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Abstract 
Latent variables and causal inference are central to implementing empirical research and 

advancing substantive theory across the social sciences. Conventional latent variable frameworks 

such as structural equation modeling (SEM) are constrained by several simplifying assumptions 

(e.g., linearity, additivity, correct model specification). In this study, we relax key SEM 

assumptions by building data adaptive estimation methods for causal inference with latent 

variables. We developed a theory-driven Targeted After Generative (TAG) learning framework 

that integrates SEM-informed variational autoencoders (SEM VAEs) with targeted machine 

learning to estimate the average treatment effect. On the generative side, the SEM VAE encodes 

theory aligned neural networks that learn latent variable distributions through flexible joint 

modeling of measurement and structural parameters. On the targeted learning side, we construct 

an efficient influence function for the treatment effect with the SEM-VAE implied posterior 

distribution of the latent variables to estimate the average effect. Across simulations, the TAG 

learning approach outperforms alternative approaches and demonstrates low to no bias even in 

adverse conditions. TAG learning offers a theory-driven flexible approach with methodological 

promise for causally interpretable data-adaptive analysis with latent variables. More practically, 

the framework allows estimation of causal effects involving latent variables even in the presence 

of unknown functional relationships in the measurement and structural models (e.g., data 

adaptive effect estimation for nonlinear/nonadditive SEMs). 

  



Introduction 

Reflective latent variables (e.g., self-efficacy, extraversion, student achievement) are 

ubiquitous in social science research (e.g., Bainter & Bollen, 2014; Dawnson et al., 2020; Fan et 

al., 2016; Finn & Wang, 2014; Kelleher et al., 2020; Marsh & Hau, 2007; Nagengast & 

Trautwein, 2015; Sukserm, 2024). For example, reflective latent variables play a central role in 

the evaluation of interventions and a foundational role in the empirical development of theory in 

psychology and across the social sciences (e.g., Bollen, 2002; Connor et al., 2020; Eignor, 2013). 

Similarly, reflective latent constructs also play essential roles in informing policy and practice 

(e.g., Raudenbush, 2008). Estimates of treatment effects on latent outcomes such as student 

achievement often guide study design and high-stakes decisions about resource allocation, 

instructional strategies, and intervention design (e.g., Carlisle et al., 2020; Cox & Kelcey, 2019; 

Dwyer et al., 2016). Because reflective latent variables cannot be observed directly, researchers 

rely on fallible indicators (e.g., survey questions, rater judgements or test items) that reflect the 

underlying latent traits. Consequently, accurate modeling of the relationships among observed 

and reflective latent variables is essential for valid inference, theory building and policy 

development (e.g., Raudenbush, 2008). 

Structural equation models (SEMs) have long been the dominant framework for 

analyzing relationships among reflective latent variables (e.g., Muthén & Muthén, 2009). While 

SEM provides a principled tool for measurement and structural modeling, conventional 

applications of SEM rely on strong simplifying assumptions typically including linearity, 

additivity, and correct model specification (e.g., Klein, 2012). In practice, these assumptions are 

often violated or at least unsubstantiated because the true functional forms of relationships 

among variables are complex and/or unknown. Model misspecification (e.g., omission of 



nonlinear or higher-order terms when present) can lead to biased estimates and invalid inferences 

in ways that fundamentally constrain the utility of conventional SEMs in contexts where the 

functional forms of relationships are unknown (e.g., Rosseel et al., 2025). 

Recent advances in machine learning (ML) have introduced flexible, data-adaptive 

methods that relax or reduce many of the restrictive assumptions inherent in parametric models 

such as SEM (e.g., Athey et al., 2018, 2019; Bai et al., 2022; Chernozhukov et al., 2017; van der 

Laan & Rose 2011). For example, several frameworks combine data adaptive algorithms 

learning to uncover complex, nonlinear, and nonadditive relationships that are causally 

interpretable and (doubly) robust to model misspecification without ever specifying the 

functional forms of relationships (e.g., Chernozhukov et al., 2017; van der Laan & Rose 2011).  

Despite these advantages, existing ML approaches for causal inference generally assume 

that all relevant variables are observed directly and measured without error (e.g., Jo et al., 2023). 

This assumption will often prove problematic in psychological research because core predictors 

and outcomes are often operationalized as reflective latent constructs that are measured by 

fallible indicators. Standard applications of ML do not incorporate measurement models or have 

the mechanisms to account for the uncertainty introduced by reflective latent variables. Much 

like their simpler parametric counterparts (e.g., linear regression), naively substituting factor 

scores or averages introduces bias into effect estimates and undermines causal validity. As a 

result, if social sciences are to capitalize on recent advances, there is a critical need for methods 

that integrate latent variable modeling with flexible, data-adaptive methods for causal inference. 

