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ABSTRACT
In the past decade, moderated mediation analysis has been extensively and increasingly employed in
social and behavioral sciences. With its widespread use, it is particularly important to ensure the mod-
erated mediation analysis will not bring spurious results. Spurious effects have been studied in both
mediation and moderation analysis, but this issue remains unexplored in moderated mediation ana-
lysis. To fill this gap, we examined the conditions under which a spurious moderated mediation effect
in a dual stage moderated mediation model might occur. Specifically, with a hypothetical example and
three theorems, we illustrated how the index of moderated moderated mediation may conclude a
moderated mediation effect which does not actually exist. As a remedy to rule out the spurious results,
we proposed two methods which are simple and easy to implement. Based on the simulation results,
we offer researchers some practical guidelines to apply the methods in empirical research.
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1. A Note on Evaluating the Moderated Mediation
Effect

To capture the complexity of a social and psychological phe-
nomenon, statistical models that involve multiple variables
are often adopted. Mediation and moderation models are two
of the most widely used statistical models in social and
behavioral sciences (Aguinis et al., 2005, 2017; MacKinnon &
Fairchild, 2009; Preacher, 2015). They help to identify the
underlying mechanisms and the boundary conditions of a
relationship (Aiken & West, 1991; Baron & Kenny, 1986;
Cohen et al., 2003). Both of these models have been fre-
quently tested over the past thirty years. There is also another
statistical model that has been widely and increasingly tested
in the past decade—a moderated mediation model.

Using the PsycINFO database, a literature search was
conducted on various disciplines including social, health,
organizational and behavioral sciences, covering the years
between 2006 and 2020. In the past decade, 34 papers tested
a moderated mediation model in 2010, 175 papers in 2015,
and 551 papers in 2020, clearly revealing an ever-increasing
trend for testing a moderated mediation model (Figure 1).
Moreover, according to the Google Scholar Citation Index,
the key methodological papers that discuss the moderated
mediation model have been cited 22,971 times (e.g.,
Edwards & Lambert, 2007; Fairchild & MacKinnon, 2009;
Hayes, 2015, 2018; Muller et al., 2005; Preacher et al., 2007).
Work discussing a user-friendly macro in SPSS, SAS, and R
to test a moderated mediation model (PROCESS; Hayes,
2022; Hayes & Rockwood, 2017, 2020; Hayes et al., 2017;
Igartua & Hayes, 2021) has been cited 53,479 times. Recent

research continues to initiate advancements in moderated
mediation, including the extension to latent variables
(Chen & Cheng, 2014; Cheung & Lau, 2017), Bayesian esti-
mation (Wang & Preacher, 2015; Wedel & Dong, 2022),
multilevel contexts (Bauer et al., 2006; Kim & Hong, 2020),
differentiation from mediated moderation (Kwan & Chan,
2018; Ng et al., 2019), effect size (Liu et al., 2022), causal
assumptions (Loeys et al., 2016), robust methods (Yuan &
Gomer, 2021), component vs. index approaches (Yzerbyt
et al., 2018) and power analysis (Thoemmes et al., 2010).
These figures indicate a widespread and emerging interest
in moderated mediation analysis across disciplines.

If a statistical model is extensively utilized, it is quite
important to ensure that the model will not conclude a
spurious effect. A spurious effect refers to a null effect that
is incorrectly found to be significant due to statistical arti-
facts (Lubinski & Humphreys, 1990). Under some condi-
tions, a statistical model may indicate the presence of an
effect that does not exist, yielding a spurious effect. The
issue of spurious effect has been studied in both mediation
(e.g., Lemmer & Gollwitzer, 2017; Shrout & Bolger, 2002)
and moderation models (e.g., Harring et al., 2015; Kromrey
& Foster-Johnson, 1999). Nonetheless, this issue remains
unexplored in a moderated mediation model. Therefore, we
aim at investigating the spurious moderated mediation
effect. In general, there are two basic moderated mediation
models, namely the first stage (Figure 2A) and second stage
(Figure 2B) moderated mediation models. Based on this, a
more general model can be formulated by combining the
first stage and the second stage moderated mediation effects,
yielding a dual stage moderated mediation model
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(Figure 2C). In this article, we aim at studying the spurious
effect in this model.

In the following sections, we first discuss the formulation
of a dual stage moderated mediation model. With a hypo-
thetical example, we then illustrate the methodological prob-
lem in the model through three theorems and propose two
methods (viz., the inverse- and log-transformation methods)
to rule out the spurious effect. Using simulated data, we
examine the statistical performance of the two methods and

provide practical guidelines for applied researchers to use to
check for the spurious moderated mediation effect based on
some recommended cut-off values.

2. Moderated Mediation Models

James and Brett (1984) released the additivity requirement
of mediation by including a moderator into the mediation
model and attempted to demonstrate the existence of a
moderated mediation model. After systematically formulat-
ing the tests of mediation and moderation models, Baron
and Kenny (1986) also presented an example combining
both mediation and moderation models, demonstrating the
possibility of establishing a moderated mediation model.
Built upon the previous work, Muller et al. (2005) com-
prehensively laid out the model equations underlying a
moderated mediation process and introduced a fundamen-
tal equality to decompose a moderated overall effect into a
moderated mediation effect and a moderated direct effect.
In general, moderated mediation refers to a mediating
process being moderated by one or more variables and
can be manifested in different forms. Moderated mediation
varies in different forms, depending mostly on the number
of moderators and the paths being moderated. Edwards
and Lambert (2007) and Preacher et al. (2007) discussed a
number of common forms and highlighted the mathemat-
ical expression of the moderated mediation effect (also
known as the conditional indirect effect) for each form
(see also Little et al., 2007). In general, the two most com-
mon forms of moderated mediation are the first stage
(Figure 2A) and second stage (Figure 2B) moderated
mediation models in which either the first stage or second
stage of a mediating process varies as a function of a
moderator (see also Models B and C in Edwards &
Lambert, 2007 and Little et al., 2007; Models 2 and 3 in
Preacher et al., 2007). The first stage and second stage
moderated mediation models can be combined as another
common form—a dual stage moderated mediation model
(Figure 2C), which is also the model of interest in this

Figure 1. An exponentially increasing trend in testing a moderated mediation
model in applied research from 2006 to 2020.

Figure 2. Conceptual models of the first stage (A), Second stage (B), and Dual stage (C) Moderated mediation, and the working model of the dual stage moderated
mediation (D).
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article (see also Model D in Little et al., 2007; Model 4
in Preacher et al., 2007).

2.1. Dual Stage Moderated Mediation Model

In a dual stage moderated mediation model, the first and
second stages of a mediating process are influenced separ-
ately by two moderators. This model is represented with
two model equations (see Figure 2D):

M ¼ a0 þ a1X þ a2W þ a3WX þ eM, (1)

Y ¼ b0 þ b1M þ b2Z þ b3ZM þ cX þ eY : (2)

Combining Equations (1) and (2), we have

Y ¼ b0 þ b1 a0 þ a1X þ a2W þ a3WX þ eMð Þ þ b2Z
þb3Z a0 þ a1X þ a2W þ a3WX þ eMð Þ þ cX þ eY
¼ b0 þ a0b1 þ a1b1X þ a2b1W þ a3b1WX þ b1eM
þb2Z þ a0b3Z þ a1b3ZX þ a2b3WZ þ a3b3WZX
þb3ZeM þ cX þ eY
¼ b0 þ a0b1ð Þ þ a2b1W þ b2 þ a0b3ð ÞZ þ a2b3WZ½ �
þ a1b1 þ cð Þ þ a3b1W þ a1b3Z þ a3b3WZð Þ� �

X
þ b1eM þ b3ZeM þ eYð Þ

(3)

Based on the reduced form Equation (3), one can express
the unconditional, conditional, and total effect of X on Y as
follows (see also Hayes, 2018; Preacher et al., 2007):

(i) the unconditional (indirect and direct) effect of X on Y
is a1b1 þ c,

(ii) the conditional (indirect) effect of X on Y (conditional
on W and Z) is

c W,Zð Þ ¼ a3b1W þ a1b3Z þ a3b3WZ, (4)

(iii) and the total (unconditional and conditional) effect of
X on Y is

TYjX ¼ a1b1 þ cð Þ þ c W,Zð Þ ¼ cþ ða1 þ a3WÞðb1 þ b3ZÞ:
(5)

