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Cross-lagged panel network (CLPN) models estimate prospective effects between several nodes (e.g., symptoms)
while adjusting for initial scores on the outcome variables. However, it is well established that such adjusted
cross-lagged effects may be spurious due to correlations with residuals and regression toward the mean. Here, we
recommend that researchers conduct multiverse analyses, where cross-lagged effects are estimated with alter-
native models. Then, conclusions can be based on meta-analytic averaging of the estimated effects. Multiverse
analyses will add rigor and transparency to analyses by acknowledging and incorporating, instead of ignoring,

uncertainty due to the analyzed model. In an application of this methodology, we found that most cross-lagged
effects between indicators of psychological flexibility and inflexibility, reported in a recent study, did not survive

scrutiny.

1. Introduction

The cross-lagged panel network (CLPN) model is a version of the
traditional cross-lagged panel model (CLPM). In CLPN, effects of several
initial nodes (e.g., symptoms) on subsequent nodes are estimated while
adjusting for initial scores on the outcome nodes, alternatively for all
initial nodes (Wysocki et al., 2025). If adjusting only for the initial
outcome node, the CLPN model corresponds to analyzing a traditional
CLPM for each pairwise combination of the nodes. If adjusting for all
initial nodes, the CLPN model could be described as a “super-adjusted”
CLPM for each pairwise combination of the nodes. For example, Qi et al.
(2025) reported that fusion, committed action, and self-as-context were
influential nodes in a network of indicators of psychological flexibility
and inflexibility (see the Method section below for descriptions of these
indicators). Moreover, based on their findings, Qi et al. suggested that
high levels of fusion tend to lead to low levels of defusion and this effect
is mediated by other indicators of flexibility. Qi et al. argued that they
had identified potential loci for interventions and that their findings,
therefore, had clinical relevance. For example, they proposed that pro-
motion of committed action and reduction of inaction may benefit
overall flexibility.

However, similar to traditional cross-lagged panel models, effects in
the CLPN model may be spurious due to correlations with residuals and
regression to the mean (Sorjonen, Melin, & Nilsonne, 2025). For

example, due to a negative correlation, we may suspect that among
individuals with the same initial score on committed action (an indicator
of psychological flexibility), those with a higher initial score on inaction
(an indicator of psychological inflexibility) have received a higher score
on committed action compared with their true score, i.e., a more posi-
tive residual, while those with a lower initial score on inaction have
received a more negative residual in the initial measurement of
committed action. However, residuals tend to regress toward a mean
value of zero between measurements. Therefore, we may expect a
negative, but spurious, association between initial inaction and subse-
quent change in committed action among individuals with the same
initial score on committed action. Such a combination of correlations
with residuals and regression toward the mean could possibly explain
findings in various cross-lagged network analyses, e.g., in the one re-
ported by Qi et al.

When analyzing observational (i.e., non-experimental) data, it can
often be difficult to know which model is the most appropriate and
which potential confounders one should or should not adjust for. In
psychological research the norm appears to be that researchers pick one
model that they assume, hope, or are told is the best and ignore alter-
native models. Whether or not the model tends to result in statistically
significant findings might also have an impact on the probability for
researchers to use it (Munoz & Young, 2018). In multiverse analyses, on
the other hand, researchers fit several alternative reasonable models on
data and base conclusions on a juxtaposition of findings (Steegen et al.,
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Abbreviations

CLPN cross-lagged panel network
CLPM  cross-lagged panel model
PMA present moment awareness
ACC acceptance

DEF defusion

SCX self-as-context

CA committed action

VAL values

LPM lack of present moment awareness
EA experiential avoidance

FU fusion

SCN self-as-content

INA inaction

LCV lack of contact with values

2016, see also Olsson-Collentine et al., 2023, and Girardi et al., 2024).
This means that multiverse methodology acknowledges and in-
corporates uncertainty in findings due to the possibility to use different
models.

We have suggested that cross-lagged effects of an initial score on a
predictor (X;) on a subsequent score on an outcome (Y3) while adjusting
for an initial score on the outcome (Y;) may be evaluated through
multiverse analyses (Sorjonen, Melin, & Melin, 2025b, see also Sorjo-
nen, Melin, & Melin, 2025a). Here, we suggest that the same method-
ology may be applied on cross-lagged network analyses and the
objective of the present study was to show how this can be accomplished
through reanalyses of data used by Qi et al.