In this study, we developed a targeted after generative (TAG) learning approach—a 

framework that pairs causal machine learning with theory-aligned generative modeling for latent 

variables. The goal of TAG learning is to work toward bringing the benefits of causal machine 



learning (e.g., flexibility, double robustness, and valid inference under unknown functional 

forms) to the setting that characterizes most theory-driven social science research: one where the 

outcome and key covariates are reflective latent constructs measured by fallible indicators. TAG 

learning can be conceptually outlined through a simple contrast with conventional SEM when 

estimating the effect of an observed treatment on a latent outcome controlling for latent 

covariates. In a standard linear SEM, the measurement model for a latent outcome (and similarly 

latent covariates) expresses observed indicators as linear functions of the latent variable 

𝑌௜௝ = 𝛼௝
௒ + 𝜆௝

௒𝜂௜
௒ + 𝜀௜௝

௒      (1) 

where the observed indicator responses (Yij) for individual i on indicator j are a function of 

indicator-specific intercepts (𝛼௝
௒), the latent outcome (𝜂௜

௒), indicator-specific loading coefficients 

𝜆௝
௒ and individual-specific error 𝜀௜௝. In turn, the structural model expresses the latent outcome as 

a linear and additive function of the treatment (Ti) and latent covariates (𝜂௜
௑ and 𝜂௜

௓): 

𝜂௜
௒ = 𝛽଴ + 𝛿𝑇௜ + 𝛽௑𝜂௜

௑ + 𝛽௓𝜂௜
௓ + 𝜀௜     (2) 

Both expressions (measurement and structural) require the correct specification of the functional 

form (e.g., linear or a specific type of nonlinearity) in advance in order to obtain consistent 

estimates of the treatment effect (𝛿) . TAG learning replaces these fixed (linear) relationships 

with flexible, unknown functions that are estimated through data-adaptive methods. In TAG, the 

measurement model expresses each indicator as an unspecified function of its latent variable e.g., 

𝑌௜௝ = 𝑓(𝜂௜
௒) + 𝜀௜௝

௒       (3) 

Similarly, the structural model expresses the latent outcome as an unspecified function of 

treatment and covariates 

𝜂௜
௒ = 𝑓(𝑇௜ , 𝜂௜

௑ , 𝜂௜
௓) + 𝜀௜     (4) 



In both expressions, f(⋅) denotes unknown functions that are learned from the data rather than 

known linear functions. Our goal in this study is to develop data-adaptive methods to estimate 

the average treatment effect. 

TAG learning bridges the gap between SEM, unconstrained deep learning, and causal 

inference. On the generative side, the SEM-VAE encodes substantive theory into the 

measurement and structural architecture, producing interpretable, theory-aligned latent variables 

rather than emergent representations that conflate constructs. On the targeted learning side, 

TMLE uses posterior summaries from the SEM-VAE to support estimators that, under 

congeniality conditions outlined in Appendix B, can in principle inherit the doubly robust, semi-

parametrically efficient properties of TMLE while accounting for measurement error. TAG is 

designed for the confirmatory setting that characterizes much of social science research but has 

been underdeveloped in the ML literature: the relevant constructs, their indicators, and the 

temporal ordering of variables are established by theory and prior psychometric work before the 

study begins. TAG leverages and encodes that prior knowledge into the analysis rather than 

ignore or rediscover it from data. The remainder of the paper reviews existing approaches and 

their limitations, develops the TAG framework, evaluates it through simulations, presents an 

empirical illustration, and concludes with implications, limitations, and future directions. 

Background 

Structural Equation Models. The conventional and dominant approach to latent 

variable modeling is SEMs. SEMs integrate two components: a measurement model that 

specifies how observed indicators reflect underlying latent constructs and a structural model that 

specifies relationships among latent and observed variables. By jointly estimating the 

measurement and structural models, SEMs address measurement error and provides a principled 



framework for inference on latent constructs (e.g., Bollen, 1989; Brown, 2015; Kline, 2016). 

SEM estimation typically draws on maximum likelihood or related full information estimators 

under assumptions such as multivariate normality, correct model specification, and large sample 

sizes. When these assumptions hold, SEM yields consistent and asymptotically efficient 

estimates of both measurement parameters (e.g., factor loadings, error variances) and structural 

parameters (e.g., regression coefficients among latent variables).  

Despite its strengths, a critical limitation of SEMs is that the consistency of parameter 

estimates depends on the propriety of the model; that is, consistent parameter estimation requires 

that the structural and measurement models are correctly specified. This assumption is restrictive 

when the functional forms of relationships among observed and latent variables are complex or 

unknown as they often are in real-world applications. For instance, even when considering 

potential nonlinearity or nonadditivity a model may appropriately include two-way interactions 

but incorrectly omit three-way interactions, interactions among nonlinear terms, or other 

nonparametric relationships (e.g., Hainmueller et al., 2019). Conventional SEM is not a data-

adaptive method in that lacks the flexibility to detect and incorporate flexible functional forms or 

interactions without explicit specification. As a result, parameter estimates are highly susceptible 

to model misspecification and this fundamentally limits the utility and robustness of SEM 

estimates in real-world settings where functional forms are often unknown and complex (e.g., 

MacCallum & Austin, 2000; Preacher et al., 2015).  

Targeted Machine Learning. A contemporary approach to relaxing model specification 

requirements is targeted learning, which combines ensemble machine learning with a 

semiparametric estimation procedure designed for causal inference (van der Laan & Rose, 2011). 