2.2. Index of Moderated Moderated Mediation

From Equation (4), the conditional indirect effect from X to
Y through M is a multiplicative function of W and Z:
Hayes (2018) proposed the product coefficient a3b3 as an
index of moderated moderated mediation, which quantifies
the rate of change in the moderation effect of W on the
indirect effect as Z changes, or equivalently the rate of
change in the moderation effect of Z on the indirect effect
as W changes. In other words, if a3b3 is different from zero,
one can conclude a moderated mediation effect (or a condi-
tional indirect effect) by W and Z and it is expected that
the mediation effect of X on Y through M varies across dif-
ferent combinations of W and Z: More importantly, as will
be shown in Theorem 1 below, it is only the interaction
effect of W and Z (a3b3) in Equation (4) that is scale inde-
pendent with respect to the transformation in the two mod-
erators W and Z: On the other hand, according to the
principle of marginality (Nelder, 1977), the main effects of
W and Z (viz., a3b1 and a1b3) are scale dependent and mar-
ginal to their interaction effect and therefore, they may not

be interpreted in a meaningful way. Consequently, the index
of moderated moderated mediation is believed to precisely
describe the relationship between the size of the indirect
effect and the two moderators W and Z:

2.3. An Illustrative Example

In social and behavioral sciences literature, a dual stage
moderated mediation model is typically formulated by com-
bining two moderation models. For instance, Li et al. (2015)
first hypothesized a moderation effect in which the influence
of caregiving demands on family-to-work conflict might
depend on the perceived strain in the family. They also pro-
posed that the support received from a supervisor might
alter the effect of family-to-work conflict on one’s mental
health. Taken together, a dual stage moderated mediation
model was formulated, testing if the psychological conflict
mechanism between caregiving demands and mental health
would be contingent on the psychological resources received
from the family and supervisor. Similar examples in social
and behavioral sciences can be found in Armstrong et al.
(2014), Bamberger and Belogolovsky (2017), Dufour et al.
(2020), Gopalan et al. (2022), Laran et al. (2011), Mitchell
et al. (2015), Racine and Martin (2017), and Yaffe and Kark
(2011).

Following the above scenario, we present a hypothetical
example to illustrate the dual stage moderated mediation
model and the index of moderated moderated mediation.
We also use this example to illustrate the theorems dis-
cussed below. Given a population model of a dual stage
moderated mediation (see Equations 1 and 2, and Figure
2D) where a0 ¼ b0 ¼ 0, a1 ¼ a2 ¼ b1 ¼ b2 ¼ c ¼ 0.4, and
a3 ¼ b3 ¼ 0.2, the effects of interest are the two moderation

effects from W ð W
#

X ! M
Þ and Z ð Z

#
M ! Y
Þ. As a3

(b3Þ is non-zero, W (Z) moderates the effect of X (M) on
M (Y). A sample of 10 observations was generated to visual-
ize the moderation patterns graphically (Table 1). As shown
in Figure 3A, W exacerbates the positive effect of X on M
such that the effects of X are 0.06, 0.41, and 0.78 when W is
relatively small (–1.71), moderate (0.04), and large (1.90),
respectively. As shown in Figure 3B, Z exacerbates the posi-
tive effect of M on Y (after accounting for the effect of X
on Y) such that the effects of M are 0.03, 0.48, and 1.16
when Z is relatively small (–1.85), moderate (0.41), and

Table 1. Sample of observations in the hypothetical example.

Raw variables Transformed variables

Obs X M Y W Z W0 Z0

1 0.52 –0.74 0.87 –1.88 3.80 0.12 5.80
2 0.95 –0.63 0.24 –1.71 0.41 0.29 2.41
3 1.28 –0.16 –0.03 –1.02 –1.29 0.98 0.71
4 0.14 –0.37 –0.52 –1.00 –1.30 1.00 0.70
5 2.06 0.06 0.30 –0.95 –1.34 1.05 0.66
6 1.69 0.71 0.06 0.04 –1.66 2.04 0.34
7 0.33 0.65 –0.55 1.11 –1.78 3.11 0.22
8 1.33 1.61 –0.13 1.61 –1.81 3.61 0.19
9 3.33 3.36 0.73 1.90 –1.82 3.90 0.18
10 2.33 3.27 0.29 2.70 –1.85 4.70 0.15
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large (3.80), respectively. Taken together in a dual stage
moderated mediation model, the effect of X on Y through
M is conditional on different values of W and Z since the
index of moderated moderated mediation (a3b3 ¼ 0:04) is
non-zero. Therefore, in this example, one can conclude the
presence of a moderated mediation effect by W and Z:
Critically, as the question of interest in this article, is it pos-
sible for the moderated mediation effect concluded to be
spurious?

3. A Spurious Moderated Mediation Effect

The problem of spurious effect is a long-standing one in
methodological research (Maxwell & Delaney, 1993;
Simon, 1954). The problem of spurious effect has been
investigated in both mediation and moderation analyses
but this issue is rarely explored in moderated mediation
analysis. Specifically, we will reveal that, under a certain
condition, the index of moderated moderated mediation
may indicate the presence of a moderated mediation
effect that does not actually exist (i.e., a spurious moder-
ated mediation effect) in a dual stage moderated medi-
ation model.

In the following sections, three theorems will be used to
illustrate the problem of the spurious moderated mediation
effect. Theorem 1 demonstrates the effect of location shift of
W and Z on the unconditional and conditional effect of X
on Y: Theorem 2 demonstrates how the conditional effect
of X on Y changes as a result of a location shift of W and
Z: Theorem 3 further demonstrates the condition under
which a spurious moderated mediation effect might occur.

Furthermore, we assume a3 6¼ 0 and b3 6¼ 0 in all these the-
orems, so that W and Z moderate the first and second
stages of the mediation pathway, respectively. The hypothet-
ical example discussed above will then be used to exemplify
the theorems. As a remedy, two methods are proposed to
rule out the possibility of concluding a spurious moderated
mediation effect.

Theorem 1. A location shift of W and Z will change the
unconditional effect of X on Y and the main effects of W
and Z, but it will not change the interaction effect of W
and Z:

Proof. Consider a location shift transformation of W and
Z such that W� ¼W þ k and Z� ¼ Z þm, where k and m
are two location shift constants. From Equation (5),

TYjX ¼ a1b1 þ cð Þ þ ða3b1W þ a1b3Z þ a3b3WZÞ
¼ a1b1 þ cþ a3b1ðW� � kÞ þ a1b3ðZ� �mÞ
þa3b3ðW� � kÞðZ� �mÞ
¼ a1b1 þ cþ a3b1W� � a3b1kþ a1b3Z� � a1b3m
þa3b3W�Z� � a3b3kZ� � a3b3mW� þ a3b3km

¼ a1 � a3kð Þ b1 � b3mð Þ þ c½ � þ ½a3ðb1 � b3mÞW�

þða1 � a3kÞb3Z� þ a3b3W�Z��
¼ a�1b

�
1 þ c½ � þ ½a3b�1W� þ a�1b3Z

� þ a3b3W�Z��,
(6)

where a�1 ¼ a1 � a3k and b�1 ¼ b1 � b3m:
From Equation (6), we can see that after the location

shift transformation of W and Z, the unconditional (indir-
ect and direct) effect of X on Y is

a�1b
�
1 þ c ¼ ða1 � a3kÞðb1 � b3mÞ þ c, (7)

and the conditional (indirect) effect of X on Y (conditional

Figure 3. Simple slope plots for the first stage (A) and Second stage (B) of a Mediation process.
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on W� and Z�) is

c W�,Z�ð Þ ¼ a3b�1W
� þ a�1b3Z

� þ a3b3W�Z�

¼ a3ðb1 � b3mÞW� þ ða1 � a3kÞb3Z� þ a3b3W�Z�:
(8)

In other words, the unconditional indirect and direct
effects are scale dependent with respect to the transform-
ation of W and Z: For the conditional indirect effect, the
main effect of W� (a3b�1) and Z� (a�1b3) are also scale
dependent, while the interaction effect of W� and Z� (a3b3)
is scale invariant with respect to the transformation.

Corollary (1). Define

k0 ¼ a1
a3

and m0 ¼ b1
b3

, (9)

and consider a location shift transformation of W and Z
such that W0 ¼W þ k0 and Z0 ¼ Z þm0: According to
Equations (7) to (9),

(i) the unconditional (indirect and direct) effect of X on Y
is

a01b
0
1 þ c ¼ a1 � a3k

0ð Þ b1 � b3m
0ð Þ þ c

¼ a1 � a3
a1
a3

� �� �
b1 � b3

b1
b3

� �� �
þ c

¼ c,

which is indeed the direct effect of X on Y:

(ii) The conditional (indirect) effect of X on Y (conditional
on W0 and Z0) is

c W0,Z0ð Þ ¼ a3 b1 � b3m
0ð ÞW0 þ a1 � a3k

0ð Þb3Z0 þ a3b3W
0Z0

¼ a3b3W
0Z0:

With an appropriate transformation, therefore, it is pos-
sible to eliminate the lower-order terms in c W,Zð Þ and the
size of the conditional effect becomes a3b3: Given the fact
that moderators in social sciences research are usually arbi-
trarily scaled (e.g., interval scale data), testing the hypothesis
a3b3 ¼ 0 appears to be a reasonable way to examine if the
conditional indirect effect of X on Y exists.

