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ABSTRACT

Causal graphs provide a rigorous framework for encoding causal assumptions. Yet, their integration
with multilevel models remains limited. We review common path diagram conventions in multilevel
modeling and show, through a bivariate regression example, that these function as statistical model
visualizations rather than causal graphs. We formalize parametric cross-sectional multilevel models as
parametric structural causal models with linear causal effects (conditional on possible moderators) and
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Gaussian error terms. We then translate them into acyclic directed mixed graphs. We illustrate this
framework using a well-known empirical example, the High School and Beyond study. This work pro-
vides a systematic bridge between cross-sectional parametric multilevel models and modern causal

graph theory.

Path diagrams have a long history and are widely used in
structural equation modeling (SEM) to visualize model struc-
ture, assumptions, and scientific results (Bollen, 1989; Mulaik,
2009). In recent years, structural causal models (SCMs) and
their graphical representations, directed acyclic graphs
(DAGs), have emerged as a formal framework to guide model
specification, to reason about sources of bias, and to assess
whether causal effects can be identified (Pearl, 2009; Pearl &
Mackenzie, 2018). In linear, single-level models, the frame-
work of path diagrams and DAGs largely aligns, allowing
researchers to quickly leverage the formal machinery of causal
graphs (Kline, 2023). However, in multilevel models, this
alignment breaks down. Psychologists have developed a rich
and diverse set of path diagraming conventions to visualize
multilevel models (Curran & Bauer, 2007; Mehta & Neale,
2005; Muthén & Muthén, 2017; Skrondal & Rabe-Hesketh,
2004). However, none of these satisfy the formal requirements
of DAGs and SCMs. This lack of a formal graphical frame-
work for multilevel models is a serious limitation and ham-
pers the proliferation and integration of causal graphs into
many applied fields.

Multilevel modeling frameworks were developed to address
violations of i.i.d. assumptions, arising frequently in real-world
data due to dependencies of observations within clustered units
or over time (Skrondal & Rabe-Hesketh, 2004; Snijders &
Bosker, 2012). In contrast, SCMs are formulated for i.i.d. varia-
bles within a single unit of analysis (Peters et al, 2017).

Because of this, the additional assumptions in multilevel mod-
els cannot be straightforwardly represented with single-level
DAGs. Despite these divergences, causal inference in multilevel
models has a long history (Hamaker & Muthén, 2020; Kim &
Frees, 2006, 2007; Skrondal & Rabe-Hesketh, 2004), particu-
larly in longitudinal and panel data studies common in econo-
metrics (Chamberlain, 1982; Hsiao, 2022; Mundlak, 1978;
Wooldridge, 2010). The recently emerging literature on causal
graphs in multilevel models is still sparse and mainly formu-
lated in the general nonparametric setting (Guo, Zhang, et al.,
2024; e.g., Guo, Téth, et al., 2024; Imai & Kim, 2019; Weinstein
& Blei, 2024; but see Gische et al., 2021). In this paper, we con-
tribute to this literature by constructing DAGs for parametric
cross-sectional multilevel models to complement the existing
nonparametric approaches. We restrict our focus to hierarch-
ical structures, where repeated observations are nested within
higher-level units but measured at a single time point.
However, the arguments and the approach we propose are
intended to lay the groundwork for future extensions to
dynamic and panel data models, where temporal dependencies
introduce additional challenges to causal representation and
identification.

To establish a foundation, we first introduce the formal-
ism and framework of SCMs and causal graphs. We then
review a representative set of the most common path dia-
graming conventions in multilevel modeling in the context
of a bivariate linear regression example. We demonstrate
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and discuss the limitations of these conventions and empha-
size how their shortcomings emerge from the distinction
between statistical and causal graphs. Building on insights
from the multilevel structural equation modeling (ML-SEM)
literature, we conceptualize the bivariate multilevel model
example as an SEM in wide format, treat it formally as an
SCM, and propose a systematic approach for constructing
its corresponding causal graph. Finally, we apply this
approach to discuss the graphical representation of a widely
used empirical example in multilevel modeling: the High
School and Beyond data set.

1. Graph-Based Causal Models

In principle, SCMs can be conceived as nonparametric
extensions of SEMs: they retain the use of structural equa-
tions but relax assumptions about linearity, additivity, and
distributional form (Kline, 2023; Pearl, 2009). Each variable
in an SCM is defined by a structural equation that expresses
it as a function of its direct causes (or “parents”) and an
independent error term. The system of equations is paired
with a graphical representation (typically a DAG) in which
each directed edge encodes a direct causal relationship.
These graphs make the model’s assumptions explicit: the
absence of an edge implies a conditional independence that
can be read off using a graphical criterion known as d-
separation.

A central advantage of SCMs is that they provide a for-
mal language for expressing and analyzing interventions.
The do-operator, written as do(X = x), represents a hypo-
thetical manipulation that sets a variable X to a value «x,
breaking any incoming edges to X in the graph. This allows
us to distinguish between observational and interventional
distributions. The distribution P(Y|do(X = x)) expresses the
distribution of an outcome Y under an intervention on X,
and summary statistics derived from this distribution define
causal estimands (Gische & Voelkle, 2022). Two common
estimands are the average treatment effect (ATE) and the
conditional average treatment effect (CATE). The ATE com-
pares the expected value of an outcome under two different
treatment levels x and x’ and applies generally to any scale
of outcome or treatment:

ATE,_v = E[Y|do(X = )] — E[Y|do(X = x)]. (1)
The CATE conditions on a set of observed covariates:
CATE,_v =E[Y|do(X = X),Z =z]
—E[Y|do(X = x),Z =1z]. 2)

These estimands allow us to formulate precise causal
questions and evaluate them using graphical and statistical
tools.

By extension, acyclic directed mixed graphs (ADMGs)
include both directed and bidirected edges (Richardson,
2003). This addition reflects the structure of structural equa-
tion models, where correlated error terms correspond to
bidirected edges between their associated variables (Spirtes
et al,, 1998). The corresponding separation criterion, m-sep-
aration, generalizes d-separation because bidirected edges
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simply introduce extra arrowheads, effectively creating more
opportunities for collider structures. Intuitively, a bidirected
edge (X <> Y) can be seen as shorthand for a latent com-
mon cause (X < U — Y), and m-separation reasons about
the former just as d-separation does in the latter. The direct
correspondence between SEMs and ADMGs is particularly
relevant for our purposes, because multilevel models can be
interpreted as systems of structural equations (Bauer, 2003;
Curran, 2003; Mehta & Neale, 2005; Skrondal & Rabe-
Hesketh, 2004), and therefore as ADMGs. Adopting this
representation provides a direct bridge between the statis-
tical formulation of multilevel models and their causal inter-
pretation within the SCM framework. Throughout the
remainder of this paper, we use ADMGs as the graphical
representation of parametric multilevel SCMs.