The super learner—an ensemble method that combines predictions from a library of algorithms 



using cross-validation to determine optimal weights—provides data-adaptive approximation of 

conditional expectations without committing to a specific functional form (van der Laan et al., 

2007). Targeted learning leverages the efficient influence function (EIF) for the parameter of 

interest in a two-step procedure: nuisance functions (outcome regression and propensity score) 

are first estimated with the super learner, then a targeting step updates these estimates to solve 

the EIF estimating equation. This targeting step ensures the resulting estimator is consistent, 

asymptotically normal, and doubly robust (consistent if either the outcome regression or 

propensity score is correctly specified) and semi-parametrically efficient, preserving valid 

inference in complex settings (Chernozhukov et al., 2018; van der Laan & Rose, 2011). 

Despite these advantages, targeted learning assumes all variables are fully observed and 

measured without error. Unlike SEM, it provides no mechanism for incorporating a measurement 

model. As a result, naively substituting factor scores or composite averages for latent variables 

introduces bias into effect estimates in ways that undermine causal validity (Regier et al., 2014).  

Factor Score Methods. A historical approach to incorporate latent variables into 

subsequent structural models is to substitute factor scores in place of the latent variables (e.g., 

Bogaert et al., 2026; Devlieger et al., 2016; Devlieger & Rosseel, 2020; Kelcey, 2019). For 

example, factor scores can be predicted using a simple linear weighted combination of indicators 

for a linear factor models (see Appendix F). Subsequently these scores are substituted for the 

latent variables within a regression or the targeted learning framework and used as if they were 

observed scores. Factor scores are point estimates that fail to capture and adjust for the inherent 

uncertainty in latent variables. Consequently, using factor scores to estimate treatment effects or 

structural relationships introduces bias when the reliabilities of the predictors are less than 

perfect (e.g., Kelcey, 2019; Regier et al., 2014). 



Structural After Measurement Approaches. Recent research has sought to overcome 

the limitations of factor-score based methods by developing structural after measurement (SAM) 

approaches (e.g., Rosseel et al., 2024). Factor-score methods incur bias because they ignore 

measurement error in the first stage and this error propagates into structural estimates in the 

second stage. However, a key insight from the SAM literature is that the bias introduced by 

ignoring measurement error is a function of the respective measurement models (e.g., Croon, 

2002). SAM methods address this bias by developing approaches that avoid such bias altogether 

or methods that introduce bias correction terms derived from measurement models that adjust 

structural parameters to account for the uncertainty (e.g., Bogaert et al., 2026; Cox & Kelcey, 

2021ab; Kelcey, Cox, & Dong, 2020; Rosseel et al., 2025). Prior research has developed several 

different approaches and found that they are quite effective across a broad range of SEMs when 

compared to naïve factor-score approaches (e.g., Kelcey et al., 2020). Similarly, SAM based 

methods have also outperformed conventional full information estimators in a variety of settings 

(e.g., Hayes & Usami, 2020). For example, a key consideration in nonlinear SEM is the 

computational complexity associated with full information estimators (e.g., maximum 

likelihood); the feasibility of estimation progressively diminishes when we incorporate each 

additional nonlinear or nonadditive term for latent variables (e.g., Cox & Kelcey, 2021; 2023; 

Rosseel et al., 2024; 2025) 

Although SAM methods work well and address the computational complexity associated 

with incorporating nonlinear and nonadditive terms for latent variables, the principles underlying 

SAM approaches suffer from two core limitations in the current context. First, the bias avoiding 

and bias correction SAM approaches are fundamentally built on the covariance matrix of 

observed variables. Although covariance is a sufficient statistic in linear SEMs, covariance is not 



necessarily a sufficient statistic when considering complex nonlinear, nonadditive or 

nonparametric relationships. To some extent, the scope of recent SAM developments has 

incorporated nonlinear and nonadditive relationships (e.g., Cox et al., 2021; Cox et al., 2023; 

Rosseel et al, 2025). However, in cases where relationships are more complex or not easily 

represented by parametric forms, the covariance-based adjustments that conventional SAM 

approaches depend on fail to capture the full structure and scope of relationships in the data. By 

contrast, modern machine learning algorithms estimate nuisance functions using the entire data 

distribution, enabling them to flexibly model data without relying solely on second-order 

moments.  

Second, like conventional SEM, even when models incorporate nonlinear or interactive 

terms, SAM still requires that the measurement and structural models are correctly specified. 

When functional forms are unknown or complex (e.g., multiple nonlinear relationships), single 

or multiple misspecifications in the relationships among variables can quickly accrue bias in 

parameter estimates. As a result, although SAM approaches introduce important flexibility, they 

are still limited when relationships are unknown or not easily captured by parametric forms. 