Theorem 2. The conditional effect of X on Y will change
by a constant after a location shift of W and Z:

Proof. Consider a location shift transformation of W and
Z such that W� ¼W þ k and Z� ¼ Z þm: Based on
Equations (4) and (8), the difference between c W,Zð Þ and
c W�,Z�ð Þ is

D ¼ c W,Zð Þ � c W�,Z�ð Þ
¼ ða3b1W þ a1b3Z þ a3b3WZÞ � ða3b�1W� þ a�1b3Z

�

þa3b3W�Z�Þ
¼ a3b1W þ a1b3Z þ a3b3WZ � a3 b1 � b3mð Þ W þ kð Þ
� a1 � a3kð Þb3 Z þmð Þ � a3b3ðW þ kÞðZ þmÞ
¼ a3b1W þ a1b3Z þ a3b3WZ � a3b1W þ a3b3mW
�a3b1kþ a3b3km� a1b3Z þ a3b3kZ � a1b3m
þa3b3km� a3b3WZ � a3b3kZ � a3b3mW � a3b3km

¼ �a3b1k� a1b3mþ a3b3km:

(10)

From Equation (10), we can see that D is a constant as it
does not depend on either W or Z:

Corollary (2). If c W,Zð Þ ¼ c where c is a constant, then
c W�,Z�ð Þ ¼ c� D will remain to be a constant.

For example, if b1 6¼ 0 and by choosing k ¼ �c
a3b1

and m ¼
0, then D ¼ c according to Equation (10). In other words,
c W�,Z�ð Þ ¼ 0: Similarly, if a1 6¼ 0 and by choosing k ¼ 0
and m ¼ �c

a1b3
, then D ¼ c and c W�,Z�ð Þ ¼ 0:

Corollary (3). Suppose c W,Zð Þ ¼ c is a constant. By choos-
ing k ¼ k0 and m ¼ m0,

D ¼ �a3b1 a1
a3

� �
� a1b3

b1
b3

� �
þ a3b3

a1
a3

b1
b3

� �
¼ �a1b1:

(11)

Together with Corollary (1),

c W0,Z0ð Þ ¼ a3b3W0Z0 ¼ cþ a1b1

W0Z0 ¼ cþ a1b1
a3b3

¼ c0 þ k0m0 (12)

where c0 ¼ c=a3b3: When the conditional effect is a con-
stant, the product of W0 and Z0 will also be a constant,1 or
vice versa. Therefore, it is theoretically possible for the con-
ditional effect of X on Y not to vary across different values
of W and Z even when a3b3 is non-zero, yielding a spurious
moderated mediation effect.

Theorem 3. When a specific nonlinear relationship exists
between W and Z (that is, Z ¼ �m0 þ d

Wþk0 where d is a
non-zero constant), the conditional effect of X on Y will be
equal to a constant, c: That is, c W,Zð Þ ¼ c:

Proof. Let

Z ¼ �m0 þ d
W þ k0

, (13)

where d is a non-zero constant. From Equations (4) and
(13), we have

c W,Zð Þ ¼ a3b1W þ a1b3Z þ a3b3WZ

¼ a3b1W þ a1b3 �m0 þ d
W þ k0

� �
þ a3b3W �m0 þ d

W þ k0

� �

¼ a3b1W þ �a1b3m0 þ a1b3d
W þ k0

� �
þ �a3b3m0W þ a3b3dW

W þ k0

� �

¼ a3b1W þ �a1b1 þ a1b3d
W þ k0

� �
þ �a3b1W þ a3b3dW

W þ k0

� �
¼ �a1b1 þ a3b3dðW þ k0Þ

W þ k0
¼ �a1b1 þ a3b3d ¼ c,

(14)

where d ¼ cþa1b1
a3b3
¼ c0 þ k0m0, and c 6¼ �a1b1 to ensure d 6¼

0: When Equation (13) holds, the conditional indirect effect
will no longer be “conditional,” and the index of moderated
moderated mediation can be misleading as it may conclude
a spurious moderated mediation effect. Besides, when
Equation (13) holds, W0 and Z0 are inversely proportional.

1In relation to this, c 6¼ �a1b1 , or c0 6¼ �k0m0: Otherwise, W 0Z0 ¼ 0,
indicating that at least one of the moderators is a constant (i.e., W ¼ �k0 or
Z ¼ �m0) which is rare in empirical research.
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2.4. A Brief Discussion of Theorems

As a whole, three theorems were used to illustrate the prob-
lem of the spurious moderated mediation effect. In terms of
identifying a spurious moderated mediation effect, Theorem
3 has the most direct implication since it highlights the con-
dition where a spurious moderated mediation effect occurs
(see Equation 13). Yet, we would like to emphasize that
Theorems 1 and 2 are equally essential in illustrating the
problem of the spurious moderated mediation effect.

On the one hand, Theorem 1 offers a mathematical justi-
fication of looking into a3b3 for the evidence of concluding
a moderated mediation effect. As shown in Equation (4),
the conditional effect in a dual stage moderated mediation
model involves multiple components, and it is unclear
which component should be focused to conclude a moder-
ated mediation effect. Thus, through Theorem 1, we are
able to locate the most appropriate conditional component
(i.e., the scale-independent a3b3) and lay the foundation of
studying which component may have a possibility in con-
cluding a spurious moderated mediation effect.

On the other hand, Theorem 2 states that the moderated
mediation effect will change by a constant given a location
shift of the moderators. Subsequently, if a spurious moder-
ated mediation effect is found under the original metrics of
the moderators, it will remain spurious regardless of any
location shift of the moderators. In social sciences research,
variables are often measured in an interval scale where the
choice of location is arbitrary and therefore, location shift of
variables (e.g., linear transformation of interval variables) is
indeed common in empirical research. In essence, Theorem
2 shows that the problem of spurious moderated mediation
effect will persist even if the moderators undergo a linear
transformation.

2.5. The Illustrative Example (Continued)

With the above hypothetical example, we will illustrate fur-
ther the implications of the theorems. To recap the example,
both a3 and b3 are non-zero, revealing the presence of two
moderation effects in a dual stage moderated mediation
model. More importantly, the product coefficient a3b3 is
non-zero, indicating the presence of a moderated mediation
effect where the mediation effect should vary depending on
different values of W and Z: In the previous section, we
ended the example by asking if it is possible for the con-
cluded moderated mediation effect to be spurious. The
answer is yes, the concluded moderated mediation effect is
indeed spurious.

Based on Theorem 1, after transforming W and Z to W0

and Z0 where k0 ¼ m0 ¼ 0:4
0:2 ¼ 2 (see the transformed varia-

bles in Table 1), the conditional indirect effect of X on Y by
W0 and Z0 (c W0,Z0ð Þ) is a3b3W0Z0 (i.e., 0:22 �W0Z0). Based
on Theorem 2, even though a3b3 is non-zero, it is possible
that the conditional indirect effect of X on Y is not
“conditional,” showing a constant over different values of
W0 and Z0: For instance, the indirect effects of X on Y
through M across different values of W0 and Z0 for the first
three observations are

c W0
1,Z
0
1

� � ¼ 0:22 � ð0:12Þ � ð5:80Þ ¼ 0:028;

c W0
2,Z
0
2

� � ¼ 0:22 � ð0:29Þ � ð2:41Þ ¼ 0:028;

c W0
3,Z
0
3

� � ¼ 0:22 � ð0:98Þ � ð0:71Þ ¼ 0:028:

The same pattern can also be seen in the conditional
indirect effect of X on Y by W and Z in Equation (4):

c W1,Z1ð Þ ¼ 0:4� 0:2� �1:88ð Þ þ 0:4� 0:2� 3:80ð Þ þ 0:2

� 0:2� �1:88ð Þ � ð3:80Þ
¼ �0:132

c W2,Z2ð Þ ¼ 0:4� 0:2� �1:71ð Þ þ 0:4� 0:2� 0:41ð Þ þ 0:2

� 0:2� �1:71ð Þ � ð0:41Þ
¼ �0:132

c W3,Z3ð Þ ¼ 0:4� 0:2� �1:02ð Þ þ 0:4� 0:2� �1:29ð Þ
þ 0:2� 0:2� �1:02ð Þ � ð�1:29Þ

¼ �0:132:
A 3D plot was constructed to visualize the effect of X on

Y (y-axis) by W (z-axis) and Z (x-axis). As shown in Figure
4, the indirect effect of X on Y shows a flat plane over W
and Z, again indicating that the conditional indirect effect
of X on Y is a constant. As a result, even though the index
of moderated moderated mediation is non-zero, there is no
moderated mediation effect in the example because the
effect of X on Y is not conditional on W and Z (or W0 and
Z0). In this sense, a spurious moderated mediation effect is
concluded.