2. Theoretical section
2.1. Multiverse analyses

As mentioned above, researchers often have to make several de-
cisions on how to prepare and analyze data. These decisions could
concern treatment of missing values and outliers, how to combine var-
iables into indices and factors, transformations, which potential con-
founders to control for, which statistical techniques to use, etc. In
multiverse methodology, instead of making tough decisions on which
road to choose at different forks in the analytic space, researchers walk
down all reasonable roads, collect useful information along the way and
base conclusions on a juxtaposition of findings (Steegen et al., 2016, see
also Olsson-Collentine et al., 2023, and Girardi et al., 2024).

Multiverse methodology resembles crowdsourcing and many-
analysts methodology, where several researchers or research groups
are invited to analyze the same data with the operationalizations, sta-
tistical models, and/or covariates they find appropriate to answer a
specific research question (Bastiaansen et al., 2020; Silberzahn et al.,
2018; Silberzahn & Uhlmann, 2015). Crowdsourced studies have indi-
cated that subjective researcher decisions may result in radically
different outcomes, e.g., statistically significant findings in opposite
directions (Breznau et al., 2022; Landy et al., 2020; Schweinsberg et al.,
2021). Multiverse analyses could possibly be characterized as employing
“single team crowdsourcing methodology”.

Other analytic methodologies acknowledging that researcher choices
may affect findings, and that this uncertainty should be incorporated
into analyses and conclusions rather than swept under the rug, include
estimating vibration of effects (Klau et al., 2023; Patel et al., 2015),
specification curve analysis (Simonsohn et al., 2020), single-paper (or
mini) meta-analyses (Goh et al., 2016; McShane & Bockenholt, 2017),
metastudies (Baribault et al., 2018; DeKay et al., 2022), Bayesian model
averaging (Fragoso et al., 2018; Hinne et al., 2020; Hoeting et al., 1999),
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and the computational model robustness framework (Munoz & Young,
2018; Young & Holsteen, 2017).

2.2. Cross-lagged effects

Adjusted cross lagged effects refer to an association between an
initial score on a predictor (X;) and a subsequent score on an outcome
(Y5) while adjusting for an initial score on the outcome (Y;). A cross-
lagged effect of X; on Y, when adjusting for Y; is identical to the
adjusted effect of X; on the Y,-Y; difference score. This is revealed by
some algebra, because:

if Yo =a+ a1 Xi +a Y, +e (@D)]
then Y.-Y = (ao +a1 Xy +aYr + e) -Y; (2)
andY, - Yy =ap+ a1 X; + (a2 —1)Y; +e 3)

Hence, if adjusting for Y, the effect of X; on the Y5-Y; difference
score in Eq. (3) (ap) is identical to the effect of X; on Yy in Eq. (1).
However, the effect of X; on the Y,-Y; difference score may also be
estimated when adjusting for Y, (Eq. (4)) and when not adjusting for Y;
or Y, (Eq. (5)).

Yz 7Y1 = bo +b1X1 +b2Y2 +e (4)

Yz—Yl :C0+C1X1+e (5)

Egs. (3)-(5) answer different questions: (1) What is the association
between X; and subsequent change in Y among individuals with the
same score on Y; (Eq. (3))? (2) What is the association between X; and
subsequent change in Y among individuals with the same score on Y,
(Eq. (4))? This corresponds to asking: What is the association between X;
and subsequent change in Y among individuals when correcting for
(potential) differences in Yo. This question, and the corresponding
analysis, is in line with Campbell and Kenny's (1999) recommendation
to use time-reversed analyses as a tool to identify statistical artifacts. (3)
What is the association between X; and subsequent change in Y when
not adjusting/controlling for individuals' score on Y; or Yz (Eq. (5))?
Hence, all three equations assess the association between X; and sub-
sequent change in Y. Traditionally, researchers in psychology have used
Eq. (1) (which gives the same answer as Eq. (3)) to assess this associa-
tion, but without specifying that their findings are conditional on in-
dividuals having the same score on Y;. In our opinion, if the goal is to
answer the more general question “Is there an association between X;
and subsequent change in Y?”, Eq. (1)/Eq. (3) is not superior to Eq. (4) or
Eq. (5). Answering the question “Is there an association between X; and
subsequent change in Y among individuals with the same score on Y;?”
does not, in our opinion, automatically have a higher scientific value
than answering, for example, the question “Is there an association be-
tween X; and subsequent change in Y among individuals with the same
score on Y5?”. Hence, if the goal is to answer the more general question,
rather than one of the three more specific questions (see above), we
propose, in line with the logic of multiverse analyses, to estimate all
three associations (i.e., coefficients aj, b1, and c; in Egs. (3)-(5)) and to
juxtapose findings.