Plausible Values. Plausible value (PV) approaches, widely used in large-scale 

assessments such as NAEP and TIMSS, address measurement uncertainty by drawing multiple 

imputations from the posterior distribution of the latent variable and pooling results across 

imputations (e.g., Thomas, 2002; von Davier et al., 2007; von Davier & Sinharay, 2013). Unlike 

factor score methods, PVs retain uncertainty in the latent variable rather than relying on a single 

point estimate. However, PVs provide consistent structural estimates only when the imputation 

and analytic models are congenial; that is, when the conditional posterior distribution used for 

drawing plausible values incorporates the full scope of relationships in the analytic model 



(Bartlett & Hughes, 2020; Jewsbury et al., 2024; Meng, 1994). Like conventional SEM and 

SAM approaches, PV methods therefore remain constrained by correct specification of the 

measurement and structural models; when either is misspecified, consistency is not preserved. 

Variational Autoencoders. Recent developments in machine learning have suggested 

that variational autoencoders (VAEs) may serve as a central tool across disciplines for data 

reduction (e.g., Wang et al., 2024). VAEs are a deep learning-based nonlinear dimension 

reduction method that learns a low-dimensional representation of the data using a probabilistic, 

smooth, and generative model that compresses inputs through an encoder and then reconstructs 

those data through a decoder; the low-dimensional representation acts as a nonlinear set of 

dimensions that preserves the predictive structure in the data (e.g., Kingma & Welling, 2013). By 

learning a compact distribution, VAEs function as a type of latent variable model that assumes 

the data arise from a small set of unobserved (latent) factors and the model learns how to both 

infer those factors from data and how to generate data from those factors.  

While variational autoencoders (VAEs) offer significant architectural flexibility, they do 

not inherently produce interpretable latent variables (Kingma & Welling, 2022). Because the 

primary goal of a VAE is predictive performance the resulting latent space rarely aligns with 

interpretable, pertinent or established substantive constructs (Locatello et al., 2019). Rather, 

VAEs tend to conflate or interleave latent variables in ways that are uninterpretable and 

untethered to theory (e.g., Bainter & Bollen, 2014; Borsboom, 2008; Finn & Wang, 2014). 

Similar issues emerge in neighboring areas such as causal representation learning (e.g., 

Bareinboim, 2025). A major challenge in this literature is that recovering latent causal variables 

from observational data is generally non-identifiable without additional structural constraints. 



More generally, a critical hurdle in this area is the issue of identifiability and factor 

recovery. Prior research has demonstrated that unsupervised disentanglement is fundamentally 

impossible without specific inductive biases or supervision (Locatello et al., 2019). That is, 

without the structural constraints, no unsupervised objective can guarantee the recovery of the 

true latent variables. This identifiability result has implications beyond statistical theory because 

interpretability, construct validity, and transparency are not just statistical criteria, they are also 

foundational and necessary concepts for developing and testing substantive theories in many 

fields (e.g., Borgstede & Eggert, 2023; Kelcey, McGinn & Hill, 2014).  

For these reasons, recent advances in VAEs have moved beyond standard unconstrained 

architectures to build identification into the model through explicit constraints. For example, 

linear factor and item response models have been introduced inside the neural architecture to 

ensure theory-aligned, interpretable latent variables. In these approaches, identification (and 

interpretability) is enforced through theory-driven architectural constraints such as loading 

patterns and scale constraints (e.g., Cui et al., 2024; Kilian et al. 2023; Liu et al., 2022; Molenaar 

et al., 2025; Zhang & Chen, 2024; Zhang et al., 2025).  

More conceptually, these developments base the latent variable model on substantive 

theory and prior empirical evidence so that the learned representation is identifiable and 

interpretable by construction. An important limitation of these approaches, however, is that they 

have narrowly focused on measurement models and disentangling latent variables while leaving 

the causal structure undeveloped. That is, the primary inferential target of these approaches has 

been on measurement properties and factor recovery to the exclusion of conditional relations 

among observed and latent variables and treatment effects.  



Unconstrained Deep Learning. An extension of the VAE framework to causal inference 

is the neural causal model (NCM), which parameterizes every structural equation in a causal 

graph as a neural network and learns the full joint causal data-generating process from observed 

data (Bareinboim et al., 2022; Xia & Bareinboim, 2021). NCMs attempt to replace fixed 

parametric structural equations with flexible neural networks and in principle represent any 

structural causal model without requiring the researcher to specify functional forms in advance. 

A core practical limitation of NCMs in social science research is the tradeoff between 

expressive capacity and sample complexity. In a NCM, each structural equation is parameterized 

as a multi-layer neural network. As a result, the function class available to each equation is the 

set of all functions representable by networks of a given depth and width (e.g., effectively all 

piecewise-linear functions on the input domain for standard ReLU architectures). A key result 

from statistical learning theory is that the number of observations required before the learned 

function is close to the true target (i.e., sample complexity of reliably learning from a function 

class) grows with the effective complexity of that class (Neyshabur et al., 2017). For neural 

networks, this complexity grows with the number of parameters, which in turn grows with depth 

and width. Crucially, the NCM must learn the full joint causal data generating process rather 

than only the specific quantities needed to answer a single targeted query: recovering the 

complete set of structural equations requires learning every mechanism governing how each 

variable is generated from its parents and noise, across the full joint distribution of all variables 

and all potential interventions. The target function class is therefore as large and complex as the 

structural mechanisms themselves, and the sample complexity required for reliable recovery 

scales accordingly. For example, past research has established that although NCMs are 

expressive enough to represent any structural causal model their learnability (i.e., actually 



recovering the correct model from observational data) is governed by this complexity and is not 

generally guaranteed in finite samples (Xia & Bareinboim, 2021). 