Based on Theorem 3, if Equation (13) holds, W0 and Z0

are inversely proportional and a spurious moderated medi-
ation effect results. This is evident in the example. Given
Z ¼ �m0 þ d

Wþk0 where d ¼ cþa1b1
a3b3
¼ �:132þ0:160:04 ¼ 0:70,

Equation (13) holds:

Z1 ¼ �2þ 0:70
W1 þ 2

¼ 3:80 ;

Z2 ¼ �2þ 0:70
W2 þ 2

¼ 0:41 ;

Z3 ¼ �2þ 0:70
W3 þ 2

¼ �1:29:

As demonstrated, a specific nonlinear relationship exists
between W and Z and it contributes to the spurious moder-
ated mediation effect in the example.

3. Two Proposed Methods

The hypothetical data set in Table 1 showed clearly that it is
extremely difficult for one to tell if the moderated mediation
effect is indeed spurious by simply “looking at the data”.
Similarly, the correlation between W and Z is �:64, a rather
typical value that may not be informative enough to provide
any insight for spotting the problem either (see also our dis-
cussion section below). As a result, we propose two empir-
ical methods for evaluating if the conditional indirect effect
is a constant (i.e., c W,Zð Þ ¼ c), namely the inverse-
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transformation method and the log-transformation method.
For both methods, we first estimate k0 and m0 in Equation
(9) by fitting a dual stage moderated mediation model to
the sample data. Then, we transform W and Z to W0 and Z0

accordingly.

3.1. Inverse-Transformation Method

According to Equation (13), Z0 and W0 are inversely pro-
portional across observations. The correlation between Z0

and 1
W0 (or W

0 and 1
Z0) is expected to be þ1.0 when d is posi-

tive and �1.0 when d is negative. As the population value
of d (d ¼ cþa1b1

a3b3
) is generally unknown, we take the square

for both sides in Equation (13):

Z02 ¼ d2

W02

As such, the correlation between Z02 and 1
W02 (or W

02 and
1
Z02) is þ1.0 regardless of the population value of d: To illus-
trate the use of this method, consider our hypothetical
example where a spurious moderated mediation effect is
present. Two sets of correlations between one transformed
moderator and the inverse of another transformed moder-
ator were computed on the observations in Table 1. The
correlations between Z02 and 1

W02 as well as W
02 and 1

Z02 equal

þ1.0, indicating the presence of a spurious moderated medi-
ation effect.

3.2. Log-Transformation Method

According to Equation (12), the product of W0 and Z0 will
be a constant when the conditional indirect effect is a con-
stant. In this method, we consider a log-transformation for
the variables in Equation (12).2

To avoid negative values before transformation, we take
the square for both sides:

W02Z02 ¼ ðc0 þ k0m0Þ2
logðW02Þ þ logðZ02Þ ¼ logð c0 þ k0m0Þ2

� �
¼ log d2ð Þ (15)

From Equation (15), the sum of the log-transformed vari-
ables of W0 and Z0 is equal to a constant across observa-
tions. We call this the log-ipsative property of W0 and Z0:
Based on this property, the correlation between the log-
transformed W02 and Z02 across the observations is expected
to be �1.0 when the conditional indirect effect is a constant.
Unlike the inverse-transformation method, only one set of
correlations is required as the log-transformation is done on

Figure 4. A 3D plot visualizing the conditional indirect effect of X on Y(y-axis) by W(z-axis) and Z (x-axis).

2Although the common logarithm is used here, different types of logarithms
(e.g., natural logarithm) are applicable to this method and will yield the same
results.
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both moderators. To illustrate the use of this method, we
computed the correlation between the log-transformed W02

and Z02 in our example, which is equal to �1.0, again indi-
cating the presence of a spurious moderated mediation
effect.

Overall, if the conditional indirect effect is a constant at
the population level, we expect to observe the correlations
of þ1.0 and �1.0 in the inverse- and log-transformation
methods, respectively. Nonetheless, the estimated coeffi-
cients in a dual stage moderated mediation model (e.g., a1,
a3, b1, and b3) are subject to sampling bias with a finite
sample. As such, the product of the transformed moderators
in Equation (12) may not be a constant in empirical studies
even when the conditional indirect effect is a constant at the
population level. Therefore, the correlations tested in both
methods will generally deviate from þ1.0 or �1.0 at the
sample level (unlike the hypothetical example where the
model coefficients are assumed to be known).

4. A Simulation Study Examining Inverse- and Log-
Transformation Methods

Although the proposed methods are theoretically feasible,
their empirical performance in revealing a spurious moder-
ated mediation effect with sample data is unclear. Since
both methods count on the estimate of the regression coeffi-
cients in the model (viz., ba1 , ba3 , bb1 , and bb3), their perform-
ance may depend largely on the sample size in an empirical
study. A Monte Carlo simulation study was conducted to
evaluate the empirical performance of the two methods over
a wide range of sample sizes. We also used the simulation
results to establish some cut-offs for the correlations in both
methods at the sample level.

4.1. Model Specification

A dual stage moderated mediation model was considered as
the population model in this simulation study (Figure 2C).
In this model, variables X, M, Y , W, and Z are regarded
as the independent, mediating, dependent, first stage moder-
ating, and second stage moderating variables respectively.
This model is represented with two model equations (Figure
2D):

M ¼ a0 þ a1X þ a2W þ a3WX þ eM, (16)

Y ¼ b0 þ b1M þ b2Z þ b3ZM þ cX þ eY : (17)

The values of the population parameters in the two
model equations were specified as follows: a0 ¼ b0 ¼ 0,
a1 ¼ a2 ¼ b1 ¼ b2 ¼ c ¼ 0.40, a3 ¼ b3 ¼ 0.20. These
selected values are consistent with previous simulation stud-
ies (e.g., Cheung & Lau, 2017; Klein & Moosbrugger, 2000;
Liu et al., 2022; Preacher et al., 2007; Wang & Preacher,
2015).

4.2. Study Design and Procedure

In this simulation study, we manipulated a wide range
of sample sizes to draw the recommendations on the

cut-off values for the correlations in both methods. Ten
levels of sample size ranging from N¼ 100 to N¼ 1000
in an interval of 100 were manipulated to cover a rea-
sonable range of sample sizes in social and behavioral
sciences.

Given the model specified in (16) to (17), data was gen-
erated for each sample size condition in three steps. First,
X was drawn from a normally distributed population with
zero mean and unit variance, while eM and eY were gener-
ated from a normally distributed population with zero
mean(s) and their variances(s) were manipulated to yield
30% and 40% explained variance in M and Y respectively.
The average sizes of the main effect (viz., a1, a2, b1, b2,
and c) and the moderation effect (viz., a3 and b3) in
Equations (16) to (17) were 18.0% (from 7.9% to 35.3%)
and 8.4% (from 7.2% to 9.5%), respectively. These values
fall within the common range reported in previous empir-
ical studies (e.g., Champoux & Peters, 1987; Chaplin, 1991;
Jaccard & Wan, 1995) and simulation studies (e.g., Foldnes
& Hagtvet, 2014; Marsh et al., 2004; Moulder & Algina,
2002; Ng & Chan, 2020). Second, W was drawn from an F
distribution with df1 ¼ df2 ¼ 10. In this case, the mean
and variance of 1

W is well-defined in an F distribution. W
was then converted to 1

W , and Z was derived from 1
W

through Equation (13) with k0 ¼ m0 ¼ 0:4
0:2 ¼ 2 and d ¼ 2.

As the mean and the variance of 1
W is well-defined in an F

distribution, the mean and variance of Z is also well-
defined. Covariances among error terms as well as cova-
riances between error terms and exogenous variables were
fixed at zero. Finally, WX was computed by multiplying X
by W, while M was derived by X, W, and WX through
Equation (16). ZM was computed by multiplying M by Z,
while Y was derived by X, M, Z, and ZM through
Equation (17).