Juxtaposition can be achieved through meta-analytic averaging of
the three estimated associations (Sorjonen, Melin, & Melin, 2025b). This
is not a traditional meta-analysis, which estimates a weighted mean of
an association estimated in different samples. However, our methodol-
ogy has some resemblance with traditional meta-analyses. a; in Eq. (3)
could be seen to estimate the association between X; and subsequent
change in Y in subsamples with the same score on Y3, b; in Eq. (4) es-
timates the same association in subsamples with the same score on Y,
and c; in Eq. (5) estimates the association in the full sample. A meta-
analytic averaging of these associations gives the expected association
between X; and subsequent change in Y in the present sample if
assessing the association with one of the three models (Egs. (3)-(5)),
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randomly selected. The 95% confidence interval of this meta-analytic
association indicates what association to expect (with 95% probabil-
ity) if estimating the association in another sample, of the same size and
drawn from the same population, with one of the three models,
randomly selected (given that the meta-analytic point estimate is the
true expected association in the population). This confidence interval
incorporates uncertainty both due to sample variation and due to a
possibility to assess the association with different models.

3. Method
3.1. Data

Here, we reanalyzed data used and made publicly available by Qi
et al. (2025). According to Qi et al., “The present study was approved by
the ethical committee of the authors' university. Participants were
recruited through Credamo and provided informed consent digitally
before completing the survey” (p. 3). No additional ethical approvals or
informed consent were required for the present reanalyses. We refer to
Qi et al. for more comprehensive information on the study sample, used
instruments, procedures, etc. In short, a sample of Chinese adults (N =
447, mean age = 31.2 years (SD = 6.4), 58% females) completed the
Multiple Psychological Flexibility Inventory (MPFI), brief version, on
two occasions, one week apart. The MPFI includes six indicators of
psychological flexibility: (1) present moment awareness (PMA); (2)
acceptance, i.e., willingness to experience unwanted thoughts and
feelings (ACC); (3) defusion, i.e., not being engulfed by negative
thoughts (DEF); (4) self-as-context, i.e., being able to act as an observer
of oneself (SCX); (5) committed action in accordance with goals and
values (CA); (6) awareness of goals and values (VAL). The MPFI also
includes six indicators of psychological inflexibility: (1) lack of present
moment awareness (LPM); (2) problematic avoidance of unwanted ex-
periences (EA); (3) fusion, i.e., not being able to question one's own
thoughts (FA); (4) self-as-content, i.e., focusing on internal experiences
(SCN); (5) inaction, i.e., being unable to overcome internal barriers
(INA); (6) lack of contact with important goals and values (LCV). Qi et al.
have made the data they used publicly available (https://osf.
io/6v2kg/).

3.2. Analyses

We followed the methodology outlined above and estimated all three
effects (coefficients aj, b1, and c; in Egs. (3)-(5)) and a random-effects
meta-analytic average of these three effects for each of the 12 x 11 =
132 pairwise combinations of the 12 indicators of flexibility and
inflexibility. The meta-analytic averaging was conducted on Fisher's r-
to-z transformed coefficients. However, the meta-analytic effects were
back-transformed (z-to-r) for the presentations below. Researchers
employing the cross-lagged panel network (CLPN) model usually adjust
for all initial nodes, i.e., not only the initial outcome node Y;, when
estimating the cross-lagged association between X; and Y». Here, we did
not follow this convention, mainly for three reasons: (1) We do not
appreciate why it would be essential to adjust for all nodes (symptoms/
items) that happen to be included in the used instrument but not for
anything else. Surely, we could construct additional items measuring the
same phenomenon. Hence, if the argument is that it is essential to adjust
for all other possible items/symptoms, then all analyses with CLPN
could be deemed as invalid. In the other direction, if we constructed a
short version of the instrument, containing only the two items X and Y,
would it then, suddenly, be admissible to adjust only for Y; when esti-
mating the association between X; and Y,? It would seem arbitrary if
“what it is essential to adjust for” is equated with “items that happen to
be included in the instrument”; (2) Adjustment for a large number of
nodes/symptoms correlated with the predictor X; increases the likeli-
hood for collinearity and nonsensical estimates; (3) To estimate co-
efficients a3, b1, and c; in Egs. (3)-(5) is sufficient for making the point
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that associations in the CLPN, just like associations in the traditional
CLPM, may be biased and untrustworthy. We see no reason to make the
analyses more convoluted and opaque than necessary by adding a large
number of additional covariates into the models.