For typical social science research, the model complexity demanded by theory will often 

outpace these sample requirements. For example, with sample sizes in the hundreds or low 

thousands, which represent the practical ceiling of many psychological, educational, and health 

studies, neural networks with the depth and width required to flexibly represent structural 

equations are severely underpowered: the function class is large enough to represent the truth but 

not large enough to be reliably identified from the available data, resulting in high variance, poor 

generalization, and unstable parameter estimates. This is not a limitation that can be resolved by 

stronger regularization alone because regularization constrains the function class but does so 

without the theoretical guarantees that result from inductive bias constraints. The practical 

consequence is that despite the theoretical expressiveness of NCMs, they are unlikely to deliver 

reliable structural learning in the sample sizes that characterize most psychological research. 

Causal representation learning (CRL) takes this approach further by additionally using 

unsupervised learning to recover latent causal variables from high-dimensional observational 

data when neither the latent structure nor the causal relationships among variables are known in 

advance (e.g., Bareinboim, 2025). CRL methods aim to discover the latent space and its causal 

organization jointly from data. As with VAEs, CRL faces the identifiability barrier noted above 

(Locatello et al., 2019). Without constraints, no unsupervised objective can guarantee that the 

learned latent representations correspond to the true causal variables rather than to some arbitrary 

transformation of them. This identification failure is not merely a statistical problem of 

insufficient sample size but rather it is a structural problem: the data simply do not contain 

enough information to uniquely identify the latent causal structure without prior constraints.  



Method 

In this study we develop a confirmatory deep learning approach that addresses the gaps 

identified above by embedding psychometric theory within the measurement architecture, study 

design within the causal ordering, and substantive theory within the structural architecture. The 

identification strategy underlying TAG leverages the accumulated theoretical and psychometric 

knowledge embedded in established measurement instruments—converting prior scientific 

knowledge about construct structure into identification power—rather than attempting to 

discover that structure from the data itself. The TAG learning approach offers four conceptual 

advantages that we explore in this study. First, TAG produces latent variable summaries that are 

anchored in substantive theory and whose measurement properties are governed by the 

researcher's prior psychometric knowledge rather than by an unsupervised regularization 

objective. The result is latent variables that are interpretable by construction, consistent with the 

theory under investigation, and directly comparable across studies that use the same 

instruments—properties that unconstrained deep learning approaches cannot guarantee. 

Second, TAG replaces fixed linear measurement and structural equations with data-

adaptive neural networks that accommodate unknown nonlinear and nonadditive relationships in 

both the measurement and the structural models. Unlike conventional SEM, SAM, and plausible 

value approaches that require the researcher to correctly specify the functional forms of these 

relationships in advance, TAG learns them from data. However, unlike unconstrained 

approaches, TAG offers data adaptive estimation while preserving interpretable latent structure.  



Third, the targeted-learning step is constructed to inherit TMLE's double robustness 

property under conditions outlined in Appendix B: when the SEM-VAE produces congenial 

latent summaries, the estimate is consistent if either the outcome regression or the propensity 

score is consistently estimated, even if the other converges at a slower rate. Whether these 

conditions hold in practice is an empirical question we examine through simulation rather than a 

property that is guaranteed by the framework. 



Fourth, by combining theory-specified confirmatory constraints in the SEM-VAE with 

TMLE's semiparametric framework, TAG achieves favorable finite-sample performance relative 

to unconstrained alternatives. The confirmatory inductive bias (i.e., fixing indicator block 

assignments and causal ordering as prior knowledge rather than discovering them from data) 

substantially constrains the function class each SEM-VAE component must search, reducing the 

effective complexity relative to models that learn the full joint causal data-generating process 

(e.g., Bartlett et al., 2019; Xia & Bareinboim, 2021). The SEM-VAE's dimensionality reduction 

from raw indicators to low-dimensional latent posterior means then further simplifies the target 

function class for the downstream TMLE step, which needs to learn only the outcome regression 

and propensity score as functions of those summaries rather than as functions of the full indicator 

space. TMLE's orthogonal estimating equation is designed so that, under the standard product-

of-rates conditions, errors in each nuisance function contribute only second-order bias to the 

ATE estimate when the other nuisance function is adequately estimated. Taken together, these 

features suggest that TAG's sample requirements may be considerably more favorable than those 

of unconstrained deep learning models operating on the same data. Although such results are 

supported by our simulations, we do not formally establish this. TMLE's efficient influence 

function further potentially provides a basis for uncertainty quantification: the EIF-based 

standard error captures a type of lower bound on sampling variability and the bootstrap can be 

used to further capture uncertainty originating from the estimation stages (e.g., Cai et al., 2020). 

