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██ Abstract 
Transactional models employing cross-lagged panels have been used for over 40 years to examine the longitudinal 
relations and directional associations between variables of interest to child and adolescent mental health. Through a 
narrative synthesis of the literature, we provide an accessible overview of cross-lagged panels with attention to developing 
a research question, study design and assumptions, dynamic effects (including the random-intercept cross-lagged panel 
model), and reporting and interpretation of results. Implications and critical appraisal guidelines for readers are discussed 
throughout. Overall, several key points are highlighted, with particular emphasis on the intended level of inference, model 
and measure selection, and timing of assessments. Despite limitations in establishing causation, cross-lagged panel 
models are fundamental to non-experimental epidemiologic research in child mental health and development.  

Key Words: longitudinal studies, statistics, structural equation modelling

██ Résumé 
Les modèles transactionnels qui emploient des panels à décalage croisé sont en usage depuis plus de 40 ans dans le 
but d’examiner les relations longitudinales et les associations directionnelles entre les variables d’intérêt pour la santé 
mentale des enfants et des adolescents. Grâce à une synthèse narrative de la littérature, nous offrons une vue d’ensemble 
accessible de panels à décalage croisé en portant attention à l’élaboration d’une question de recherche, à la conception 
de l’étude et aux hypothèses, aux effets dynamiques (y compris le modèle du panel à décalage croisé à interception 
aléatoire), et le rapport et l’interprétation des résultats. Les implications et les guides d’évaluation critique pour les lecteurs 
sont discutés tout au long. En général, plusieurs points principaux sont soulignés et l’accent est mis sur le niveau voulu 
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Introduction

In the fields of child development and mental health re-
search, there is longstanding interest in understanding 

how biological, psychological, and social factors influence 
each other over time, to identify both predictors of future 
outcomes and potential targets for intervention. Longitud-
inal studies have been central to consider how a child’s 
temperament, family environment, and relationships may 
interact to influence their future proclivity to substance 
use, criminal justice involvement, mental disorders, and/
or academic achievement, for example [e.g., (1-3)]. Many 
researchers considering these etiopathological questions 
employ cross-lagged panel models (CLPMs) to illustrate 
potential developmental transactions or cascading effects 
between variables over time (3, 4).

CLPMs require data from two or more variables collected at 
two or more time points, effectively creating a data ‘panel’ 
(Figure 1). An example would involve surveying the same 
cohort of adolescents each year about depressive symptoms 
and bullying. CLPMs can then be used to examine co-de-
velopmental processes unfolding between variables, by esti-
mating the effects the variables have on themselves (autore-
gressive or stability paths) and each other both within-time  
and longitudinally (cross-lagged paths) (Figure 1) (5). To 
some extent, CLPMs (also referred to as transactional mod-
els, autoregressive cross-lagged models, cross-lagged path 
models, and cross-lagged regression models) can facilitate 
hypothesis formation with respect to potential causal asso-
ciations from observational data, where randomized con-
trolled trials are not possible or justifiable. Recently, the 
Random Intercepts Cross-Lagged Panel Model (RI-CLPM) 
has become popular, in part because it addresses some of 
the limitations of other models with making individual level 
inferences. Many statistical programs used for CLPMs are 
based on structural equation modelling (SEM), which is a 
sophisticated and versatile mathematical approach to exam-
ine data networks, clusters, and associations (6).

There are numerous recent examples of publications apply-
ing these methods in top journals [e.g., (7-10)]. While sev-
eral excellent review papers and books provide an in depth 
look at the theory and application of SEM with respect to 
modelling of developmental processes and transactions (6, 

11-16), our aim is to provide an introductory overview of 
these methods as they apply to CLPMs, for a non-statistical 
audience including clinicians. The goal is to facilitate the 
accessible interpretation of results and critical appraisal of 
these methods more broadly.