2. Multilevel Models

Multilevel models (Skrondal & Rabe-Hesketh, 2004; Snijders
& Bosker, 2012), also known as hierarchical models
(Gelman & Hill, 2006; Raudenbush & Bryk, 2002), mixed
models (McCulloch & Searle, 2001; Twisk, 2019), or vari-
ance component models (Searle et al., 2009), are statistical
models accounting for data that are organized at more than
one level of analysis. Multilevel data may be cross-sectional
(units nested within groups at one time), longitudinal
(repeated observations nested within units), or a combin-
ation of both. In what follows, we focus on cross-sectional
models with two hierarchically nested levels, such as stu-
dents (level-1) within classrooms (level-2). To demonstrate
how representative multilevel path diagraming conventions
violate the framework of causal graphs, we introduce a basic
multilevel model without level-2 variables as a running
example. Throughout this paper, we use the parameters p
for means, f for level-1 slopes, y for level-2 slopes, and 7
for varying parameters." Moreover, we use lowercase letters
for measured and uppercase letters for random variables.
For a given outcome Y, the model is specified as:

Yij = Mo + NyXij + € (3)

where yj; is the outcome for unit i in cluster j, x; is a unit-
level predictor, 7,; and ; are the intercept and slope coeffi-
cients varying over cluster j, and e; is the unit-level residual
term. The varying intercept and slope are defined via auxil-
iary equations:

Noj = M+ Uy;

where p is the fixed intercept, f§ is the fixed slope, referred
to collectively as fixed effects, and ug;, u;; represent the
unexplained variation of the parameters, referred to collect-
ively as random effects. Substituting these into the original
model yields:

Yij = (U + ugp) + (B + uij)x; + e (5)

'Using the parameter i makes the perspective of varying parameters as latent
random variables explicit (Bauer, 2003; Curran, 2003; Mehta & Neale, 2005;
Skrondal & Rabe-Hesketh, 2004).
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which can be equivalently written as:
Yij =+ Bxij + xjjuj + uoj + €5 (6)

The following assumptions about the distributions of the
errors are typically made in multilevel models:

Uoj 0 Y,
|f/ﬁj] N(l0‘|’ lwuﬂul ll/ul]) (7)
[ej]  ~N(0,0%)

We follow the common assumptions in the statistical lit-
erature: the level-1 residual e; is assumed to be independ-
ently and identically distributed (i.i.d.) following a normal
distribution with mean 0 and variance ¢% the random
effects ug; and u); are assumed to be i.i.d. following a multi-
variate normal distribution with mean 0 and variance-
covariance matrix V.

3. Common Visualizations of Multilevel Models in
the Psychological Literature

To demonstrate that common path diagraming conventions
in the psychological literature are incompatible with the
strict semantics of causal graphs, we illustrate four widely
used conventions using the running example introduced in
the previous section. These include the Mplus convention as
detailed by Muthén and Muthén (2017), the extended RAM
notation described by Mehta and Neale (2005), the multi-
level path diagrams proposed by Curran and Bauer (2007),
and the path diagrams used in the generalized latent and
mixed model convention outlined by Skrondal and Rabe-
Hesketh (2004). While we believe that these conventions are
representative, they do not constitute an exhaustive list, and
there may be other conventions that differ in their adher-
ence to graph-theoretic principles. Furthermore, construct-
ing these diagrams based on the system of equations
introduces certain ambiguities, as path diagrams are often
inconsistently defined. Throughout this section, rectangles
represent observed variables, circles represent latent varia-
bles, and triangles represent intercepts or the mean struc-
ture. Directed arrows represent direct effects, and bidirected
arrows represent variances and covariances.

3.1. Mplus Diagrams

Figure 1, adapted from Mehta and Neale (2005), illustrates
the Mplus convention (Muthén & Muthén, 2017). It origi-
nated from the early formulations of multilevel SEM, where
separate structural equation models are specified for the
within-level and between-level covariance structures (Mehta
& Neale, 2005). The diagraming convention is widely
adopted due to the popularity of Mplus and the clarity of its
diagrammatic approach (see e.g., Preacher et al., 2010,
2016). In Figure 1, the horizontal dashed line denotes the
division between levels: The subunit level (level-1 or
“within” level) is drawn above the dashed line and the unit
level (level 2 or “between” level) is drawn below the dashed
line.

Within [

Figure 1. Mplus multilevel path diagram. Note. The diagram is divided into two
panels by a dashed line, labeled ‘Within" and ‘Between’ corresponding to level-
1 and level-2 models respectively. Direct effects are represented by directed
arrows, correlations by bidirected arrows, and varying parameters by black
dots. The small arrow to the right of the outcome variable y; represents the
residual.

While this is concise and intuitive, the drawback is that
dependencies between levels are not explicitly represented,
making hierarchical relationships ambiguous. The black dots
represent varying parameters: a varying regression coeffi-
cient when positioned at the center and a varying intercept
when placed at the tip of a directed arrow. These are special
elements and have no direct analog in graph theory. In the
“Between” panel, each varying parameter at the “Within”
model is depicted as a latent variable, 7y; and n,;, with a
bidirected arrow indicating correlations between them. In
the Mplus convention, indices or subscripts are usually
omitted, (e.g., Muthén & Asparouhov, 2011), as levels are
already indicated by the dashed bar. However, for reasons
of clarity and consistency, we include indices explicitly.