Causal Identification with Latent Variables  

Our analyses focus on the effect of a binary treatment on a latent outcome controlling for 

latent and observed covariates. We define the inferential target in terms of the potential outcomes 

framework (Rubin, 1974). Under the standard assumptions of SUTVA, treatment ignorability, 



and positivity, the average treatment effect on a directly observed outcome is identified from 

observed data. When the outcome of interest is a latent variable (i.e., 𝜂) measured by fallible 

indicators, we can adapt the standard definitions by using 𝜂௜
௒(𝑡) as the potential (latent) outcome 

under treatment assignment t such that the average latent treatment effect (𝛿௜
ఎೊ

) is (e.g., Stoetzer 

et al., 2025)   𝐸[𝛿௜
ఎೊ

] =  𝐸[𝜂௜
௒(𝑇௜ = 1) − 𝜂௜

௒(𝑇௜ = 0)]    (5) 

A fundamental problem in causal inference with latent outcomes is that neither of the potential 

outcomes are observed. As a result, we specify a measurement model that connects the latent 

outcome to a set of J observed items or indicators believed to be reflect of the unobserved latent 

outcome (𝒀 = {𝑌ଵ, 𝑌ଶ, … 𝑌௝ , … 𝑌௃}). Although we relax measurement model specification 

subsequently, a common approach is to adopt a linear confirmatory factor model.  To identify the 

average latent treatment effect, 𝐸 ቂ𝛿௜
ఎೊ

ቃ, we need five primary assumptions: 

(1) The stable unit treatment value assumption: 𝜂௜
௒ = 𝜂௜

௒(𝑇௜) and 𝑌௜ = 𝑌௜(𝑇௜ , 𝜂௜
௒) (e.g., latent and 

manifest potential outcomes are not a function of others treatment assignment). 

(2) Treatment Ignorability: {𝜂௜
௒(𝑇௜), 𝑌௜(𝑇௜ , 𝜂௜

௒) ⫫ T | X, 𝜼𝑿  (with X and 𝜼𝑿 as observed and 

latent covariates) for all t and 𝜂௒  (e.g., covariates capture treatment assignment mechanism). 

In this context, we further introduce 𝜼௜
௑ as (multiple) latent covariates with, e.g., simple 

linear confirmatory factor models.  

(3) Measurement Ignorability: {𝑌௜(𝑇௜ , 𝜂௜
௒) ⫫ 𝜂௒  |T, X, 𝜼𝑿  for all t and 𝜂௜

௒ (e.g., correct 

measurement model; similar assumption extends to latent covariates). 

(4) Exclusion Restriction: 𝑌௜(𝑡௜ , 𝜂௜
௒) = 𝑌௜(𝑡௜

ᇱ, 𝜂௜
௒) for all 𝑡, 𝑡ᇱand 𝜂௜

௒ (e.g., treatment impacts 

items via the latent outcome; similar assumption extends to latent covariates). 



(5) Positivity or common latent support: for all values of the observed (X) and latent covariates 

(𝜼𝑿 ), there is a positive probability of receiving both treatment and control: 0 <

𝑃(𝑇௜ = 1 | 𝑿௜ = 𝒙, 𝜼௜
𝑿 = 𝜼௜

𝒙) < 1 for all x ∈ support (X). This ensures that meaningful 

comparisons between treated and control units can be made across the covariate distribution. 

Assumptions 1 and 5 are direct extensions of their observed-data counterparts to the latent 

setting. Assumptions 3 and 4 are specific to the latent variable context and together ensure that 

the measurement model does not transmit treatment effects through the indicators independently 

of the latent construct. Appendix A outlines an identification argument that, under these 

assumptions, the conditional mean function 𝑄଴൫𝑡, 𝜂௑ , 𝜂𝑍 , 𝑊൯ = 𝐸ൣ𝜂௒ ห 𝑇 = 𝑡, 𝜂௑ , 𝜂𝑍 , 𝑊൧ and 

propensity score 𝑔଴൫𝜂௑ , 𝜂௓ , 𝑊൯ = 𝑃(𝑇 = 1| 𝜂௑ , 𝜂௓ , 𝑊) are identified from the observed data 

(the functional identification required for TMLE). 

Targeted After Generative Learning  

To outline the TAG learning approach, consider two latent covariates (e.g., 𝜂௜
௑, 𝜂௜

௓), an 

observed covariate (Wi), an observed binary treatment (Ti), and a latent outcome (𝜂௜
௒). Let the 

observed data (𝐨௜) for individual i be denoted by  

𝐨௜ = (𝐱௜ , 𝐳௜ , 𝐲௜ , 𝑤௜ , 𝑡௜)       (6) 

where 𝑤௜ is an observed covariate for individual i, 𝑡௜ ∈{0,1} is an observed binary treatment, and 

𝐱௜ , 𝐳௜ , 𝐲௜ are indicator vectors for latent covariates (𝜂௜
௑ , 𝜂௜

௓) and the latent outcome (𝜂௜
௒) 

respectively, each assumed to approximately follow a normal distribution. The latent covariate 

𝜂௜
௑ is measured by JX indicators 𝐱௜ = (𝑥௜ଵ, … , 𝑥௜௃೉

), the latent covariate 𝜂௜
௓ is measured by JZ 

indicators 𝐳௜ = (𝑧௜ଵ, … , 𝑧௜௃ೋ
), and latent outcome 𝜂௜

௒ is similarly measured by JY indicators 𝐲௜.  