1. Research Questions and 
Hypotheses in CLPMs
CLPMs can help answer several ‘chicken or egg’ research 
questions simultaneously; for example, how an outcome 
changes over time, the extent to which it is dependent on 
prior observations, how different outcomes are associated at 
a single time-point, and whether they are ‘cross-dependent.’ 
Statistically speaking, variables with cross-dependent trans-
actions have significant cross-lagged associations (Figure 
1, blue arrows); effectively, the magnitude of a variable at 
one time point is associated with the magnitude of a differ-
ent variable at a later time point, while accounting for, and/
or separating out, the within- and across-time associations 
(black and red arrows, respectively).  Although each ques-
tion could be addressed in separate models, CLPMs can es-
timate all these relations simultaneously.

CLPMs are most useful in situations where research-
ers have some a priori ideas about what they would like 
to examine. For example, when the existing literature has 
already identified relations between the variables or con-
structs of interest, yet questions remain about the nature of 
their longitudinal associations. It has been suggested that 
established cross-sectional relations ought to be at least 
moderate in size (i.e., r > 0.30) in order to justify CLPMs 
(17). Specific examples of mental health research questions 
from studies include: (i) whether excessive screen time is 
associated with adverse physical and cognitive outcomes 
in children (9, 10), (ii) how bullying by peers, disordered 
eating behavior, and depressive symptoms are associated 
over adolescence (8), and (iii) how social anxiety and social 
deficits are directionally associated during childhood (18). 

When approaching a paper employing CLPMs, readers 
should first identify the overall study objective and wheth-
er specific theoretical models/hypotheses were put forward 
based on a priori knowledge. The study objective and hy-
potheses are also important to guide the choice of statistical 

d’inférence, la sélection et la mesure du modèle, et la chronologie des évaluations. Malgré les limites de l’établissement 
d’une cause, les modèles des panels à décalage croisé sont fondamentaux pour la recherche épidémiologique non 
expérimentale en santé mentale et développement de l’enfant. 
Mots clés: études longitudinales, statistiques, modélisation d’équation structurelle
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Figure 1: Simplified cross-lagged panel model

Note:  This figure presents a simplified 2-wave (i.e., two time-point), two variable, cross-
lagged panel model (CLPM). X and Y refer to two different variables assessed at times 1 
and 2. Here, we show within-time associations between variables using a double headed 
black arrow. Red arrows display the associations between the same variable across two 
time points (sometimes called auto-regressive, or stability paths), while blue arrows show 
the cross-lagged paths. All of these associations are estimated in the same statistical 
model, therefore cross-lagged effects in blue can be conceptualized as occurring in 
addition to, and while accounting for, the within- and across-time associations in black 
and red, respectively.

 

model (discussed further below). Readers can consider 
whether the phenomenon under investigation is most rel-
evant at a variable level (comparing between individuals 
in the study) or individual level (examining effects within 
an individual in the study). As an example, a variable level 
(between-person) approach was used to examine broadly 
whether social deficits tend to precede social anxiety symp-
toms (or vice versa) in school-aged children (18). A RI-
CLPM was used to examine individual level (within-per-
son) effects, showing that when a toddler’s screen time use 
increases relative to their typical pattern of use, they make 
fewer developmental gains in the future (9).

2. What is structural equation 
modelling (SEM)?
CLPMs are often built using structural equation mod-
elling (SEM), which emerged in the 1960s and 1970s as 
complex computing became increasingly accessible (19-
21). SEM can be conceptualized as an extension of trad-
itional regression analysis. The term ‘structural’ in SEM 
refers to the fact that a specific theory about the patterns 
of association (covariance structure) of the variables using 