In addition to examining the performance of the pro-
posed methods in conditions where a spurious moderated
mediation effect occurs (as mentioned in the above data
generation procedures), we included conditions where a
genuine moderated mediation effect exists for comparison
purposes. The simulation settings for these comparison
conditions are the same as those in the spurious effect con-
ditions, except for one setting in the second step of the
data generation procedures mentioned above. Specifically,
in the comparison conditions, Z was not derived by 1

W
through Equation (13), but instead through a linear model
Z ¼ �W þ e, where e is a normally distributed random
variable with variance properly manipulated to give a cor-
relation of �0.60 between Z and W: This value of correl-
ation is the same as that in the spurious effect conditions.
Overall, our simulation study examined ten sample size
levels ranging from N¼ 100 to N¼ 1000 in both conditions
with either a spurious or genuine moderated mediation
effect.

R (R Development Core Team, 2021) was used for data
generation and analysis. In each simulation condition, 1,000
replications were generated. In each replication, a dual stage
moderated mediation model was tested using the R package
of lavaan (Rosseel, 2012). Four model fit measures,
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including v2 (df ¼ 3),3 comparative fit index (CFIÞ, root
mean square error of approximation (RMSEA), and standar-
dized root mean square residual (SRMR), were computed
for the tested model. To test the index of moderated moder-
ated mediation, a bias-corrected bootstrap confidence inter-
val was constructed by 1,000 bootstrap samples. The
estimates of a1, a3, b1, and b3 were retrieved from the
tested model to transform W and Z to W0 and Z0: Then,
the correlations between (i) Z02 and 1

W02 , (ii) W02 and 1
Z02 ,

and (iii) the log-transformed W02 and Z02 were computed
for evaluation.

4.3. Results of the Simulation Study

In the following sections, we would mainly discuss the
results of the conditions where a spurious moderated medi-
ation effect occurs. For these conditions, the simulation
results on the model fit measures and model coefficients of
the dual stage moderated mediation model are presented in
Tables 2 and 3, respectively. Three dependent measures
were included to evaluate the model coefficients, namely
relative bias for point estimates, relative bias for standard
error estimates, and empirical power. Table 4 presents two
dependent measures to compare the inverse- and log-trans-
formation methods, namely the average correlation across
replications and the threshold of correlation based on per-
centile. Finally, for comparison purposes, we would briefly
discuss the results of the conditions with a genuine moder-
ated mediation effect. Due to space constraints, the simula-
tion results of the comparison conditions are presented in
supplementary materials (see Tables S1 and S2). In all
tables, results are presented over the ten levels of sample
size.

4.3.1. Model Fit Measures
To examine the goodness-of-fit of the dual stage moderated
mediation model, we computed the average for model chi-
square and three goodness-of-fit indices across the 1,000
replications (viz., v2 , CFI , RMSEA, and SRMR). Since the
correct model is fitted to the data, the chi-square statistic is
expected to follow a chi-square distribution with the corre-
sponding degrees of freedom (i.e., df ¼ 3). Therefore, the
mean of the chi-square statistics across replications is
expected to be 3. Based on the conventional cut-off criteria
(Hu & Bentler, 1999), we consider a model having an
acceptable fit to the data if CFI > .95, RMSEA < .06, and
SRMR < .06. As shown in Table 2, the average chi-square
statistic (v2) was close to its expected mean of 3 in all sam-
ple size conditions. All goodness-of-fit indices indicated a
good fit to the data in all conditions; the model fit improved
as the sample size increased.

4.3.2. Model Coefficients
The relative percentage bias was used to evaluate the accur-
acy of the point and standard error estimates of the model
coefficients (e.g., ba3 and bb3). They were defined as:

B% b̂
� �
¼ b̂ � b

b
� 100,

B% dSEb̂� 	
¼

dSEb̂ � ESD b̂
� �

ESD b̂
� � � 100,

where b is the population value of a model coefficient, b̂ is
the average of the point estimate of b across replications,dSEb̂ is the average of the standard error estimate of b̂ across
replications, and ESDðb̂Þ is the empirical standard deviation
of b̂ across replications. A good estimation method should
have a relative percentage bias of less than 10% for the
point and standard error estimates (Flora & Curran, 2004;
Hoogland & Boomsma, 1998). To evaluate the empirical
power, the empirical rejection rate of b̂ (RR b̂

� �
) at a level

of significance of 5% was computed by dividing the number
of significant replications by the total number of replica-
tions. A good estimation method should have an empirical
power close to the nominal statistical power of 80%. The
results on model coefficients are presented in Table 3.

4.3.2.1. Main Effects (a1, a2, b1, b2, and c). In all sample
size conditions, the point and standard error estimates of all
main effects showed a relative percentage bias of less than
10%; the empirical power of all main effects was larger
than 80%.

4.3.2.2. Moderation Effects (a3 and b3). The point and
standard error estimates of the two moderation effects
showed a trivial bias (i.e., a relative percentage bias of less
than 10%) in all conditions. The two moderation effects
showed an acceptable empirical power if N¼ 200 or larger.

4.3.2.3. Index of Moderated Moderated Mediation (a3b3).
In all sample size conditions, the index of moderated mod-
erated mediation showed a relative percentage bias of less
than 10% in the point estimate and in the bootstrap stand-
ard error estimate. Based on the bias-corrected bootstrap
confidence interval, the test of a3b3 yielded an empirical
power of at least 80% when N¼ 200. In general, its empir-
ical power was enhanced as the sample size increased,
though the enhancement stabilized from N¼ 300.

Table 2. Model Fit Measures across Conditions.

N v2 CFI RMSEA SRMR

100 3.139 0.996 0.034 0.020
200 3.034 0.998 0.022 0.014
300 3.109 0.999 0.019 0.012
400 3.110 0.999 0.016 0.011
500 3.081 0.999 0.015 0.009
600 3.214 0.999 0.014 0.009
700 3.004 0.999 0.012 0.008
800 3.095 1.000 0.012 0.008
900 2.934 1.000 0.010 0.007
1000 3.009 1.000 0.009 0.007

3The covariance between ZM and eM is a free parameter. The total number of
free parameters is 25.
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Altogether, even though the moderated mediation effect
is manipulated to be spurious in these conditions, the dual
stage moderated mediation model still fitted the data well
and the index of moderated moderated mediation still
showed a high empirical rejection rate leading one to con-
clude the presence of a moderated mediation effect.

4.3.3. Two Methods to Rule out the Spurious Moderated
Mediation Effect
To evaluate the two proposed methods in indicating the
spurious moderated mediation effect, we computed the aver-
age correlations between Z02 and 1

W02 (rinv 1 ), W02 and 1
Z02

(rinv 2 ), and the log-transformed W02 and Z02 (rlog) across
replications. rinv 1 and rinv 2 are expected to be þ1.0, while
rlog is expected to be �1.0. To outline the cut-offs for the
correlations, we computed the percentiles for the three cor-
relations across the 1,000 replications. As Equation (13) is
considered as the null hypothesis (H0), the distributions of
these correlations are generated under H0: The recom-
mended cut-off for the correlation is expected to minimize
the risks of making a false conclusion under H0 such that
the correlation fails to indicate a spurious moderated medi-
ation effect when it does actually exist. Following a nominal
level of 5% in Type I error rate (or 95% in 1 � Type I error
rate), a 5th percentile was computed for rinv 1 and rinv 2 to
obtain a size of correlation where 95% of the replications
are equal to or larger than that cut-off (cfinv), while a 95th

percentile was computed for rlog where 95% of the replica-
tions are equal to or smaller than that cut-off (cflog).

4.3.3.1. Log-Transformation Method. As shown in the
upper panel of Table 4, rlog was negative in all sample size
conditions, aligned with its population value of �1.0. The
negative correlation also approached its population value
along with the increase of sample size. For instance, when
the sample size is large (e.g., N¼ 1000), rlog equals �:97,
yielding a fairly accurate estimate of qlog with a relative per-
centage bias of around �3%. As shown in the lower panel
of Table 4, the cut-offs of rlog (cflog) were negative in all
sample size conditions. Given a particular sample size con-
dition, there were 5% of replications that yielded rlog being
equal to or larger than the corresponding cflog: For instance,
given N¼ 200, a correlation of �:71 could be seen as a cut-
off and there were 5% of replications having rlog larger than
�:71. In other words, 95% of replications yielded a rlog
between �:71 to �1.0. The cut-offs approached �1.0 along
with an increase of sample size and were stabilized at
around �0.80 starting from N¼ 300. The frequency distri-
bution of rlog in the condition of N¼ 1000 is included in
the supplementary materials as an example (see Figure S1).