The analyses were conducted with R 4.3.3 statistical software (R
Core Team, 2025) employing the osfr (Wolen et al., 2020), metafor
(Viechtbauer, 2010), and qraph (Epskamp et al., 2012) packages. The
analytic script, which also downloads data used by Qi et al. and rean-
alyzed by us, is available at the Open Science Framework at https://osf.
io/gdf7q/. The analytic script includes a function (multinet) that takes
two datasets (time 1 and time 2) as input and delivers results similar to
those reported below.

4. Results

In this section, we label positive (and statistically significant) effects
between the same type of symptoms (flexibility and inflexibility,
respectively) and negative effects between different types of symptoms
as congruent effects. Contrarily, we label negative effects between the
same type of symptoms and positive effects between different types of
symptoms as incongruent effects. It should be noted that we use the term
“effect” in the regression analysis sense, without making causal claims.

In agreement with findings by Qi et al. (2025), when adjusting for an
initial score on the outcome variable and thus examining a; in Eq. (3), a
higher number of effects were congruent than incongruent (68 vs. 8
effects, and 132-68-8 = 56 effects were statistically non-significant,
Fig. 1A). However, when adjusting for a subsequent score on the
outcome variable and thus examining b; in Eq. (4), a lower number of
effects were congruent than incongruent (10 vs. 90 effects, and 32 non-
significant, Fig. 1B). Congruence was less common than incongruence
also when not adjusting for an initial or a subsequent score on the
outcome symptom and thus examining c; in Eq. (5) (2 vs. 17 effects, and
113 non-significant, Fig. 1C). Most (127 of 132, i.e., 96%) of the meta-
analytic averages of these three effects were statistically non-significant
and of the remaining five effects, 1 was congruent while 4 were incon-
gruent. It can be noted that all significant meta-analytic effects involved
acceptance (ACC). Initial acceptance predicted a subsequent decrease in
awareness of goals and values (VAL) (B = —0.098 [-0.160; —0.035], p
= 0.002) and a subsequent increase in lack of present moment aware-
ness (LPM) (B = 0.079 [0.025; 0.132], p = 0.004). On the other hand,
initial lack of present moment awareness (f = 0.065 [0.011; 0.118],p =
0.018) and lack of contact with important goals and values (LCV) (f =
0.069 [0.015; 0.122], p = 0.012) predicted a subsequent increase in
acceptance while initial problematic avoidance of unwanted experi-
ences (EA) (B = —0.081 [-0.138; —0.023], p = 0.006) predicted a
subsequent decrease in acceptance (Fig. 1D).

5. Discussion

The objective of the present study was to show how multiverse an-
alyses with meta-analytic averaging of effects can be used to evaluate
findings from cross-lagged panel network (CLPN) models. As mentioned
in the introduction, in multiverse methodology, instead of making tough
decisions on which road to choose at different forks in the analytic space,
researchers walk down all reasonable roads, collect useful information
along the way and base conclusions on a juxtaposition of findings
(Steegen et al., 2016, see also Olsson-Collentine et al., 2023, and Girardi
et al., 2024). Here, reanalyses of data used by Qi et al. (2025) showed, in
agreement with findings by Qi et al., that initial indicators of psycho-
logical flexibility tended to have positive cross-lagged associations with
subsequent change in other indicators of flexibility, and negative asso-
ciations with subsequent change in indicators of inflexibility, when
adjusting for an initial score on the outcome variable, and vice versa.
This could be taken to suggest that aspects of flexibility longitudinally
promote other aspects of flexibility and counteract aspects of inflexi-
bility while, on the other hand, aspects of inflexibility longitudinally
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Fig. 1. Effects of initial indicators of psychological flexibility and inflexibility on subsequent change in other indicators of flexibility and inflexibility when adjusting
for: (A) An initial score on the outcome variable (coefficient a; in Eq. (3)); (B) A subsequent score on the outcome variable (coefficient b; in Eq. (4)); (C) Neither an
initial nor a subsequent score on the outcome variable (coefficient c; in Eq. (5)); (D) Meta-analytic averaging of effects A-C. Note: Blue and red arrows for positive and
negative effects, respectively; Width and color saturation of arrows correspond to the strength of the effect, from —0.44 (INA on FU in panel B) to 0.37 (FU on LPM in
panel A), i.e., when adjusting for subsequent fusion, the subsequent - initial fusion difference score was expected to decrease by 0.44 for every increase in initial
inaction by one standard deviation (panel B) and when adjusting for initial lack of present moment awareness, the subsequent - initial lack of present moment
awareness difference score was expected to increase by 0.37 for every increase in initial fusion by one standard deviation (panel A); Statistically non-significant (p >
0.05) effects not shown; Blue nodes for indicators of flexibility (PMA = present moment awareness, ACC = acceptance, DEF = defusion, SCX = self-as-context, CA =
committed action, VAL = values); Pink nodes for indicators of inflexibility (LPM = lack of present moment awareness, EA = experiential avoidance, FU = fusion,
SCN = self-as-content, INA = inaction, LCV = lack of contact with values). Values for the effects are reported in supplementary Tables S1-S4 at https://osf.io/gdf7q/.