algebraic equations is being modelled and then the degree 
to which the ‘real’ data fit this hypothesized ‘structure’ is 
tested. Broadly, the two most common applications of SEM 
are measurement models and path analyses. Measurement 
models involve statistically studying how variables cluster 
together, for example through confirmatory factor analysis. 
This process is commonly used to derive and/or validate 
subscales on standardized surveys (e.g., the internalizing 
subscale on a parent report of child behaviour). Path an-
alyses involve studying how variables are associated with 
each other; CLPMs are a type of longitudinal path analy-
sis. While path analyses can be conducted without using 
SEM, an important feature of SEM is the modelling of un-
observed (latent) constructs, factors, or variables (discussed 
further below). Most statistical programs are now capable 
of conducting SEM (6, 14).  One barrier to the wider appli-
cation (or even interpretation) of CLPMs, however, is their 
reliance on unique syntax, programming language, and path 
diagrams. Luckily, several authors have made their code 
available in supplementary materials (12, 22). 
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3. What are latent variables?
In SEM, variables are categorized into those that are ‘ob-
served’ and those that are ‘latent.’ Observed (also called 
‘manifest’ or ‘measured’) variables are variables that are 
measured; in mental health research they are commonly 
scores on surveys/standardized instruments. Latent vari-
ables are those that are theorized to exist, and may be de-
rived mathematically, but are not actually measured. 

In measurement models, latent variables are often overarch-
ing constructs of interest (e.g., anxiety, stress), derived in 
some capacity from the observed variables. A classic ex-
ample of a latent construct is intelligence. A selection of ob-
served variables from standardized cognitive subtests (e.g., 
memory, processing speed), and/or academic achievement, 
occupation prestige, or school grades might be combined 
in some capacity to provide an overall proxy for ‘intelli-
gence’. Theoretically, the latent construct of intelligence is 
thought to cause the variability on the observed measures. 
Alternatively, as discussed above, measurement models can 
be used to identify and define ‘latent’ subscales on a survey. 

When appraising an article using CLPM, measurement 
models are often included as important preliminary analy-
ses.  Readers should check whether the authors have chosen 
previously validated measurement instruments or subscales 
that accurately reflect their constructs of interest and wheth-
er they have included some preliminary item level analyses 
(e.g., factor analysis, and/or analyses showing longitudinal 
measurement invariance) to show that the constructs are 
valid, distinct, and stable across time (23, 24). For example, 
prior to examining the directional association between so-
cial anxiety and social deficits, the authors first tested the 
degree to which items on both measures separated into dis-
tinct constructs at each time period under study (18).

Classic CLPMs can be expanded through SEM where the 
observed variables are broken down into various latent 
components of interest. Examples include separating out 
the ‘true’ estimate of the variable from measurement error, 
and in the case of RI-CLPMs, separating out stable (trait-
like, between individual) components from the dynamic 
(state-like, within individual) components over time. Both 
measurement error and the RI-CLPM are discussed in more 
detail below. 

4. Other factors to consider in 
CLPMs
4.1 Data distribution: Most SEMs use a default statistical 
approach that assumes the data are continuous and follow 
a normal distribution, and historically, most CLPMs have 
used continuous outcome measures. More recent advances 
in SEM allow researchers to employ a variety of statistical 

estimators or other extensions in the models to account 
for non-normal distributions or categorical data (25, 26). 
Practically, surveys with at least 4 or 5 response levels per 
item,  when summed or averaged, often approximate a nor-
mal distribution (27). Readers can also consider whether 
the chosen instruments may be expected to have ceiling or 
floor effects when applied to their population of interest. A 
survey yielding results that are normally distributed in the 
general population may show different distributions (e.g., 
‘hitting a ceiling’) when applied in a clinical cohort, for 
example. 

4.2 Measurement error: Measurement error refers to both 
the systematic and random imprecisions of any measured 
variable. The possibility of correlated measurement error 
merits special attention in CLPMs, as failure to account for 
it can bias results (28). For example, consider a study where 
at a single time point, the same informant (e.g., a parent 
reporting on their child) completes two separate surveys 
consecutively while at a study visit. If responses from one 
survey somehow influence responses on the second survey, 
this could drive a false association from measurement er-
ror correlation (also called ‘a halo effect,’ ‘shared-method 
variance’ or ‘informant bias’). Across two time points, error 
terms could also be correlated should the participant recall 
and be influenced by their previous responses (sometimes 
called ‘conditioning’) (28). There are statistical approaches 
in SEM that can account for correlated measurement error 
to some extent if needed. Several aspects of the study de-
sign can also help minimize error correlation: specifically, 
appropriate spacing of assessment time points, seeking out 
measures with high reliability, validity, and responsiveness 
(29, 30), and carefully considering how different informants 
(e.g., self vs. parent vs. clinician) may affect results. 

