calculations made in this research. We perform this de-
monstration for BIC as per Table 4.

6 All code for the empirical example is open-source and shared in a public
GitHub online repository at https://github.com/NicholasDanks/Model_
selection_uncertainty. Researchers wishing to duplicate these methods for
their model, can download, alter, and run the code for their unique set-ups.
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Table 5
RMSE of candidate model predictions of validation data.
Model 1 Model 2 Model 3 Model 4 Model 5 AIC BIC GM Equal
RMSE 0.823 0.823 0.823 0.807 0.803 0.804 0.821 0.821 0.811

1. Select the BIC value with the smallest size amongst the competing
model. We thus choose Model 1 with a BIC value of 102.206.

2. Apply Formula (1) to calculate a delta score for each BIC Model. We
calculate the Model 2 delta score as follows:

—101.939 — (—102.206) = 0.267.

Repeat this calculation for Models 3, 4, and 5 to calculate 0.134,
8.241, and 4.805 respectively.

3. Apply Formula (2) to calculate the likelihoods of each model. We
calculate the Model 2 likelihood as follows:

exp(—0.5-0.267) = 0.875

Repeat this for Models 1, 3, 4, and 5 to calculate 1.0, 0.935, 0.016,
and 0.090 respectively.

4. Apply Formula (3) to calculate the Akaike weights for BIC. We
calculate the Model 2 BIC Akaike weight as follows:
4.1. First, we sum the likelihoods for all models from step 3.

(1 + 0.875 + 0.935 + 0.016 + 0.090) = 2.916

4.2. Next, we apply Formula (3) to calculate the relative likelihood

of Model 2 as follows:

We repeat this for the four remaining models to calculate a BIC
Akaike weight for each Model.

5.3. Model selection uncertainty

We concentrate our analysis of the comparative performance of AIC
and BIC as our simulation results show that BIC and GM perform very
similarly in terms of minimizing rejection and selection uncertainty (see
Fig. 2). Table 4 demonstrates the results of our analysis of the models in
terms of the Information Theoretic model selection criteria and Akaike
weights. Table 5 describes the predictive performance of the candidate
models and the performance of model-averaged predictions on the
validation dataset.

With regard to rejection uncertainty (Table 4), we find a stark
contrast in the results offered by AIC and BIC. AIC firmly rejects the
parsimonious models (Models 1, 2 and 3) with very low weights of
0.004. In contrast, BIC clearly rejects the more complex Model 4 with a
pronounced difference with Model 1, which yields the smallest BIC
value (BIC — BIC,,;, = 8.241). BIC also rejects the saturated Model 5,
but the difference with Model 1 is much less pronounced (BIC -
BICin = 4.805). The low Akaike weight of 0.031 provides more
compelling evidence that Model 5 is misspecified.

With regards to selection uncertainty (Table 4), AIC strongly favors
the saturated Model 5 (weight = 0.838), with some support given to
Model 4 (weight = 0.150). The fact that AIC has a systematic tendency
to select over-parametrized models should give rise to concern re-
garding its choice as the preferred criterion in PLS-SEM studies for se-
lecting a single correctly specified model. In contrast, BIC provides
nearly equal support to Models 1, 2 and 3, but assigns the highest
weight to Model 1 (weight = 0.343), which is the most theoretically
defensible model in the set (Sarstedt et al., 2013).
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5.4. Prediction accuracy

Moving to the analysis of the prediction error, we find that the
complex Models 4 and 5 demonstrate the highest predictive power on
the validation set with RMSE values of 0.807 and 0.803 respectively
(Table 5). This is not surprising given Sharma et al.’s (2020) findings
that RMSE itself often favors the saturated model. The AIC-based
model-averaged prediction performs as well as the best predictive
model (Model 5) on the validation data, largely due to AIC weights’
heavy weighting of the saturated model. BIC model-averaged prediction
performs marginally better than Models 1, 2, and 3 based on the vali-
dation data but does not outperform equal weighting. In particular, AIC
based model-averaging outperforms BIC and equal weighting. This is
not surprising, since Aho et al. (2014) note that when the “true” or data
generating model is fairly complex and is not included in the set of
models being analyzed, as is expected in most practical “real-world”
situations, AIC tends to select models with better predictive accuracy,
while BIC tends to select a model that best approximates the data
generating model. This explains the weaker predictive performance of
BIC in the empirical study than in the simulation study—where the data
generation model was relatively simple and included in the candidate
model set for the purpose of assessing model selection uncertainty. We
thus recommend that AIC be used for generating model-averaged pre-
dictions in empirical research, while BIC should be used for reducing
model selection and rejection uncertainty.

6. Discussion

For many behavioral phenomena under scientific study, there exist
several possible explanations. Researchers typically formalize these
competing explanations in the form of different models to facilitate
their comparison using model selection criteria (Preacher & Merkle,
2012). Sharma et al. (2019, 2020) recently emphasized the efficacy of
BIC and GM for model selection tasks in PLS-SEM, a multivariate
method designed to analyze complex inter-relationships between ob-
served and latent variables, which has gained massive dissemination
during the last decade in various fields. Sharma et al. (2019, p. 383)
conclude that “with a proper theoretical base and a strong study design,
these criteria [i.e., BIC and GM] allow researchers to consider com-
peting models within the PLS framework and select the best model
among them.” However, accepting a single model on the basis of only
the raw criteria values might generate false sense of confidence as
differences in values are often marginal (Preacher & Merkle, 2012).