Generative Learning (SEM‑VAE). 



 In the generative stage, our approach integrates SEM-style specifications (e.g., 

measurement and structural models) with deep learning to flexibly model indicators as 

(potentially unknown) functions of the latent variables and their (potentially unknown) structural 

relationships (Figure 1). Our architecture leverages domain knowledge about the factor structures 

and their structural connections (similar to SEM) to develop measurement-aligned, structurally-

informed VAEs that jointly learn the measurement relationships linking indicators to latent 

variables and the structural relationships connecting the variables.  

A central architectural feature distinguishing the SEM-VAE from standard VAEs is that 

the latent variable structure is embedded directly into the generative model rather than 

discovered from data. Construct-specific encoders infer each latent variable from its designated 

indicator block; construct-specific decoders reconstruct only that block from the corresponding 

latent variable; and structural networks define explicit conditional mechanisms for treatment 

assignment and the latent outcome. This confirmatory architecture parallels conventional SEMs 

in its use of domain knowledge to enforce interpretable, theory-aligned factor structure, but 

replaces fixed parametric equations with data-adaptive neural networks.  

The SEM-VAE architecture consists of three components: encoders, decoders, and 

structural networks (Figure 1). In the first component, our VAE approach partitions inference 

pathways into theory-aligned encoders (e.g., inference/recognition networks) to produce 

variational parameters for the corresponding latent variable. That is, each latent variable is 

inferred by its own dedicated encoder network using only its designated set of indicators. In our 

example setting with three latent variables, we use three separate encoder networks with 𝐱௜ as the 

set of indicators to measure 𝜂௜
௑, 𝐳௜ as the set that measures 𝜂௜

௓, and 𝐲௜ as the set that measures 𝜂௜
௒. 



For example, we assume the distribution of the latent variable 𝜂௜
௑ is approximately normal and 

assessed by indicators 𝐱௜  such that 

𝑋௜௝ = 𝛼௝
௑ + 𝑓ఏ(𝜂௜

௑) + 𝜀௜௝
௑        𝜀௜௝

௑~𝑁൫0, 𝜎ఏ
ଶ൯, 𝜂௜

௑~𝑁(0, 𝜎
ఎ೉
ଶ )         (7) 

where 𝑓ఏ(𝜂௜
௑) is an unknown nonlinear function. A VAE approximates the latent posterior 

density 𝑝൫𝜂௜
௑ห𝐱௜ ൯ with the variational density   

𝑞థ൫𝜂௜
௑ห𝐱௜ ൯ = 𝑁(𝜇థ (𝐱௜ ), 𝜎థ

ଶ(𝐱௜ ))    (8) 

where 𝜇థ  and 𝜎థ
ଶ are construct-specific neural networks. 

Within each construct-specific encoder, we additionally introduce a shared low-

dimensional context representation Ci to provide context‑conditioned inference (e.g., Sohn et al., 

2015). Our construction of the context representation is similar to that of a global context 

network that provides each construct encoder with a shared representation of global patterns 

(Zhang et al., 2025). However, our approach expands the role of the context encoder beyond the 

latent variable indicators to also include the observed covariates and treatment so that posterior 

inferences incorporate structural relationships among the latent and observed variables. As a 

result, our context network learns task-dependent, nonlinear sufficient features from all data that 

help the construct encoders infer the conditional posterior distributions of the latent variables. In 

our example, we define a global context representation 

𝑪௜ = 𝑓௖௢௡௧௘௫௧(𝐱௜ , 𝐳௜ , 𝐲௜ , 𝑤௜ , 𝑡௜)     (9) 

where 𝑓௖௢௡௧௘௫௧ is a neural network producing a low-dimensional vector Ci. In turn, his context 

representation is used in conjunction with block-specific indicators to infer variational posteriors 

for each latent variable. For example, the posterior distribution of the latent covariate 𝜂௜
௑ is  

𝑞థ൫𝜂௜
௑ห𝐱௜ , 𝑪௜൯ = 𝑁(𝜇థ (𝐱௜ , 𝑪௜), 𝜎థ

ଶ(𝐱௜ , 𝑪௜))   (10) 



where 𝜇థ  and 𝜎థ
ଶ are construct-specific neural networks.  

Although the SEM-VAE context network leverages the full observed data vector, it does 

not introduce causal leakage or contamination. In causal adjustment analyses, conditioning on 

post-treatment information can break the identification of causal effects. The SEM-VAE, 

however, is not performing causal adjustment. It is performing generative imputation of latent 

variables that are themselves the targets of the subsequent causal analysis. The causal adjustment 

conditions only on the latent posterior summaries and observed pre-treatment covariates 

downstream in the targeted learning step and not on the indicators that fed into the encoder. 