4.3 Linear associations: Third, CLPMs generally assume 
that relations between variables of interest are linear (unless 
otherwise modeled). This means that for a unit increase in 
an independent variable, there is a measurable and predict-
able increase in the dependent variable that is of the same 
magnitude across the entire range of the independent vari-
able. In mental health research, we know this is not often a 
true assumption; there may be thresholds above or below 
which screen time, bullying, or social difficulties may be 
benign or increasingly harmful. If the association between 
variables is expected or observed to be highly non-linear, 
sensitivity analyses may be suggested using models with 
non-linear associations (e.g., quadratic, cubic) (31), or with 
categorical outcomes (32).

4.4 Assessment time and spacing: Fourth, there are sever-
al time-related assumptions for CLPMs. First, all models 
assume synchronicity; in essence, all assessments at Time 



128

Baribeau et al

  J Can Acad Child Adolesc Psychiatry, 31:3, August 2022

1 occur at the same time and Time 2 at the same time etc. 
(17). This requires additional consideration if there are 
staggered data collection procedures as is common in larger 
studies (e.g., some interviews followed by mail or online 
surveys later). 

The spacing of assessment time-points is another import-
ant factor (33-35). Essentially, we need to consider the ex-
tent to which variables may be influencing each other on 
much shorter (or longer) time spans than that which we are 
measuring (4, 14, 35). Investigators may come to different 
conclusions about the magnitude and even direction of as-
sociations by simply varying the time intervals between as-
sessments (13). Readers can consider whether assessment 
spacing is logical with respect to the phenomenon under 
study (e.g., monthly tests of language acquisition in tod-
dlers and preschoolers, but yearly in school-aged children) 
(15, 36). Equality of time point spacing is another factor 
to consider, since estimates are time dependent. If the spa-
cing between assessments is unequal, this should factor into 
the interpretation of results, or may need to be accounted 
for with novel methods such as continuous time modelling 
(CTM) (13). 

4.5 Other covariates: Fifth, as with all studies, we assume 
that other important variables that might be influencing the 
association under study (e.g., socioeconomic status, rural-
ity, comorbid conditions, sex and gender, etc.) are either 
negligible, or are accounted for in the model as covariates. 
Readers are also directed to the British Medical Journal 
series on critical appraisal of cohort studies, for further 
discussion on ways to address confounding more broadly 
(37-39). There may also be interest in examining whether 
cross-lagged estimates are affected or “moderated by” by 
specific covariates; for example, whether the association 
between disordered eating and depression varies between 
boys and girls (8). In this setting, a multi-group analysis can 
be added to examine categorical moderators. Specifically, a 
model is built where the effects of sex in the model is initial-
ly allowed to vary freely (i.e., one estimate for boys and one 
for girls) and then another model is built where the effects 
of sex are constrained to be equal between boys and girls. 
The fit of the models is then compared using a statistical test 
(often the chi-squared difference test) to determine which 
model best fits the data and whether sex is a statistically 
significant moderator. It is inappropriate to simply split the 
sample into boys and girls, and then examine the signifi-
cance of the resulting parameters, as estimates in the two 
models may be different for other reasons (chance, repeat 
testing, sample size differences, other confounders). 

4.6 Population heterogeneity: Standard CLPMs (some-
times called an autoregressive cross-lagged models) assume 

everyone in the cohort tends to follow a similar trajectory of 
change over time, such that results derived from the whole 
cohort can be generalized to the individual level (5, 12). 
For example, most children are expected to have an in-
creasing number of friends, social skills, and an increasing 
vocabulary over childhood. However, in situations where 
individual trajectories are suspected to vary in direction 
over time (e.g., depressive symptoms, bullying, and screen 
time use may increase or decrease depending on the person) 
more complex models that account for this may be needed, 
depending on the research question. Curran and Hancock 
review various statistical approaches that can account for 
some degree of population heterogeneity, for example by 
incorporating statistical terms to model differences in start-
ing point (intercept), trajectory slope (e.g., the latent curve 
model with structured residuals or the autoregressive latent 
trajectory with structured residuals), or average over time 
(as in RI-CLPM). 