Addressing this concern, researchers have proposed using Akaike
weights, which can be interpreted as conditional probabilities for
models (e.g., Burnham & Anderson, 2002; Wagenmakers & Farrell,
2004), thereby offering an easier interpretation of the evidence for, or
against, each model in the set. Tying in with this research, we examine
the efficacy of Akaike weights derived from the AIC, BIC, and GM
metrics in separating incorrectly specified from correctly specified
models in the PLS-SEM context. We find that in the context of our si-
mulation study design all three metrics are highly effective in separ-
ating incorrectly specified models from the correctly specified model, a
parsimonious variant, and the saturated model. However, BIC and GM
perform favorably in that both metrics put much lower weights on the
saturated model compared to AIC.

We find that with an increase in sample size, measurement model
loadings, and structural model effect sizes, Akaike weights become in-
creasingly effective at reducing model rejection uncertainty. That is, as
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sample size, measurement model loadings, and structural model effect
sizes increase, the weights for the misspecified Models 1, 3, 4, and 6
become smaller (i.e., these models get rejected more strongly). In terms
of model selection uncertainty, we find that with an increase in sample
size, AIC produces higher weights for the saturated model (Model 7),
while BIC produces higher weights for the correctly specified model and
its parsimonious variant. Thus, with an increase in sample size, BIC
becomes more effective in reducing selection uncertainty than AIC. An
increase in loadings induces higher weights in favor of the correctly
specified model while reducing the weights of the parsimonious model
for both AIC and BIC. This means that the increase in indicator loadings
makes both AIC and BIC more effective in reducing selection un-
certainty. Finally, an increase in structural model effect sizes increases
the AIC- and BIC-based weights in favor of the parsimonious model and
reduces the corresponding weights of the correctly specified and satu-
rated models. These results indicate that some caution should be ap-
plied when using Akaike weights to select amongst models that include
a strong indirect effect. The Akaike weights increasingly favor a model
that is more parsimonious in the sense of paths which indirectly affect
the focal outcome, when the effect sizes of these paths become larger.
Future research should assess whether there are remedies to this
shortcoming by, for example, first conducting model-selection by fo-
cusing on the mediator, and then proceeding to final outcome con-
structs.

Our analysis of prediction errors in the simulation study further
supports the efficacy of the three metrics from a prediction perspective.
We find that the accuracy of model-averaged predictions based on
weights derived from AIC, BIC, and GM are almost identical to that of
the best predictive model (i.e., the data generation model) and lower
than when using equal weighting approach. In contrast to the equal
weighting of the models, the prediction error based on the Akaike
weights is highly robust against misspecified models included in the set.

The results of a second simulation study, which increases the dif-
ferences in misspecifications, add to these conclusions. Specifically, the
results highlight AIC’s tendency to choose the saturated model and
underline that BIC tends to favor a model that is not incorrectly spe-
cified. In addition, the results support our main findings that both AIC
and BIC-based model-averaged predictions are as precise as the ones
obtained by using the best predictive models in the set.

The empirical demonstration, paints a slightly different picture.
When the data generating model is complex and likely not included in
the set of models being analyzed, AIC generates more accurate pre-
dictions. We thus recommend that AIC be used when the goal is gen-
erating a model-averaged prediction in empirical research.

Overall, our results clearly speak in favor of using Akaike weights
derived from BIC and GM in PLS-SEM-based model comparison tasks
rather than (1) comparing models based on raw model selection criteria
values, and (2) averaging model predictions based on equal weights.
This recommendation particularly holds when comparing models that
are close in the Information Theoretic sense and the researcher is un-
able to identify a single model as clearly superior.

Future research should extend our study by considering further si-
mulation conditions. Specifically, while our simulation model has a
similar structure and complexity as those frequently encountered in
SEM simulations (Bandalos & Gagné, 2012; Paxton et al., 2001), future
research could consider a broader variety of models with more pro-
nounced differences in model specifications. Such extensions would
facilitate assessing whether the Akaike weights pick up smaller In-
formation Theoretic differences among the models. Similarly, while
mimicking related simulation studies in PLS-SEM, future research could
vary further simulation conditions such as the number of indicators per
measurement model and the measurement model specification (re-
flective vs. formative). Considering different types of mediation models
such as conditional process models (Sarstedt, Hair, Nitzl, Ringle, &
Howard, 2020) would be particularly interesting in this regard. In ad-
dition, future simulation studies could consider a broader range of
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categories for each of the conditions. For example, Hair, Hollingsworth,
et al.'s (2017) review of PLS-SEM use in management information
systems revealed that some studies draw on much more complex
models with up to 36 constructs and sample sizes of up to 1500. Ex-
amining the performance of the Akaike weights under such boundary
conditions would further substantiate their general usefulness.
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