3.2. Extended RAM Diagrams

Figure 2 displays the multilevel path diagram of our
example model according to the Extended RAM convention
and is adapted from Mehta and Neale (2005, p. 276). This
diagrammatic convention emerged from efforts to create a
general framework to specify multilevel models as SEMs,
where both univariate and multivariate multilevel models
can be cast as multivariate single-level models, referred to as
“wide-format SEM”.> Each row represents a single unit of
analysis and each column represents the unit’s repeated
measures or nested observations (i.e., subunits, such as per-
son i to N in Figure 2) as distinct variables. From this per-
spective, multilevel models can be understood as restricted
measurement models (see also Bauer, 2003; Curran, 2003;
Skrondal & Rabe-Hesketh, 2004), where varying parameters
are estimated as factors with fixed loadings: loadings of ones
for the varying intercept and loadings fixed to the observed
variable X for the varying slope. This estimation method has
notable consequences for visualizing multilevel models,
because there is only a single model and therefore a single
path diagram. Furthermore, by collapsing the multilevel
model into a single-level framework, each nested observa-
tion is handled as an individual variable, making the graph-
ical representation more intuitive but also more extensive.
In Figure 2, each subunit outcome variable is drawn
explicitly, with three dots indicating the continuation of

%For the history and literature overview for this kind of perspective see
Barendse and Rosseel (2020) and Barendse and Rosseel (2023).
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Figure 2. Extended RAM multilevel path diagram. Note. Diamonds represent
definition variables. Direct effects are represented by directed arrows.
Bidirected arrows represent covariances or correlations, when two distinct
nodes are connected. Bidirected arrows going out and in to the same node rep-
resent (error) variances.

varjables not shown in the diagram. The varying intercept,
denoted by 7, and the varying slope, 1,;, are depicted as
latent variables. The varying intercept is assigned unit load-
ings, while the random slope’s loadings are fixed to the
unit’s observed values of X, represented by diamond shapes
and referred to as definition variables. The mean of #,; cor-
responds to the fixed intercept y,, while its variance, ¥, ,
represents the variability of the varying intercept. Similarly,
the mean of 17,; corresponds to the fixed slope f;, and its
variance, ¥, , represents the variability of the varying slope.
From a causal graph perspective, two issues arise: (1) fixed
effects are modeled as latent variable means rather than
path coefficients, whereas DAGs omit mean structures in
the form of triangles and their paths as they are not relevant
for causal analysis; and (2) definition variables, represented
as diamond-shaped nodes, function as path coefficients
rather than traditional variables.

3.3. Multilevel Path Diagrams According to Curran and
Bauer

Figure 3 shows the multilevel path diagram of our example
model, following the conventions established by Curran and
Bauer and adapted from Curran and Bauer (2007, p. 287).
The approach by Curran and Bauer (2007) aimed to
improve upon the two previously reviewed path diagraming
conventions and was developed to achieve two main objec-
tives: to facilitate the derivation of underlying equations and
to provide a clear and efficient means of communicating the
model structure, assumptions, and empirical results.
Importantly, the authors explicitly state that their focus is
purposefully restricted to achieving the aforementioned
goals for “the types of models most widely used in practice”
[Curran and Bauer (2007), p. 284; i.e., linear multilevel
models]. Since the varying parameters are explicitly
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Figure 3. Curran and bauer multilevel path diagram. Note. Rectangles repre-
sent observed variables and circles represent random effects. Triangles repre-
sent intercepts, where the subscript indicates the corresponding level. Direct
effects are represented by directed arrows. Bidirected arrows represent cova-
riances or correlations between random effects. Residuals are made explicit at
every level, that is, level-1 residuals e; and level-2 residuals of the varying
effects ug; and uy;.

represented as nodes, the path diagram more closely aligns
with the multilevel notation rather than the mixed model
notation. From a graphical modeling perspective, the issue
is that nodes are placed on edges, and again, the mean
structure is used to define fixed effects.

3.4. Generalized Latent Variable Diagrams

Figure 4 shows the multilevel path diagram of our example
model according to the convention of Skrondal and Rabe-
Hesketh (2004). This diagrammatic convention emerged
from efforts to unify SEM (i.e., measurement and structural
models) and multilevel models. A unique feature that
appears in no other path diagraming convention is the use
of rectangular boxes that represent repeating structures.
These are similar to plate notation from hierarchical
Bayesian modeling, which we will come back to later in the
manuscript. However, the authors did not name them as
such; instead, they are referred to as “nested frames” (Rabe-
Hesketh et al., 2004, p. 176) or “box” (Skrondal & Rabe-
Hesketh, 2004, e.g., Section 1.2 or Section 4.2.4).

However, the generalized latent variable diagrams are not
without their own idiosyncrasies and are closely tied to the
generalized linear latent and mixed models framework
(GLLAMM) (see Figure 2, which illustrates Equation 19 in
Rabe-Hesketh et al., 2004). The most striking incompatibil-
ity with causal graphs is the representation of varying slopes
by edges pointing to edges (see Figure 3.8 in Skrondal &
Rabe-Hesketh, 2004; or Figure 3 in Rabe-Hesketh et al,
2004, p. 182)—a common convention to represent interac-
tions in path diagrams (Kim & Jung, 2025). Indeed,
Rabe-Hesketh et al. (2004) explicitly state that a “random
coefficient is represented by a latent variable having an
arrow pointing from it to the path representing the corre-
sponding fixed coefficient, a convention previously used in
Pickles et al. (1998)” (p. 182).

4, Statistical Versus Causal Diagrams

The diagraming conventions reviewed in the previous sec-
tion diverge in several ways from DAG and SCM principles.
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Figure 4. Generalized latent variable diagram. Note. Rectangles represent observed variables and circles represent latent variables. Direct effects are represented
by directed arrows. Bidirected arrows represent covariances or correlations between random effects. Surrounding boxes represent repeating structures.

First, all of these diagrams violate core graphical principles:
they separate levels into disconnected subgraphs (Muthén &
Muthén, 2017), place points (Muthén & Muthén, 2017),
nodes (Curran & Bauer, 2007), or variables on edges (Mehta
& Neale, 2005), and use edges pointing to edges (Skrondal
& Rabe-Hesketh, 2004). Second, they reflect the conventions
of statistical modeling and diverge from core principles of
SCMs. For example, assumptions about the independence of
the residuals are often the default, such that causal assump-
tions are built into the diagram by construction, rather than
being interrogable features. Furthermore, covariates are
often treated as fixed inputs, instead of random structural
variables.