(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

promote other aspects of inflexibility and counteract aspects of flexi-
bility. However, contradicting this conclusion, when adjusting for a
subsequent score on the outcome variable, effects tended to reverse and
suggest that initial flexibility longitudinally counteracted other aspects
of flexibility and promoted aspects of inflexibility and vice versa. Effects
that change sign depending on made adjustments have been called
“Janus effects” and may be expected if the evaluated crude effect is weak
(Patel et al., 2015). The same pattern of effects materialized when not
adjusting for an initial or a subsequent score on the outcome variable,
although in these analyses many more effects were statistically non-
significant. When meta-analytically averaging these three effects, only
5 of 132 (3.8%) effects were statistically significant, all involving
acceptance (an aspect of flexibility).

Based on analyses of the same data as in the present study, Qi et al.
suggested, for example, that high levels of fusion tend to lead to low
levels of defusion and that promotion of committed action and reduction
of inaction may benefit overall flexibility. However, the present diver-
gent findings, differing between analyzed models, and lack of meta-
analytic effects, suggest that the results reported by Qi et al. may have

been spurious due to correlations with residuals and regression toward
the mean. Hence, conclusions by Qi et al. appear premature and can be
challenged. If the goal is to answer the more general question “Is there
an association between X; and subsequent change in Y?”, rather than
more specific questions about associations in subgroups with the same
score on initial or subsequent Y, we recommend that researchers
conduct, as we did here, multiverse analyses with meta-analytic aver-
aging when estimating cross-lagged effects, e.g., in network models, and
base their conclusions on the meta-analytic effect. This will add rigor
and transparency to the analyses as the multiverse methodology in-
corporates uncertainty due to model rather than sweeping it under the
rug. The multinet-function, available in the analytic script (https://osf.
io/gdf7q/), can be used for such analyses.

5.1. Limitations

As we used the same data, the present study suffers from some of the
same limitations as the scrutinized study by Qi et al. For example, the
study sample consisted of predominantly younger and well-educated
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individuals in China. It remains an open question if the present finding,
that there tends to be no prospective effects between indicators of psy-
chological flexibility and inflexibility, generalizes to other social, cul-
tural, and economic contexts.

Moreover, the measures of flexibility and inflexibility were all self-
reported and were conducted only one week apart, which may not
have been optimal. However, it is important to bear in mind that such
aspects were constant across the analyzed models and can, therefore, not
explain why the models indicated diametrically different prospective
effects.

The present findings should not be used to conclude, once and for all,
that there are no prospective effects between aspects of psychological
flexibility and inflexibility. The more limited conclusion to be drawn is
that the observational data used by Qi et al., and reanalyzed by us here,
do not allow such inferences.

5.2. Conclusions

Cross-lagged effects may be diametrically different depending on the
analyzed model, e.g., including different covariates. Instead of ignoring
it, multiverse analyses acknowledge and incorporate this uncertainty.
We recommend researchers to use multiverse analyses when estimating
cross-lagged effects, e.g., in cross-lagged panel network (CLPN) models.
Then, conclusions may be based on meta-analytic averagings of the ef-
fects. This will add rigor and transparency to the analyses. In an appli-
cation of this methodology, we found that most cross-lagged effects
between indicators of psychological flexibility and inflexibility, reported
in a recent study, did not survive scrutiny.
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