4.7 Sample sizes: A sufficient sample size is needed for re-
sults of a CLPM to be reliable. Without a big enough sam-
ple, the model might not run, or might not have enough 
power to detect significant associations, especially with 
more complex models. Smaller ‘true’ cross-lagged asso-
ciations, larger stability/autoregressive paths, larger with-
in-time associations, smaller variance in data distributions, 
and less reliable instruments necessitate larger sample sizes 
to detect cross-lagged effects (17). Sample sizes of at least 
several hundred, but often several thousand, are ideal. A 
general rule of n=200 has sometimes been proposed for 
CLPMs with two waves (11, 40). That said, when the meas-
ures are reliable and valid, the underlying cross-lag associ-
ations are strong, and the models are not overly complex, 
smaller sample sizes may be sufficient (40). Simulation 
studies (e.g., the Monte Carlo Method) can also be used 
to estimate sample sizes and power a priori (41). In prac-
tice, power is only one important factor to consider when 
estimating sample sizes in CLPMs (along with bias, the ex-
pected magnitude of the weakest path, and the anticipated 
amount of missing data) (42). 

4.8 Missing data: Although earlier researchers suggested 
CLPMs ought to be based on participants with complete 
data only (17), more recent simulation studies and advances 
in statistical procedures permit analyses using all available 
information. Most popular is the Full Information Max-
imum Likelihood (FIML) estimating procedure, which 
does not replace or impute missing data, but instead esti-
mates the population parameters from known associations 
with non-missing variables. Simulation studies have sug-
gested FIML is less biased for dealing with missing data 
than other missing data management techniques (43-45). 
To apply the FIML procedure, missing data patterns should 
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be ‘ignorable;’ that is, the likelihood of a data point being 
missing should be independent of the value of that data 
point (or can be predicted from other non-missing data). In 
other words, missing data in a longitudinal anxiety survey 
cannot be ignored if some people suddenly, and unpredict-
ably, become more anxious and then drop out of the study. 
Readers should examine the degree to which missing data 
are reported and described and how the missing data have 
been handled in the model. It is also important to consider 
that data could be missing over time due to attrition or with-
in time because a survey was not fully completed (as one 
example) or both. 

5. Random Intercepts Cross-lagged 
Panel Model (RI-CLPM)
A major criticism of traditional CLPMs is that they do not 
adequately separate out between- and within-person effects 
over time, resulting in estimates that can be difficult to in-
terpret. Between-person effects are those that vary from one 
individual to another, that is, everyone’s baseline tendency 

toward anxiety, exercise, or academic achievement, for 
example. These between-person effects are often concep-
tualized as static over time and ‘trait-like’ in nature. With-
in-person effects are the dynamic, time-dependent changes 
or ‘states’ that vary from measurement to measurement 
within the same individual. Thus, everyone in a study has 
both a baseline ‘static’ predisposition to anxious traits; and, 
within each individual, they may then experience episodic 
‘state-like’ fluctuations in anxiety.  Failure to account for 
these stable ‘trait-like’ between-person differences can bias 
the resulting cross-lagged estimates, effectively allowing 
stable traits to sneak in and confound (or even reverse) the 
directional effects (11, 12). 