Most importantly, the interpretation of auxiliary equa-
tions (such as those in Equation (4)) as structural equations
results in conceptual ambiguities. By treating varying
parameters simultaneously as deterministic endogenous vari-
ables, population-level structural coefficients, and exogenous
error terms, the boundaries between distinct SCM concepts
become blurred. If parameters are considered deterministic
endogenous variables, this implies the possibility of direct
intervention upon them—a notion that remains theoretically
unclear and practically ambiguous.” Furthermore, structural
coefficients, such as slopes, become conflated with mean
structures. For example, Figures 2 and 3 incorporate the
causal effect f within the mean structure of the varying
slopes #y;. This is conceptually problematic from the per-
spective of causal graphs, which exclude mean structures by
definition. Finally, varying parameters as latent variables
may or may not be exogenous causes: unconditional models
(such as Equation (4)) of centered covariates correspond
directly to exogenous causes, yet, in conditional models the
level-2 exogenous error is represented explicitly as its own

3Changes of parameters due to interventions can be conceptualized by the
CATE, such that moderators of the causal effect are the target of intervention.
This logic holds irrespective of the level of the variable.

(latent exogenous) node (see Skrondal & Rabe-Hesketh,
2022, p. 818, Figure 5). To resolve these tensions, we now
recast multilevel models as Multilevel Structural Causal
Models (ML-SCMs) and show how a ADMG can be system-
atically constructed.

5. Multilevel Structural Causal Models

The SCM framework operates with a strict formal vocabu-
lary: endogenous deterministic variables are determined
within the system and exogenous random variables represent
external sources of variation (i.e., unobserved causes that are
not themselves explained by the model). Each deterministic
endogenous variable is generated as a deterministic function
or structural equation f of other endogenous variables and
exogenous variables. The randomness in the system comes
entirely from the probability distribution P over the exogen-
ous variables. In many practical applications, both the causal
functions fp and the distribution over the exogenous varia-
bles Py are assumed to depend on a set of exogenous
population-level parameters 0. Throughout this paper, we
assume all causal functions are linear (conditional on pos-
sible moderator variables) and all exogenous variables are
generated by a multivariate Gaussian distribution. However,
these assumptions can be relaxed.

Standard SCMs assume a flat data-generating process:
observations are assumed to be ii.d. and the causal system
is represented at the level of a single unit. In other words,
there is only one level or indexing variable, typically i, along
which variables vary. In contrast, multilevel models accom-
modate causal structures that vary along multiple levels,
each introducing dependencies that violate the i.i.d. assump-
tion. A natural assumption in such settings is that lower-
level units are conditionally independent given their shared
cluster-level context. In other words, observations are i.i.d.
within clusters once we condition on latent group-level vari-
ables representing unobserved causes common to that
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Figure 5. Multilevel hierarchical DAG. Note. Circles represent variables and gray shading represents unobserved variables. Unique errors are omitted and arrows
are attached to their children. Shared errors are included. Bidirected arrows are drawn with a dashed line for better visibility. The graph is drawn at the cluster level
j- Panel A depicts the fully expanded DAG. Panel B depicts the same graph using plate notation. Paths are unlabeled to retain their generality, but all error paths
could be labeled with ones as usual, the directed arrow(s) with  and the bidirected arrows with the entries in the covariance matrices. Plate notation implies that

repeated edges are identical.

cluster.* For example, in a model of students nested within
schools, individual outcomes are not independent in the
population but become independent once we condition on
the (unobserved) school-specific factors that affect all stu-
dents in that school.

We now recast the multilevel regression defined in
Equations (3), (4), (5), and (7) as an ML-SCM. In this for-
mulation, covariates are decomposed into level-1 and level-2
components—a strategy well-established in the ML-SEM lit-
erature (Asparouhov & Muthén, 2019; Hoffman & Walters,
2022; Lidtke et al., 2008), though a similar formulation also
appears in econometrics (Wooldridge, 2010, p. 383). For the
sake of readability and to accommodate more complex
models later on, we revise the typical multilevel regression
convention of using numeric subscripts to differentiate
unobserved level-2 exogenous variables (e.g., UY* instead of
ug; and U™ instead of uy;). Observed and unobserved ran-
dom variables are written in upper-case Latin variables,
while parameters are written in Greek. The following equa-
tions recast the bivariate multilevel regression again in three
parts: the level-1 equations with varying parameters, the
auxiliary equations decomposing heterogeneous parameters
into a structured collection of level-2 (observed and unob-
served) causes and constant population-level parameters,
and the resulting structural equations obtained by

“More generally, this idea connects to the concept of (conditional)
exchangeability, which provides a nonparametric representation for causal
inference theory in cross-sectional, longitudinal (Saarela et al., 2023), hierarch-
ical (Guo, Téth, et al., 2024; Guo, Zhang, et al., 2024; Weinstein & Blei, 2024)
and panel data (Athey & Imbens, 2025). A discussion of this literature is
beyond the scope of this paper. However, note that our approach can be
interpreted as a parametric and frequentist perspective on this literature.

substituting the latter into the former. The level-1 equations
describe the data-generating process using varying parame-
ters:

X
Xy =n"+Ej

®)
Yy = n" + /¥ X + EY

where 17;(“ is the varying mean of X, an” the varying inter-
cept of Yj; (equal to the group mean of Y only when X is
centered), and n]YX is the varying causal effect. The varying
parameters can be expressed by the following auxiliary
equations:

nJXﬂ _ #X + UjXN
"=+ U ©)
HJ_YX Sy UjYX
By substituting Equation (9) into Equation (8) we obtain
the mixed structural equations:
Xy =u* + U™ + Ef
Yi = (0 + U™ + (B + U)X, + Ef
— MY+ﬂYXXij + (ijYXXij+ Uqu_i_Eiij(

(10)

In the mixed equation, we can clearly distinguish
between endogenous deterministic variables (X, Y), exogenous
random variables (Uj, Ej), and exogenous population-level
causal parameters (X, 1¥, and B**). The grand mean of X
is X (i.e., the marginal expectation E[X]). If X is grand-
mean centered, u¥ corresponds to the grand mean of Y;
otherwise it is the expected value of Y when X = 0. The
ATE of Xj; — Yj; is ﬁYX. The terms E; and U; capture the
variation due to exogenous causes that are umique to each
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level-1 unit and are shared by all level-1 units in a given
level-2 unit, respectively. In other words, E; represents the
collection of all unobserved causes at level-1 and U; repre-
sents all unobserved causes at level-2. For a general causal
theory of errors, see van Bork et al. (2024); for a causal per-
spective on errors in multilevel models, see Skrondal and
Rabe-Hesketh (2004), Bates et al. (2014), Skrondal and
Rabe-Hesketh (2022), and Kim and Frees (2006).

The exogenous errors are assumed to be generated by the
following multivariate normal distributions:

Xu -
UJ' 0 lﬁny
L]]-YH ~N 5 ‘//UYN UXn l//UY“
UXx Yumpalyrxgrah (11)

j .