4.3.3.2. Inverse-Transformation Method. Both rinv 1 and
rinv 2 were positive in all sample size conditions, aligned
with its population value of þ1.0. The positive correlation
also approached its population value along with the increase

Table 3. Relative Percentage Biases for the Point and Standard Error Estimates and Empirical Rejection Rate of Model Coefficients across Conditions.

N a1 a2 a3 b1 b2 b3 c a3b3
a1
a3

b1
b3

B% b̂
� �
100 –0.13 0.09 0.42 0.44 0.85 0.95 –2.39 –0.11 –5.65 20.48
200 –0.07 0.12 0.89 0.48 –0.15 0.12 –0.75 0.71 –13.20 6.96
300 –0.11 0.03 –0.73 0.43 0.13 –0.59 –0.65 –1.42 4.23 4.96
400 –0.24 –0.13 0.33 0.29 0.05 0.05 0.11 0.46 3.38 3.54
500 0.60 –0.04 0.77 0.87 0.18 –0.06 –0.54 0.73 2.20 3.21
600 0.36 –0.06 0.52 0.04 0.25 –0.27 0.12 0.30 1.97 2.24
700 –0.23 –0.36 –0.44 0.49 –0.12 –0.32 –0.35 –0.71 1.89 2.43
800 –0.45 –0.28 –0.39 0.35 –0.10 0.66 –0.07 0.27 1.55 0.90
900 –0.21 –0.06 –1.01 0.22 –0.06 –0.48 0.16 –1.43 2.06 1.93
1000 –0.35 –0.02 0.23 –0.46 –0.18 0.05 0.29 0.30 0.63 0.55

B% cSEb̂� 	
100 –0.11 –0.21 –0.86 –0.93 –0.69 –0.23 –0.25 0.32 – –
200 –0.20 –0.12 –0.29 –0.45 –0.35 0.05 –0.20 0.14 – –
300 0.09 –0.03 0.08 –0.11 –0.10 0.00 –0.19 0.11 – –
400 –0.16 –0.10 –0.26 0.03 –0.19 –0.19 0.10 –0.02 – –
500 0.02 0.02 0.10 –0.09 0.09 –0.03 –0.05 0.04 – –
600 –0.19 0.10 –0.13 –0.02 –0.15 –0.07 –0.06 –0.01 – –
700 –0.02 0.00 –0.01 –0.06 0.01 –0.07 –0.04 0.00 – –
800 –0.19 –0.06 –0.17 –0.01 –0.08 –0.03 –0.13 –0.01 – –
900 0.07 –0.09 0.02 0.03 –0.04 –0.04 –0.10 0.01 – –
1000 0.02 0.09 –0.13 0.00 –0.01 –0.04 –0.04 –0.03 – –

RR b̂
� �

)
100 93.1 98.5 61.2 89.1 99.9 79.7 94.2 45.8 – –
200 100.0 100.0 87.5 99.1 100.0 98.3 100.0 85.0 – –
300 100.0 100.0 96.7 99.9 100.0 99.8 100.0 96.7 – –
400 100.0 100.0 98.7 100.0 100.0 99.9 100.0 98.6 – –
500 100.0 100.0 99.9 100.0 100.0 100.0 100.0 99.9 – –
600 100.0 100.0 99.8 100.0 100.0 100.0 100.0 99.9 – –
700 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 – –
800 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 – –
900 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 – –
1000 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 – –

Note. B% ¼ relative percentage bias; b̂¼ point estimates; SEb̂¼ standard error estimates; RR¼ empirical rejection rate.
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of sample size. rinv 1 was generally more biased than rinv 2 :
For instance, when the sample size is large (e.g., N¼ 1000),
rinv 1 equals .69 with a relative percentage bias of around
�31%, whereas rinv 2 equals .78 with a relative percentage
bias of around �22%. Compared to rlog , it is also apparent
that rinv 1 and rinv 2 generally showed a large extent of bias.
As shown in the lower panel of Table 4, the cut-offs of
rinv 1 and rinv 2 (cfinv 1 and cfinv 2) differed largely from its
population value of þ1.0. For instance, cfinv 1 and cfinv 2

were þ0.06 and þ0.16 respectively when the sample size
was large (N¼ 1000), whereas both cut-off values were
negative when the sample size was small (N¼ 100). Overall,
these results indicated that the inverse-transformation
method did not perform well to identify the specific nonlin-
ear relationship between Z0 and W0: The frequency distribu-
tions of rinv 1 and rinv 2 in the condition of N¼ 1000 is
included in the supplementary materials (see Figures S2
and S3).

4.3.4. Comparisons with the Conditions with a Genuine
Moderated Mediation Effect
For the comparison conditions, the average chi-square stat-
istic (v2) was close to its expected mean of 3 in all sample
size conditions, while all goodness-of-fit indices indicated a
good fit to the data in all sample size conditions (see Table
S1). In all sample size conditions, the point and standard
error estimates of the main effects, moderation effects, and
index of moderated moderated mediation showed a relative
percentage bias of less than 10% (see Table S2). Consistent
with the conditions where a spurious moderated mediation
effect occurs, a sample size of 300 is required to obtain an
empirical power of at least 80% on all parameters (see Table
S2). As expected, these results indicated that the dual stage
moderated mediation model in the comparison conditions

fitted the data well and the index of moderated moderated
mediation showed a high empirical rejection rate to con-
clude the presence of a moderated mediation effect. As W
and Z had a negative linear relationship in the comparison
conditions, the population values of rlog and rinv are positive
and negative respectively. Consistent with our expectations,
as shown in Table S1, rlog was positive in all sample size
conditions, while rinv 1 and rinv 2 were negative in all sam-
ple size conditions. More importantly, the observed values
of rlog in all sample size levels were much larger than �0.8
(i.e., the suggested cut-off derived from the lower panel of
Table 4), indicating that a genuine moderated mediation
effect can be concluded. Overall, the comparison of the
spurious and genuine moderated mediation effect conditions
provided evidence for the validity of Equation (13), in which
rlog is largely deviated from the value of �1.0 when the
moderated mediation effect is not spurious. It is noteworthy
that the cut-offs for rlog and rinv were not computed for the
comparison conditions as the distributions of such correla-
tions simply represent the situations under the alternative
hypothesis (H1) with a non-ignorable moderated mediation
effect.

5. A Real Data Example

With this real data example, we aimed at illustrating the use
of the proposed method to rule out a spurious moderated
mediation effect. Our simulation study has shown that the
log-transformation method is more preferred than the
inverse-transformation method and hence, we focused pri-
marily on the use of log-transformation method in this
example. Based on the simulation results, the cut-offs of the
log-transformation method stabilized at around �0.80 start-
ing from N¼ 300, one can therefore consider a cut-off of
�0.80 to check if a moderated mediation effect is likely to
be spurious as long as N� 300 (see also our discussion sec-
tion below). Simply put, if the correlation between two log-
transformed moderators (rlog) is larger than �0.80, then a
genuine moderated mediation effect can be concluded.

5.1. Background

The real data example was based on the data from Chiu
et al. (2021). In their study, a total of 83 retail and security
teams were included, yielding a total of 302 individuals. In
this demonstration, we focused primarily on the individual-
level analysis (n¼ 302); interested readers can refer to Chiu
et al. (2021) for team-level and multi-level analyses. Aligned
with their investigations, we examined whether the medi-
ation effect of one’s humility on experienced incivility
through collective humility would be moderated by group
humility diversity (moderated the first stage of the process)
and group incivility differentiation (moderated the second
stage of the process). This yields a dual stage moderated
mediation model. The responses to all variables were anch-
ored on a 7-point Likert scale. The reliability of all the
measures was good, ranging from a ¼ .93 to a ¼ .96.

Table 4. Average Correlations and Cut-offs for Inverse- and Log-
Transformation Methods.