To address this concern, the Random Intercepts Cross-
lagged Panel Model (RI-CLPM) (11, 12) uses SEM to sep-
arate out the measured variables into two latent compon-
ents: a stable baseline between-person ‘random intercept’ 
component, and a dynamic, within-person component (Fig-
ure 2). Using the example of screen time effects on child de-
velopment, cross-lagged paths in a RI-CLPM model would 

Figure 2: Modelling static vs. dynamic effects 

Note: The Random Intercepts Cross-lagged Panel Models (RI-CLPM) is one example of how including latent variables (here shown in 
circles) can be useful to help separate out the static, trait-like aspects of a construct or symptom (Xstable and Ystable), and the changing, 
dynamic aspects (DX and DY) from the measured variables (X and Y). Specific estimates and error terms have been omitted from this 
diagram for clarity. 
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show how a change in screen time use affects a change in 
future development (and vice versa), relative to a child’s 
own unique baseline. While the RI-CLPM has emerged as 
quite popular recently, there are several other statistical op-
tions available for trying to disentangle static vs. dynamic 
effects in a CLPM, which are thoroughly reviewed else-
where (5, 11). 

Readers should consider whether the study objectives and 
the interpretation of results are consistent with the model 
selected. If the goal is to understand and describe the di-
rectionality of previous cross-sectional associations, stan-
dard CLPMs may be sufficient. When results may inform 
recommendations applied to individuals (e.g., restricting 
preschool screen time exposure, suggesting a target for 
treatment), or when the study population is expected to be 
highly heterogeneous in baseline symptom severity or tra-
jectories overtime (intercepts and slopes), it is worth con-
sidering a model that can disentangle trait, state, and indi-
vidual effects. 

6. Model selection and fit
There are numerous fit statistics or indices which help an 
investigator decide the degree to which the mathematical 
structure they have proposed is accurately reflected in their 
data (Table 1) (6, 14, 48, 49). Most authors will present a 
variety of fit indices to support their final chosen model, 
or to compare various model structures of increasing com-
plexity. Commonly, models including only stability paths 
are compared to those with the addition of within-time, and 
then also cross-lagged associations (Figure 1). Models are 
said to be nested if the more restricted/parsimonious model 
is encompassed in the more complex models (like in the 
multi-group moderator analysis). Conversely, non-nested 
models may have different paths or variables that were not 
included in prior, less complex iterations. When comparing 
models, the choice of fit index varies depending on whether 
models are nested.

Although guidelines for acceptable ranges of fit indices 
exist (Table 1), most statisticians agree that there are no ab-
solute cut-offs; interpreting model fit is a subjective process, 

Table 1. Sample fit statistics for cross-lagged models
Fit statistic Target range for a ‘Good fit’ Notes

Chi-square (χ2) P-value >0.05 χ2 can be used as a global ‘reject-or-support’ statistic 
for the entire model. Small sample sizes tend to be 
underpowered for this test. It is often used to compare 
nested models (non-significant difference indicates 
models are not different). 

Root mean square error of approximation 
(RMSEA)

< 0.10; ideally < 0.06 Favors parsimony

Comparative fit index (CFI) > 0.90; ideally >0.95 One of the measures least affected by sample size

Standardize root mean square residual 
(SRMR)

< 0.08; ideally < 0.06 Standardizes the scale of RMR

Goodness of fit index (GFI) > 0.90 Sensitive to sample size

Adjusted goodness of fit index (AGFI) > 0.90 Accounts for sample size to some extent by incorporating 
degrees of freedom into the calculation - Tends to favor 
more parsimonious models (i.e., with fewer parameters)

Normalized chi-square (χ2) > 2.0 Accounts for sample size by incorporating degrees of 
freedom into the calculation (effectively a ratio of chi-
squared value to degrees of freedom)

Root mean square residual (RMR) Smaller is better Unit is scale dependent

Akaike information criterion (AIC) Smaller is better Unit is scale dependent; often used to compare non-
nested models

Bayes information criterion (BIC) Smaller is better Used to compare non-nested models

Note: For a detailed discussion on fit indices and model building, see Kline (2015), chapter 12 (6) and Hu et al., 1999(49).  
Kline (2015) recommends including the following minimum set of fit statistics: χ2, RMSEA, CFI, and SMR.
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that depends in part on the research question, context, im-
plications and setting for results (48). Many fit indices are 
also sensitive to sample size and may differentially favor 
model parsimony (i.e., less complex models with fewer es-
timated parameters) (6, 49). When critically appraising a 
study, readers should ensure that several fit indices are pre-
sented for each model, with the criteria for defining a “good 
enough” fit specified. 