([0} )
o]~ <))

The diagonal elements of Wy (i.e., Yyxu, Yyvu, Yyrx) repre-
sent the variances of each exogenous variable at level-2. The
off-diagonal elements are the covariances between exogenous
variables. The covariances of exogenous causes between dif-
ferent variables (i.e., Yyx.yve and Yywyx) represent unex-
plained covariation due to shared unobserved causes (i.e.,
they represent unobserved confounding at level-2). In con-
trast, ¥y v. does not represent unobserved confounding but
rather captures the extent to which unobserved causes jointly
influence the error terms belonging to the same variable.
Equivalently, o7x and o7, represent the variances of the
exogenous causes at level-1 and oprpx represents the covari-
ance due to shared unobserved causes at level-1. The zero on
the off-diagonal in Equation (12) encodes the assumption that
the errors U; and E; are independent. If we do not explicitly
model the level-2 variation—that is, if we marginalize the dis-
tribution of the group-level exogenous variables—all of that
variation and covariation is absorbed by the exogenous varia-
bles at level-1. In this case, the level-1 errors would capture
not just unique and unidentifiable but also structured and
identifiable variation, such that we would lose the ability to
adjust for unobserved confounders at level-2.

(12)

6. From Multilevel Structural Equations to Causal
Graphs

Given the structural equations of the ML-SCM defined in
Equation (10), we can construct the associated causal graph.
By definition, the causal graph of an SCM is determined by
the functional dependencies: each endogenous variable
receives directed edges from all variables appearing on the
right-hand side of its structural equation. The mixed equa-
tions clearly separate the endogenous variables, exogenous
variables, and exogenous population-level parameters, allow-
ing us to directly identify the parent—child relationships that

define the graph. Together with the joint distribution over
the exogenous variables, we can construct an ADMG that
includes both directed and bidirected edges.

To facilitate the presentation, we reiterate the expanded
form of Equation (10):

X,’j = ,UX + UJXM —|—E§ (13)

Yy = 1" + B¥Xy + UXy + U™ + Ef

To identify the parent-child relationships, we can write
each variable as a function of its unique exogenous and
endogenous causes, omitting exogenous population-level
parameters:

X
Xij = fx(U]", Ef)

Y (14)
Yy = fr(X; U, U, E)

After fixing a given cluster j, we can expand the system
of equations across all level-1 units i = 1, ..., N;, where N;
denotes the number of observations within cluster j. Since j
is fixed, we drop the subscript to simplify notation.

Xy = p* + U+ Ef
Y, =¥ + X, + UKX, + UV + EY
Xy =+ UM+ E}

Yo = u¥ + X, + UX, + U + E) (15)

Xy, = w* + UM+ EY,
Yy, = u¥ + B Xy, + U™ Xy + U+ EY,

In the expanded equations, we can see how repeated
observations at level 1 (within a fixed cluster) are structur-
ally determined by both unique and shared exogenous varia-
bles. Specifically, each unit-specific endogenous variable X;
depends on a unit-specific exogenous variable EX and a
shared exogenous variable U** that enters the equations
additively. Similarly, each Y; depends on the unit-specific
endogenous variable X;, a shared additive exogenous vari-
able U', a shared multiplicative (effect-modifying) exogen-
ous variable UX| and a unit-specific exogenous variable E..
Notably, the population-level causal effect parameter ™ is
identical across all units i and j. Any deviation from this
parameter is captured explicitly by the exogenous (unob-
served) moderator variable UYX. The mean/intercept parame-
ters (1%, p¥) have no implications for the causal network—
they describe baseline expectations rather than causal relation-
ships—and are conventionally omitted from causal graphs.

The repetition across equations reflects a core feature of
multilevel models: shared causes appear in multiple equa-
tions, connecting repeated observations and creating
dependencies between them. The distributional assumptions
for the exogenous variables defined in Equations (10), (11),
and (12) determine the presence of bidirected edges in the
graph. Specifically, any nonzero covariance between two
exogenous variables implies shared latent causes and is rep-
resented graphically as a bidirected edge, reflecting unob-
served confounding. For instance, if Cov(UY, UX*) # 0, we
draw a bidirected edge connecting those variables. In this



example, we assume that Cov(EX,E}) = gprpx = 0 (ie,, no
unobserved confounding of X — Y at level-1). Typically,
causal graphs omit all exogenous variables, resulting in
bidirected edges directly connecting the influenced endogen-
ous variables. However, because multilevel models explicitly
distinguish between shared and unique exogenous causes,
we adopt a hybrid graphical convention: we omit unique
exogenous variables but explicitly retain the shared exogen-
ous variables in the graph. This choice reflects a fundamen-
tal difference in identifiability and estimability: shared
exogenous variables (e.g., UY# UX#), and their covariance
matrix, can be identified and estimated (with parametric
assumptions) from repeated observations, while unique
exogenous terms remain unidentifiable and unestimable and
are omitted accordingly. Explicitly modeling shared exogen-
ous variables and their covariance matrix (represented
graphically as bidirected edges) enables the statistical adjust-
ment for level-2 unobserved confounders (under the
assumption that the functional form and parametric
assumptions are correct).

The resulting DAG is illustrated in Figure 5. Panel A in
Figure 5 presents the fully expanded DAG, corresponding to
the expanded set of equations in Equation (15), explicitly
drawing all level-1 units within a given level-2 unit. Panel B
in Figure 5 presents the same DAG using plate notation.
The level-1 variables are enclosed in a plate indexed by i,
reflecting their replication within each level-2 unit j, whose
group-level variables lie outside the plate. More generally, a
plate represents a set of repeated, (conditionally) independ-
ent elements indexed by the label in its lower right corner.
All variables within the plate are replicated once for each
level of the indexing unit (e.g., for each level-1 unit
i=1,..,Nj), reflecting a multistage sampling relationship
(Jensen et al., 2020). When plates are nested, they express a
hierarchical structure: for each instance of the outer index
(e.g., group j), there are multiple instances of the inner
index (e.g., observations i). The outer plate encodes the
assumption that the highest units in the hierarchy (here
level-2) are independent from each other, while the inner
plates encode the assumption that the lower levels (here just
level-1) are independent conditional on all level-2 exogenous
(and possibly endogenous) variables.