Inverse-Transformation Log-Transformation

N rinv 1 rinv 2 rlog
100 0.529 0.622 –0.793
200 0.611 0.724 –0.913
300 0.660 0.748 –0.945
400 0.642 0.752 –0.951
500 0.675 0.763 –0.962
600 0.678 0.771 –0.966
700 0.702 0.780 –0.971
800 0.699 0.790 –0.973
900 0.722 0.790 –0.977
1000 0.686 0.784 –0.974
N cfinv 1 cfinv 2 cflog
100 –0.044 –0.014 –0.256
200 0.005 0.056 –0.705
300 0.040 0.104 –0.820
400 0.037 0.116 –0.828
500 0.049 0.150 –0.854
600 0.059 0.119 –0.879
700 0.057 0.147 –0.882
800 0.062 0.149 –0.894
900 0.075 0.157 –0.915
1000 0.061 0.158 –0.899

Note. rinv 1 ¼ correlation between Z02 and 1
W02 ; rinv 2 ¼ correlation between

W02 and 1
Z02 ; rlog ¼ correlation between the log-transformed W02 and Z02; cf

¼ cut-off values based on percentiles.
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5.2. Results

We tested the dual stage moderated mediation model using
lavaan (Rosseel, 2012). Results revealed that the model fitted
the data well, v2 (3) ¼ 5.299, p ¼ .151, CFI ¼ .999, SRMR
¼ .026, RMSEA ¼ .050. Consistent with Chiu et al. (2021),
the index of moderated moderated mediation (a3b3) was
significant, b ¼ �0.23, 95% bootstrap CI [�0.52, �0.03],
indicating that the mediation effect of one’s humility on
experienced incivility through collective humility was mod-
erated by both group humility diversity and group incivility
differentiation. Specifically, the mediation effect was only
significant when both group humility diversity and group
incivility differentiation were low (see Table S3 for all the
model coefficients).

Finally, to check if the moderated mediation effect identi-
fied in the model is likely to be spurious, we employed the
log-transformation method in two steps. In Step 1, we used
the estimated model coefficients in the dual stage moderated
mediation model (viz., a1, a3, b1, and b3 in Table S3) to
compute k0 ¼ a1

a3
and m0 ¼ b1

b3
: Then, the two moderators,

group humility diversity (i.e., W) and group incivility differ-
entiation (i.e., Z), were transformed through W0 ¼W þ k0

and Z0 ¼ Z þm0: In Step 2, we took the log-transformation
for the square of the transformed moderators (i.e., logðW02Þ
and logðZ02Þ), and computed the correlation between them
(rlog). In this real data example, k0 ¼ 1:001

�0:813 ¼ �1:23 and
m0 ¼ �0:4720:288 ¼ �1:64, and the log-transformed group humil-
ity diversity and group incivility differentiation yielded a
correlation of 0.249, which is larger than �0.80. Given that
this real data example had a sample size larger than 300, we
conclude that the moderated mediation effect identified in
the model is unlikely to be spurious. The R-script for
employing the two-step log-transformation method is also
provided in the supplementary materials.

6. Discussion

The use of moderated mediation models in social and
behavioral sciences has been exponentially increasing in the
past two decades, revealing its value to applied researchers.
In a moderated mediation model, the effect of interest
always lies in whether the size or direction of a mediation
effect is conditional on the moderators, yielding a moder-
ated mediation effect. In this research, we examined the
possibility of concluding a moderated mediation effect
which does not exist in a dual stage moderated mediation
model, yielding a spurious moderated mediation effect.

With a spurious effect, research findings may become
invalid and unreliable. Critically, given the widespread and
emerging interest in a moderated mediation effect, the detri-
mental impact of concluding a spurious moderated medi-
ation effect can be far-reaching since research findings
might then not properly guide professionals in their practice
and decision-making. In organizational psychology, for
example, it has been shown that newcomers’ self-perceived
creativity caused their supervisors to give better evaluations
of their creativity and hence task performance. The first
stage of the mediation pathways was moderated by

supervisors’ trust in newcomers, while the second stage of
the pathways was moderated by supervisors’ support for
authentic self-expression, yielding a dual stage moderated
mediation effect (Dufour et al., 2020). Following these
research findings, human resources professionals and man-
agerial staff may devote resources to boost supervisors’ trust
in and support for authentic self-expression in newcomers,
thereby maximizing the influence of newcomers’ creativity
on their performance. Nonetheless, if the dual stage moder-
ated mediation effect of supervisors’ trust and support is
indeed spurious, these strategies may not work to promote
task performance among newcomers, resulting in a potential
waste of resources. Therefore, in the present research, we
aimed at providing a solution for applied researchers to rule
out the possibility of concluding a spurious moderated
mediation effect.

In most situations, the index of moderated moderated
mediation (Hayes, 2018) performs well in concluding a
moderated mediation effect in a dual stage moderated medi-
ation model. Nonetheless, as illustrated by the above theo-
rems and example, this index may conclude a spurious
moderated mediation effect when the two moderators hold
a specific nonlinear relationship shown in Equation (13). To
help rule out the existence of spurious results, we proposed
two simple methods (viz., the inverse- and log-transform-
ation methods) and tested their empirical performance in a
simulation study. Statistically, the point estimate of rlog was
less biased than that of rinv: Even in a small sample, rlog
managed to have a fairly accurate point estimate, while rinv
showed a considerable amount of bias even when the sam-
ple size was large. The cut-off value of rlog was close to its
population value and started to stabilize from a relatively
small sample size (i.e., N¼ 300), while the cut-off value of
rinv differed largely from its population values in all condi-
tions, yielding a high probability of concluding false nega-
tive results. Practically, only one set of rlog is required in the
log-transformation method, while two sets of rinv are
required in the inverse-transformation method. Thus, it is
possible for the two sets of rinv to indicate two inconsistent
conclusions. These benefits, both statistical and practical,
mean the log-transformation method is preferred over the
inverse-transformation method. When one attempts to test
the index of moderated moderated mediation, we recom-
mend testing the correlation between the two log-trans-
formed moderators as well. On the one hand, this test is
simple and easy to implement. On the other hand, this test
can be impactful as it helps avoid concluding a spurious
effect which can be quite destructive to scientific
advancement.

Based on the simulation results on cflog (see Table 4), we
have two recommendations for researchers. First, research-
ers can consider a particular cut-off based on the sample
size in their studies. For instance, when N¼ 500, one may
consider a negative correlation of �:85 as a cut-off. If the
correlation falls below �:85 (e.g., between �:85 and �1.0),
one should interpret the moderated mediation effect with
caution due to the risk of a spurious result. Second, as the
cut-offs stabilized at around �0.80 starting from N¼ 300,
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one can take a more conservative approach by considering a
cut-off of �0.80 as long as N� 300.4 Nevertheless, the sug-
gested test based on the log-transformation may not work
reliably when the sample size is very small (i.e., N¼ 100)
because it is likely for the cut-off to result in false negative
results. To facilitate the use of the proposed methods, the R-
script for the inverse- and log-transformation methods is
provided in the supplementary materials.

Several points about the present investigation are worth
noting. First, the performance of the two methods depends
largely on an accurate transformation from W and Z to W0

and Z0: If the estimates of k0 (or a1
a3
) and m0 (or b1

b3
) are less

biased, the two methods should perform better. This expect-
ation is confirmed by our simulation results in which the
relative percentage bias of k0 and m0 (see the last two col-
umns in the upper panel of Table 3) is directly proportional
to the performance of both methods shown in Table 4.
According to the simulation, the performance of the correl-
ation between log-transformed moderators (rlog) is better
than the correlations based on the inverse-transformation
method (rinv). These findings show that the bias of k0 and
m0 may differentially affect the moderators (e.g., W0) and
the inverse of the moderators (e.g., 1

W0). In the current case,

the inverse of the moderators was more susceptible to the
bias of k0 and m0 than the moderators, thereby yielding a
poorer performance in the inverse-transformation method.
Future study is needed to examine under what circumstan-
ces the inverse-transformation method may perform better.

Second, the correlation between two moderators does not
reveal whether a spurious moderated mediation effect occurs
or not. The key reason for having a spurious moderated
mediation effect is the existence of a specific relationship
between the two moderators. Therefore, to identify the
spurious effect, some researchers may think it is more
straightforward to examine the correlation between two
moderators instead of the three correlations in the two pro-
posed methods. Consider the above hypothetical example,
the correlation between W and Z is �:64 (see the visualized
relationship in the upper panel of Figure 5A). Based on the
same population model, we generated a larger sample of
size N¼ 35, and the correlations between W and Z is þ:31
(see the upper panel of Figure 5B). As shown in the upper
panel of Figure 5, the patterns of the relationship between
W and Z are quite different across the two data examples
even though both are generated from the same population
model. As a result, it is practically difficult to infer whether
the condition in Equation (13) holds based on either the
correlation between two moderators or the visualized rela-
tionship in scatterplot. Besides, as depicted in the nonlinear
relationship in Figure 5B, it is possible for the correlation
between two moderators to be positive, negative, or even
null at the sample level, creating a huge difficulty to reveal
the spurious effect based on that. In contrast, the methods
proposed in this research are necessary and have the merit
of indicating the spurious effect in both data examples. For
instance, after we log-transformed the square of W0 and Z0

Figure 5. Scatterplots for the Relationships between W and Z and between logðW02Þ and logðZ02Þ in Two Data Examples.