7. How do I interpret the results?
When interpreting the results of transactional models em-
ploying CLPMs, most investigators will present a final fig-
ure showing the cross-lagged panel and resulting estimates 
from the best/selected model. At times, investigators will 
show all paths (18), irrespective of significance or may 
exclude non-significant associations for figure clarity (8). 
Conceptually, all path estimates in transactional models are 
measures of association. They can be interpreted as correla-
tion coefficients (within time) and regression coefficients 
(across time). Across time path coefficients are actually 
‘partial’ coefficients because they incorporate and control 
for the multiple partial effects of several predictors. 

Some investigators will present only standardized estimates 
in the final model, others will present standardized and un-
standardized estimates together. Unstandardized estimates 
show the association with respect to the original scales or 
units of the variables (i.e., the expected change in Y for each 
unit change in X). Since measurement instruments usually 
differ in their scales, standardized estimates are used to an-
chor the parameter estimates to units of standard deviation 
(i.e., the expected change in standard deviation units for Y 
per change in one standard deviation unit of X). Effectively 
this puts the association parameters all on a scale of -1.0 to 
1.0. Standardized estimates are useful to compare different 
paths (stability, within-time and cross-lags) within the same 
model, while unstandardized estimates are better when 
comparing across different sample populations or different 
models because the variance might be different.

Unlike traditional effect size estimates (e.g., Cohen’s d 
of 0.9 = ‘large effect’), cross-lagged paths have been ad-
justed for stability paths and within-time associations, and 
therefore absolute values that are much smaller can still be 
meaningful. In general, effect sizes of cross-lagged paths 
should be interpreted relative to the magnitude of the bi-
variate within-time correlations and stability paths (50). By 
inspecting the cross-lagged diagrams, we get an impression 
about whether the chosen variables influence each other 
over time, as well as the magnitude, and direction of the 
associations. The magnitude of the estimates of non-signifi-
cant results can also be informative at times. In the study 

examples discussed previously (8, 9, 18), standardized es-
timates for stability paths ranged from 0.30 to 0.75 across 
time points, while significant cross-lagged estimates be-
tween variables had standardized estimates between 0.06 
and 0.25. 

There has been debate about whether CLPMs depict ‘causal 
associations’ (11, 17, 21). Recent studies have softened their 
interpretation of findings away from causality, considering 
the growing recognition of the limitations and sensitivities 
of SEM to a variety of factors. More common contempor-
ary terminology includes ‘reciprocal effects,’ ‘directional 
effects,’ ‘cross-domain effects,’ ‘antecedent symptoms’ or 
‘influence’ (11). Readers can judge the degree to which 
conclusions match the results, are not overstated and are 
anchored to the study time intervals. 

8. Summary and guidelines for 
critical appraisal
Overall, through this introductory review of methodologic-
al and statistical procedures related to transactional models, 
several key points with respect to study design, analysis, 
and reporting have emerged, which may be helpful for 
non-statistical consumers of mental health research litera-
ture to consider.  These are summarized in Table 2, where 
we provide a modified 12-item checklist based on the CASP 
checklist for cohort studies (51). This accessible tool can 
help with study interpretation and appraisal and can be use-
ful for educational purposes. 

Readers should begin by identifying the primary research 
objectives, intended level of inference, and any hypotheses 
formulated based on the existing literature. Measures and 
their constructs should be carefully described, and details of 
their measurement properties, validity (52), and longitudin-
al invariance in the study population discussed. Preliminary 
analyses may be needed to justify their use. Consideration 
of statistical procedures which can disentangle static ‘trait-
like’ effects from dynamic ‘state-like’ effects, or account for 
data heterogeneity may be needed depending on context. 
Some missing data can be accommodated with newer sta-
tistical techniques. Missing data at each time point ought to 
be clearly reported. In general, sample sizes in the hundreds 
are needed, although this can vary highly depending on 
several factors. Multi-method, multi-informant instruments 
can help minimize measurement bias. Methods and results 
should present how the selected models were chosen and 
whether they meet the prespecified criteria for a good fit. 
Final chosen models and their diagrams should be clearly 
labeled and interpretable to non-expert audiences. Caution 
is advised to minimize causal language. Limitations should 
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Table 2. CASP checklist for interpretation and appraisal of cohort studies (51) adapted with further 
consideration for cross-lagged models
Question CASP question Further hints and cascade model considerations