Because the graph belongs to the class of ADMGs, we
can reason with graph-based tools—do-operator, do-calcu-
lus,” and graphical criteria—to define and reason about
causal quantities. The do-operator corresponds to interven-
ing on X at value x, yielding the interventional distribution
(Gische & Voelkle, 2022). In graphical terms, this corre-
sponds to removing all incoming arrows to X (Pearl, 2009).
The corresponding interventional expectation E[Y|do(X =
x)] is the expected outcome in the population if X were
fixed to x for every person. In a single-level model, this
expectation is taken over all individual-level exogenous
causes EY. In multilevel models, however, the function for Y

Note that the do-calculus is not complete for hierarchical multilevel models.
Instead, specific causal structures, such as the hierarchical instrumental varia-
bles graph, require parametric identification. However, this is beyond the
scope of this paper; but see Weinstein and Blei (2024).
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contains both unit-specific and cluster-specific exogenous
causes. The post-intervention expectation in multilevel mod-
els must therefore average over both unique and shared
causes of Y (see Guo, Zhang, et al,, 2024; Skrondal & Rabe-
Hesketh, 2022).

Formally, with a Gaussian random-intercept and
random-slope the post-intervention expectation can be
defined as:

E[Y|do(X = x)] = [E[Y]x, UY]p(UY)dUY (16)

="+,
where UY = [UY#, U"]. Because all exogenous causes have
mean zero, the interventional expectation reproduces the
fixed part of the mixed model in Equation (10). The
population-level ATE is then defined as a contrast between
such  expectations ATE, ., = E[Y|do(X = ¥)] —
E[Y|do(X = x)]. For a continuous outcome and treatment,
this represents a dose-response relationship: the expected
change in Y when moving from the interventional level
do(X =x) to do(X =x') (see Equation (1)). In a linear-
Gaussian model with mean zero exogenous causes, the
ATE, .o = "™ (x' —x), where ™ is the population-level
linear slope (i.e., the causal effect per one-unit change in x).
The intercept u' cancels out, as it is the same across both
treatment conditions. Cluster-specific interventional distri-
butions and causal effects can be defined by conditioning
on cluster-specific exogenous variables; see Equation (2) and
Gische et al. (2021). Note that the estimand in a multilevel
model (the population-level ATE) corresponds to the aver-
age of each cluster-specific slope. However, the quantity
estimated via regression may diverge from the population-
level ATE, as we see in the next chapter (see also Bates
et al., 2014; Hamaker, 2024; Imai & Kim, 2019). One might
also define the estimand by forming the contrasts of cluster-
specific interventional distributions (i.e., CATEs), and then
average across each cluster-specific causal effect. While both
estimands are equivalent under the Gaussian (identity) link
function, they diverge for nonlinear link functions.

Because unobserved confounders can enter via unique and
shared errors, the do-operator in Equation (16) implies that
arrows from EX and U** into X are deleted. If direct interven-
tion is not possible, we need to account for the following pos-
sible backdoor paths® between X and Y in Figure 5:

two

X—U"oU*SY (17)

and

X—UMoUX Sy (18)

To identify the causal effect X — Y we need to find a
minimal adjustment set, which is the smallest set of varia-
bles that blocks all back-door paths—no variable in it can
be omitted without losing that property. In our example,
the graph shows that the minimal adjustment sets are UX
and UY, U'X, each of which blocks all back-door paths from
X to Y. Because causal graphs abstract away the sample size,

®Note that the backdoor paths can be traced equivalently in panel A or B due
to the implied equality restrictions.
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both of these adjustment sets can be intuitively interpreted
as the requirement of accounting for the multilevel structure
in some way. However, real studies have to deal with sample
size limitations of the number of units in the clusters (N;)
and/or the number of clusters M. For a more in-depth dis-
cussion of possible statistical adjustment techniques (such as
cluster-mean centering, including the cluster mean or multi-
variate techniques) we refer the reader to Wooldridge
(2010), Bates et al. (2014), Hamaker and Muthén (2020),
and Skrondal and Rabe-Hesketh (2022).

7. Empirical Example: High School and
Beyond (HSB)

We turn to an empirical example: the High School and
Beyond (HSB) study (Raudenbush & Bryk, 2002), capturing
nationally representative data on students (level-1) nested
within schools (level-2) in the United States. To facilitate
the presentation, we only consider three variables: student
socioeconomic status (SES) Xj;, student academic achieve-
ment Yj, and school type (private vs. public) W;. The
empirical example serves two purposes. First, it illustrates an
often overlooked backdoor path and form of school-level
heterogeneity: schools may differ not only in their average
socioeconomic status (SES) and achievement, and in how
strongly SES influences achievement, but also in the diver-
sity of SES among students (i.e., school-specific heteroskedas-
ticity). Second, it extends our discussion to include level-2
variables. We assume that higher SES causes higher achieve-
ment (X;; — Yj), as students with more financial and social
resources typically experience better academic outcomes
(Morgan et al, 2009). School type influences achievement
(W; — Yj), reflecting peer effects, funding differences, and
curriculum quality (Aikens & Barbarin, 2008). We assume
that SES is not a cause of school type itself (Xj /4 W;).
Instead, we assume that the correlation Xj <> W; arises
from selection bias (U; FRapE W;), since families w1th greater
resources on average are more able to afford private educa-
tion (i.e., pupils self-select into school type). In the remain-
der of the section, we will specify the SCM as a multivariate
location-scale model,” which allows us to extend our discus-
sion to an additional backdoor path via cluster-specific het-
eroskedasticity of the treatment.
First, we specify equations with varying parameters:

X 4
X = n,“ exp (11;%) Ej
Yy =" 4+ X + EY (19)
W = W+ U,W

’Usually location-scale models are specified just for the outcome variable
(Feng & Hancock, 2024; Hedeker et al., 2008; McNeish, 2023). For location-
scale models in the context of SCMs see Immer et al. (2022). However, in this
paper we will specify it for the treatment variable, in order to give a structural
and graphical interpretation to a series of findings on the inconsistency of
statistical adjustment for cluster-level unobserved confounding (Bates et al.,
2014; Brumback et al., 2015; Chernozhukov et al., 2013; Imai & Kim, 2019;
Wooldridge, 2005, 2010). Note that the inconsistency can be statistically
adjusted for, but necessitates specific techniques (e.g., Bates et al., 2014) or a
multivariate location-scale model, where the dependence between UX" and
UYX can be explicitly modeled and thus, statistically adjusted for.