4As the log-transformation method relies on the point estimates of a1
a3

and
b1
b3
, the cut-off values may vary depending on the size of the main and

moderation effects. Thus, we also studied the cut-offs by varying the effect
sizes of b1 and b3 (the effect sizes of a1 and a3 were kept constant for the
sake of clearer comparison). In the current set of cut-offs, the effect sizes of
b1 and b3 were relatively small (explained 7.85% and 9.54% of variance in
Y). We studied two other conditions with (a) the relatively small size of b1
(7.87%) and moderate size of b3 (14.66%) and (b) the relatively moderate size
of b1 (13.16%) and small size of b3 (7.69%). As shown in Table S4 in the
supplementary materials, the cut-offs were comparable across the three
conditions and stabilized at around �:80 starting from N¼ 300.
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in both data examples, the correlation between log ðW02Þ
and logðZ02Þ is �1.00 in both examples (see the lower panel
of Figure 5), indicating the log-ipsative property of W0

and Z0:
Third, the current findings also have some implications

for a dual stage moderated mediation model with a com-

mon moderator ð W
. &

X ! M ! Y
Þ. Given a com-

mon moderator W, the conditional effect of X on Y is

c Wð Þ ¼ a3b1W þ a1b3W þ a3b3W
2: (18)

For c Wð Þ ¼ c, the following equation has to be satisfied:

a3b1W þ a1b3W þ a3b3W2 ¼ c
m0W þ k0W þW2 ¼ c0

W2 þ k0 þm0ð ÞW � c0 ¼ 0:
(19)

Equation (19) is a quadratic equation so it can only have
a maximum of two roots. In other words, when the moder-
ator W has three or more distinctive values in the popula-
tion, the conditional effect c Wð Þ cannot be equal to a
constant. In social and behavioral science research, however,
it is common to have a binary moderator (e.g., gender). In
this case, it is still possible for c Wð Þ ¼ c to occur, yielding
a spurious moderated mediation effect.5

Fourth, the present discussion can be extended to other
models in which an effect varies as a multiplicative function
of variables. For instance, consider a three-way interaction

model ð W
#  Z

X ! Y
Þ:

Y ¼ a0 þ a1X þ a2W þ a3Z þ a4XW þ a5XZ þ a6WZ

þ a7XWZ þ eY ,

the effect of X on Y is conditional on the multiplication of
W and Z and can be written as a1 þ a4W þ a5Z þ a7WZ:
Thus, the unconditional effect of X on Y is a1 while the
conditional effect is a4W þ a5Z þ a7WZ: The conditional
effect in a three-way interaction model is essentially the
same as the conditional effect in Equation (4). Hence, the
three theorems presented above also apply to a three-way
interaction model, indicating a possibility of concluding a
spurious three-way interaction effect. Following the same
rationale, the present work applies to other complex moder-
ated mediation models where a three-way interaction is
involved either on the first stage (Model 11 in PROCESS)
or second stage (Model 18 in PROCESS) of a mediation
process

ð W
Z ! #

X ! M ! Y
and

W
#  Z

X ! M ! Y
Þ.

6.2. Limitations and Future Directions

There are several limitations in our simulation study. The
current simulation study assumed that the variables are
measurement error-free. Since the unreliability of variables
will lead to a biased estimation of correlations, future
research should take the unreliability issue into consider-
ation and examine ways to account for measurement errors
in the proposed methods (e.g., latent variable, factor score,
and reliability-correction approaches). Besides, we only
studied a limited number of configurations of model param-
eters for the dual stage moderated mediation model in the
current study. Although the choice of the parameter values
was aligned with the common sizes reported in previous
studies (see also Footnote 4), a wider range of effect sizes
should be systematically manipulated to study how the sizes
of main and moderation effects affect the performance of
the two methods.

In the current simulation study, the moderators were
generated from an F distribution because the inverse of F
distribution has well-known distribution properties, thereby
making the data generation process much simpler.
Specifically, during the data generation process, the mean
and variance of Z in Equation (13) can be well-defined
because the inverse of W is well-defined in F distribution.
Given the current simulation settings, it is still unclear
whether the proposed methods will perform well when the
moderators are generated from other distributions.
Accordingly, the cut-offs may also vary depending on the
distributions of the moderators. For this purpose, an add-
itional simulation study was conducted to glance over the
performance of the log-transformation method when mod-
erators are generated from two other distributions (viz., a
uniform and a truncated normal distributions).6 Results
revealed that the performance of the log-transformation
method in these two distributional conditions was generally
comparable to the main simulation study (see Table S5).
Simply put, the average correlations (rlog) were negative in
all sample size conditions and approached its population
value of �1.0 along with the increase of sample size, while
the cut-offs (cflog) were also stabilized at around �0.80 start-
ing from N¼ 300 (the cut-offs in a uniform distribution
were even stabilized at around �0.90). Overall, our recom-
mendation of considering a cut-off of �0.80 as long as

5Let W be a binary variable with two possible values, 0 and �ðk0 þm0Þ:
Here, in addition to the assumptions a3 6¼ 0 and b3 6¼ 0, we have to further
assume that k0 6¼ �m0 (or a1b3 6¼ �a3b1Þ to ensure that �ðk0 þm0Þ is a
distinctive value other than zero. Since the coding of a binary variable is
basically arbitrary, assigning 0 and �ðk0 þm0Þ as the codes of W is still a
legitimate practice. For example, if k0 ¼ m0 ¼ �0:5, then � k0 þm0ð Þ ¼ 1:
Following Equation (18), we therefore have

c 0ð Þ ¼ a3b1 0ð Þ þ a1b3 0ð Þ þ a3b3 02ð Þ ¼ 0

c � k0þm0ð Þð Þ¼a3b1 � k0þm0ð Þð Þþa1b3 � k0þm0ð Þð Þþa3b3 � k0þm0ð Þð Þ2
¼ �a1b1 � a3b21

b3
� a21b3

a3
� a1b1 þ a21b3

a3
þ a3b21

b3
þ 2a1b1 ¼ 0

Consequently, c Wð Þ ¼ 0 for both values of W:

6In social sciences research, variables are typically measured in an interval
scale (e.g., a 5-point Likert scale). To approximate the data in social sciences
research, we further examined two distributional conditions of W: Specifically,
W was drawn from 1) a uniform distribution on an interval between 1 and 5
and 2) a truncated normal distribution on an interval between 1 and 5 with a
mean of 3 and unit variance. Other than the distribution of the moderators,
all the simulation settings are the same as those in the main simulation
study.
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N� 300 is also applicable to these two distributional condi-
tions. Further research should be conducted to evaluate the
proposed methods in other distributions (e.g., the v2 distri-
butions that reflect various degrees of skewness and
kurtosis).

Finally, apart from the methods proposed in this paper,
future research should explore other methods to check if
the spurious moderated mediation effect occurs. A possible
alternative is to directly estimate the nonlinear relationship
between the two moderators of W and Z as in the form of
Equation (13). Then, one can compare the estimated m0 and
k0 with those obtained from testing a dual stage moderated
mediation model. This comparison may provide insights on
whether the specific non-linear relationship between W and
Z exists, yielding a spurious moderated mediation effect.
Yet, this approach is more complicated that the log-trans-
formation method proposed in this paper since it requires
(1) fitting a nonlinear relationship between W and Z as well
as (2) testing the significance of differences between two
sets of estimated m0 and k0: In any case, further research is
needed to examine the empirical performance of this
method.

In conclusion, this article has illustrated the possibility of
concluding a spurious moderated mediation effect and pro-
posed two methods to rule out this possibility. Simulation
results have confirmed the usefulness of the methods and
helped to outline some cut-off values for the applied
researcher to use to check if their moderated mediation
effects are likely to be spurious. Potential extensions of the
present work to other statistical models common in social
and behavioral sciences were also discussed. Based on the
present investigation, we would recommend the use of the
log-transformation method to rule out the possibility of hav-
ing spurious results when the index of moderated moder-
ated mediation is tested. Given that it is uncertain whether
this spurious issue is common or not in applied research,
we strongly recommend researchers to check before a firm
conclusion is made. More importantly, even though this
phenomenon is not frequent, the benefits of the test should
outweigh its costs since the test is simple and easy to imple-
ment while its impact of ensuring valid findings can be far-
reaching.
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