Section A: Are the results of the study valid?
1. Did the study address a clearly focused issue? - Are the research questions clearly articulated with respect to the 

variables, risk factors, outcomes and populations of interest?
- Is there sufficient existing research and reason to support 
longitudinal cross-lagged modeling?

2. Was the cohort recruited in an acceptable way? - Was the cohort representative of a defined population?
- Was everyone included who should have been included?

3. and 4. Were the exposures and outcomes accurately 
measured to minimise bias?

- What were they trying to measure? 
- Do the chosen measures/ instruments capture what they wanted 
them to? Who completed the measures?
- Were the chosen measures previously validated, in the target 
population?
- Are the measures and constructs reliable and stable over the time 
intervals used, and are they likely to capture real change?

Section B: What are the results?
5. Have the authors identified all important 

confounding factors?
Have they taken account of the confounding 
factors in the design and/or analysis?

- Are there variables that might have been missed that could explain 
any associations found or not found?
- Are relevant confounders, mediators or moderators adjusted for or 
examined in the cross-lag model?

6. Was the follow up of the subjects complete 
enough and long enough?

- What proportion of people were lost to follow up, and did they differ 
from those who were not in some way?
- How were missing data accounted for?
- Were the time intervals between assessment reasonable to address 
the research question? 

7. What are the results of the study? - How strong are the associations between variables of interest?
- Do they report standardized or unstandardized associations? Are 
they significant? 
- How good are the fit indices?

8. How precise are the results?

9. Do you believe the results? - Do the analyses separate static and dynamic effects?
- How big are the effects?
- Do the results make sense? (consider Bradford Hills criteria: time 
sequence, dose-response gradient, biological plausibility, consistency)
- Does the magnitude and direction of effects make sense with respect 
to the hypotheses and phenomenon under study?

Section C: Will the results help locally?
10. Can the results be applied to the local 

populations? 
- Do the participants in the study reflect your local setting?

11. Do the results of the study fit with other available 
evidence?

- Are they consistent with previous longitudinal studies? Why or why 
not?

12. What are the implications of this study for 
practice?

- One observational study rarely provides sufficiently robust evidence 
to recommend changes to clinical practice or within health policy 
decision making.
- For certain questions, observational studies provide the only 
evidence.
- Recommendations from observational studies are always stronger 
when supported by other evidence.
- What are the next steps in terms of testing and validating an 
intervention based on the results?
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be clearly described with respect to statistical assumptions 
not met or accounted for. 

For clinicians, CLPMs are helpful to understand bio-psy-
cho-social processes where randomized trials would be un-
feasible or unethical, for example, regarding the impacts of 
spanking, discrimination, substance use, or specific early 
behavioural traits on future mental health outcomes (53-
55). CLPMs can build on prior observed cross-sectional 
associations and begin to tease apart potential sequential 
transactions and co-developmental cascades which may 
be amenable to future studies of specific targeted inter-
ventions. CLPMs can be placed high on the hierarchy of 
evidence that can be derived from observational research. 
There are disadvantages to CLPMs as well; they represent a 
simplification of complex developmental processes and are 
contingent upon the quality of the underlying hypotheses, 
as well as the data from which they are derived. Specif-
ic trajectories of change and growth are not easily evident 
from panels; continuous processes are somewhat artificial-
ly broken down into discreet time points; and population 
heterogeneity not easily appreciated. 

That said, developmental transactions and cascades are 
common, naturally occurring phenomena in mental health 
and development and statistical approaches using SEM and 
CLPMs are a powerful way to uncover them. Despite mul-
tiple limitations to these methods, they are fundamental to 
non-experimental and epidemiological research in mental 
health. 
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