These equations encode the assumption that schools dif-
fer in their (1) mean level of SES (X) and achievement (Y),
(2) causal effect of SES on achievement, and (3) school-
specific variance of SES. For the binary level-2 variable W,
we could use a logit link, specifically, Pr(W;= 1)
logit™ (1" + U}"). Note that U} denotes the unique
exogenous cause of the level-2 variable W, which can be
understood as representing unobserved (institutional or pol-
icy) causes of school type. It is unique to each school-level
observation and therefore unidentifiable and unestimable.
The newly introduced scale or random variance part of the
model is nf". The exponential function constrains the ran-
dom variance parameter to be positive. Note that the par-
ameter ¢* lives on the log-scale because of the exponential
link and as such does not equal the average variance of X
across schools.

Second, we define the auxiliary equations of the varying
parameters across schools:

n]?(u =X+ Uqu

njxa —oX 4+ ij“

”J}’/x =u' + VYWWj + Uqu
X = pYX 4 YW W, 4 UjYX

(20)

The auxiliary equations encode that all variation of the
cluster-specific means and variances of SES is due to unob-
served causes (UjX“ , U]-X”), since we assumed that school
type is not a direct cross-level cause of SES. However, we
assume that school type is an observed cause of both the
mean level of achievement and the effect heterogeneity of
SES on achievement (Lee & Bryk, 1989). Note that we did
not introduce a random variance term for Y because this
keeps the model more readable and UY? does not imply an
additional backdoor path for directed causal effects (for an
algebraic treatment of the undirected correlation coefficient,
see Hamaker, 2023).

Substituting these into Equation (19) yields the mixed
structural equations:

Xij=p*+ U-X“ + exp (¢¥ + U")E}
Y — ('u +",7YWW + UY#) (ﬁYX +"/YXWVVJ‘ 4 []]YX)XU +E11]/
= 1" + B7Xy + 9" W+ VWX + UK + U 4 EY
Wi =u" + U
1)

The probability distributions over the exogenous varia-
bles are:

U 07 [Vuu

UjY“ 0 Yuveyxabyn

UjYX ~N 0|, | YumpnWyrynyrx

ij 0 Yowuxabywyrabgwyrgw
I UJer | 0 i lpUXU UXu l//Uer UYn l//Uer UYX[//UXanl//Uer
i (e )
EZ 10 | omrer o2y

(22)



Figure 6. Graph of the high school and beyond ML-SCM. Note. The graph is
drawn at the school level. The plate around the entire graph encodes the
assumption that the graph is identical for each school j and the schools are
unconditionally independent from each other. The rectangular bidirected arrow
reflects potential correlations among all school-level exogenous variables due
to shared unobserved causes. Unique errors, at level-1 and level-2, are omitted
and their arrows are attached to their only and unique child.

where a%x is set to one, because it is scaled by the random
heteroskedastic term UjX". Finally, the joint probability dis-
tribution Py over the exogenous variables is:

EIRIRt)

The SCM graph with plate notation is shown in Figure 6.
Because the HSB study is observational, we assume unob-
served confounders at level-1 and level-2. As discussed ear-
lier, only identifiable shared exogenous variables are
explicitly shown in the graph; bidirected edges from margi-
nalized unique errors are attached directly to their observed
children. For example, the dashed arrow between Xj; (stu-
dent SES) and Yj; (student achievement) represents the cor-
relation aXr between the unique exogenous causes E and

. This correlation is nonzero in the presence of shared
unobserved causes (such as family involvement, parental
financial resources, and education). Because these unique
exogenous causes cannot be identified and are therefore not
shown in the graph, we cannot statistically separate the con-
founding effect via the backdoor path

(23)

XHﬂHyﬂn (24)

from the direct causal effect X; — Y;. A similar logic
applies to causal effects between levels. The backdoor path

W — U — U — vy (25)

is open when the correlation Y wyv. between the unob-
served school-level causes ij and UJ-Y“ is nonzero—
encoded via the dashed rectangle. For example, especially
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motivated and achieving students or parents with high
achievement standards might self-select into private schools,
leading to a correlation between average achievement levels
and school types. As each school contributes only one
observation of W;, the associated error term UjW is not
identifiable and therefore omitted from the graph. Because
of this, we cannot statistically separate the correlation
Yywywe that parametrizes U" < U"* from the direct causal
effect p*" that parametrizes W; — Yj;.

Some schools may have a more socioeconomically diverse
student body, reflected in between-school differences in the
variance of SES. We represent this using a school-level
exogenous variable, UjX”7 which captures all unobserved
causes of school-specific heteroskedasticity in student SES
and enters the structural model by scaling the residual vari-
ance. Because multiple students are observed per school, the
effect of UjXJ on the distribution of SES is identifiable, and
the exogenous variable is therefore explicitly represented in
the graph. As with the other school-level exogenous varia-
bles, UJX” is allowed to correlate with all other unobserved
school-level causes—indicated by the rectangular bidirected
arrow. Admission policies offer a plausible example: they
may simultaneously affect SES diversity (UX”) average
achievement (UY“ ), and the strength of the SES achieve-
ment relatlonshlp (UYX) Inclusive policies increase socioe-
conomic heterogenelty, while restrictive ones produce
homogeneous student bodies and concentrate high-SES stu-
dents. Because higher-SES students tend to perform better
on average, these policies therefore also shift the school-
level average of academic achievement. This creates a back-
door path:

X—U¥U* Y (26)

Moreover, the SES-achievement relationship may itself
depend on SES diversity: in homogeneous schools, the link
may be weaker due to limited SES variation; in more diverse
schools, it may be amplified by disparities in resources, sup-
port, or expectations. Alternatively, schools with greater
diversity may invest in equity programs that mitigate SES
effects, whereas more homogeneous schools may lack the
perceived need for such efforts and divert resources else-
where, for example toward enrichment programs that bene-
fit already advantaged students. Either way, this implies
another backdoor path:

XU UX 5y (27)

These examples show that the same unobserved factor
(e.g., admission policy) may jointly influence UJX“ UY” and
U™, Even if not all confounders affect all three, the possi-
bility of shared unobserved causes between any pair can cre-
ate these backdoor paths that bias the estimation of the
causal effect Xj; — Yj;.

In psychology and educational research, it is common to
center only the covariates, as this preserves the ability to
estimate the effects of level-2 variables (Enders, 2013; Kreft
et al.,, 1995). In contrast, in econometrics it is common to
center both the covariates and the outcome (Bates et al,
2014; Wooldridge, 2010). While these approaches are
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equivalent for adjusting for the sources of confounding dis-
cussed in the previous section, this equivalence breaks down
when school-specific heteroskedasticity is present. When we
group mean center Y, we cut the path U™ — Y such that
the path X « UX? < UY* — Y is blocked. However, when
we center just X, this path is not blocked, because centering
X does not cut U — X and U — Y remains. Even
when we center both X and Y, the paths U™ — Y and
UX? — X remain, such that the path X « U*? « UX — Y
is open (see also Bates et al., 2014; Imai & Kim, 2019).
Furthermore, Consider the Backdoor Path

X<—UX”<—>[]jW<—>UYX—>Y (28)

passing through UjW—a unique level-2 error and as such
not visible in Figure 6, where the bidirected arrows con-
nected to UjW are therefore attached to its child W. Due to
the rectangular representation of all bidirected arrows in the
graph it is easy to miss that UX? «» W; <> U™ is a collider,
and as such, a closed path—as long as we do not include W
in the statistical model. However, if we include W in our
model, we open this previously blocked path and conse-
quently risk introducing collider bias into the causal effect
estimation of X — Y. Conversely, omitting W allows its
variation to be captured by cluster-level noise terms, thus
maintaining a closed path. This example highlights a
broader principle in multilevel modeling: appropriate statis-
tical adjustment can account for unobserved confounders
without inadvertently creating collider or mediator bias
(Jensen et al., 2020). In other words, if W were both a con-
founder and a collider, we could eliminate the bias through
the shared exogenous causes without introducing collider
bias.

8. Discussion

In this paper, we studied the integration of cross-sectional
multilevel models with structural causal models and causal
graphs. We first demonstrated that common path diagram
conventions for linear Gaussian multilevel models do not
adhere to the strict semantics of graph theory. Instead, these
diagrams primarily serve as statistical visualizations, limiting
researchers’ ability to define precise causal estimands and to
utilize modern graphical identification tools.

To bridge this gap, we explicitly showed how a standard
linear Gaussian multilevel regression model can be reinter-
preted as a structural causal model. By substituting auxiliary
equations for varying parameters, each mixed model equa-
tion can be seen as a structural equation where each variable
is explicitly defined by its endogenous and exogenous causal
parents. This structural viewpoint of mixed model equations
naturally leads to a decomposition of all variables into dis-
tinct level-specific exogenous components. We demonstrated
this by fixing a given cluster in the multilevel SCM and
showing that the resulting expanded equations directly map
onto a causal graph, closely aligning with the wide-format
ML-SEM perspective (Barendse & Rosseel, 2020, 2023;
Hamaker & Muthén, 2020). Plate notation allows us to

collapse structurally identical subgraphs into a compact rep-
resentation that preserves the full causal semantics, allowing
causal graphical criteria to be applied just as on the
expanded graph.

A distinguishing feature of the proposed approach is that
the causal graphs are formulated in wide format, represent-
ing each cluster as a collection of units rather than as a sin-
gle node. This representation emerges naturally from a
structural interpretation of the mixed model equations and
makes the dependencies among cluster-specific means,
slopes, and variances explicit. By contrast, treating clusters
as a categorical variable and thus as a node—an approach
common in conventional causal graphs—conceals the
underlying network of confounding.

Although group-mean centering is widely advocated as
the standard approach for addressing cluster-level confound-
ing (Hamaker & Muthén, 2020), our graphical analysis dem-
onstrated critical limitations of this practice. Even after
group-mean centering both covariates and outcomes, back-
door paths due to cluster-specific heterogeneity in slopes
and variances can remain open. This is because treatments
in multilevel models have effectively two components that
are relevant for backdoor paths: cluster-specific means and
variances. Furthermore, we showed how adjusting for level-
2 covariates correlated with these exogenous causes can
introduce collider bias, creating new confounding pathways
rather than eliminating them. Thus, our structural frame-
work encourages researchers to carefully reflect on the
dependency structures among random effects and systemat-
ically question whether commonly used adjustments, such
as centering, sufficiently control for specific forms of
heterogeneity.

Furthermore, by omitting unique errors and including
shared errors, our graphical representation directly visualizes
the confounding we can statistically adjust for and those
that remain unadjustable. Specifically, unobserved confound-
ing among level-1 components cannot be removed, while
confounding among the level-2 parts of level-1 variables can
be removed (Weinstein & Blei, 2024); cross-level confound-
ing (between level-1 and level-2 components), however,
remains unadjustable with purely statistical methods.

While we focused on linear Gaussian models to align
closely with current multilevel modeling practices, our
causal graphical framework generalizes to accommodate
more complex models. Directed arrows and bidirected
arrows can represent nonlinear dependencies (Brumback
et al, 2010), where structural equality restrictions can still
be nonparametrically encoded via plates. The distributions
of the errors and outcomes may also be non-Gaussian.
However, it is important to be aware of the issue of noncol-
lapsibility for nonlinear link functions (Greenland et al,
1999; Kiefer et al., 2024; Skrondal & Rabe-Hesketh, 2022).
Furthermore, varying intercepts, slopes, and residual varian-
ces can be understood nonparametrically as reflecting dis-
tinct features of the joint distribution: heterogeneity in
(conditional) expectations, average treatment effects, and
(conditional) variances across clusters. This separation of
exogenous causes reveals distinct pathways through which



shared confounders may enter the model and threaten iden-
tification, enabling researchers to critically reflect on and
justify their modeling decisions with greater precision.

This paper deliberately focused on cross-sectional models
with a single hierarchical dimension as a foundational step
in aligning structural causal models with multilevel model-
ing. A natural and necessary next step for future research is
to extend the structural approach introduced here to longi-
tudinal and cross-nested data. In longitudinal models, tem-
poral ordering matters critically, since past observations
directly influence future outcomes through (cross-)lagged
causal pathways (Gische et al., 2021; Wooldridge, 2010).
Heterogeneity in these additional paths introduces con-
founding pathways not covered in this paper.

By explicitly incorporating heterogeneity and its associ-
ated confounding paths into causal graphs, our structural
framework provides behavioral scientists with a rigorous
methodological foundation for addressing causal identifica-
tion challenges inherent in multilevel data. This perspective
enriches both methodological rigor and conceptual clarity,
ultimately paving the way toward more nuanced and accur-
ate causal theories in the social and behavioral sciences.
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