Two features of the architecture make this separation explicit. First, the latent variables 

are defined by the measurement and structural model as latent causes of their respective indicator 

blocks; they are objects of substantive interest specified in advance, not data-driven 

representations that the encoder constructs. The encoder's task is to approximate the posterior 

distribution of these prespecified latent variables given the observed data, and posterior inference 

should condition on all observed information jointly informative about the latent variables. 

Second, the TMLE step operates on the latent posterior summaries and pretreatment covariates; 

it does not include the observed indicators or treatment as inputs to the nuisance functions. The 

downstream causal adjustment set therefore contains no post-treatment information. 

Conceptually, this structure mirrors established practice with plausible values, where the 

conditioning model used to impute latent values intentionally includes all variables that will 

appear in the downstream analysis (e.g., outcomes, treatment). In the plausible values literature, 

omitting such variables from the conditioning model introduces bias because it produces 

imputations that are uncongenial with the analysis model (e.g., Mislevy, 1991). The TAG 

framework inherits this congeniality requirement: including treatment and outcome information 



in the context encoder is not a source of contamination but rather a necessary condition for the 

SEM-VAE's posterior summaries to be congenial with the structural model that the targeted 

learning step assumes (see Appendix B). Excluding this information would produce posterior 

summaries inconsistent with the structural relationships among the latent variables and would 

itself be a source of bias. 

In the second conceptual component of the SEM-VAE, the decoder reconstructs each 

indicator block (e.g., 𝐱௜) using only the construct-specific latent variable (e.g., 𝜂௜
௑) associated 

with that block. Similar to other components, decoders can be structured as neural networks 

(e.g., when the relationships between indicators and a latent variable are unknown and/or 

nonlinear) or other common measurement models. For example, simple decoders can draw on 

linear factor models such that reconstruction of the indicators xi uses a linear function of 𝜂௜
௑

 

𝑋௜௝ = 𝛼௝
௑ + 𝜆௝

௑𝜂௜
௑ + 𝜀௜௝

௑    (11) 

with identifiability from, for instance, fixing the variances of exogenous and residual variances 

of endogenous latent variables to one.  

In the third component of our approach, we introduce structural networks for the outcome 

and treatment that specify the conditional distributions as flexible neural network functions, 

replacing the fixed parametric forms of conventional SEM with data-adaptive counterparts while 

preserving the assumed causal ordering among the variables. We embed outcome and propensity 

score models directly into the generative architecture so that the outcome and treatment are 

modeled as explicit conditional mechanisms. We parameterize the treatment assignment as a 

Bernoulli likelihood with a logit link, where the log‑odds are given by a neural network 𝑔ఝ with 

latent and observed covariates 

𝑇௜~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑙𝑜𝑔𝑖𝑡ିଵ(𝑔ఝ(𝜂௜
௑ , 𝜂௜

௓ , 𝑊௜)))    (12) 



Similarly, we incorporate a structural outcome network as a conditionally Gaussian mechanism 

with mean and (log‑) variance  

𝜂௜
௒~𝑁(𝜇ఝ(𝑇௜ , 𝜂௜

௑ , 𝜂௜
௓ , 𝑊௜), 𝜎ఝ

ଶ(𝑇௜ , 𝜂௜
௑ , 𝜂௜

௓ , 𝑊௜))   (13) 

with 𝜇ఝ and 𝑙𝑜𝑔 𝜎ఝ  produced by neural networks. Layering structural networks on top of 

measurement networks requires that the latent variables must simultaneously predict the 

indicators (through measurement networks) and the treatment and outcome (through structural 

networks). As a result, the model must learn posteriors that respect both measurement and 

structural relations. 

Latent Outcome Representation 

We considered three different approaches for incorporating the latent outcome into the 

SEM-VAE. In a first approach, we use a joint generative model in which all latent variables (i.e., 

including the outcome) are embedded inside the SEM-VAE with their own encoder and decoder, 

and the structural component defines a conditional distribution for the latent outcome given 

treatment and covariates. The joint approach learns measurement and structural relations 

simultaneously, conceptually paralleling full-information estimation in conventional SEM. 

However, embedding the latent outcome inside the SEM-VAE creates a tension between the 

identification constraints required by the measurement model and the ELBO training objective. 

Identification constraints on the latent outcome scale (e.g., fixed loading or fixed latent variance) 

potentially interact with the KL regularization in ways that can cause the optimizer to resolve 

identification by, for example, misallocating variance across latent variables. As a result, 

although a joint generative approach is conceptually appealing, it can also be sensitive to 

hyperparameters choices and susceptible to leakage and requires careful consideration.  



For these reasons, we considered a second approach (SEM-VAE with linear CFA 

outcome proxy) that separated the measurement of the outcome from the full SEM-VAE model. 

Specifically, in the second approach we (separately) applied a linear factor measurement model 

for the latent outcome 𝜂௜
௒ and substituted predicted factor scores (𝜂̂௜

௒) as an observed outcome 

proxy in the SEM‑VAE. That is, the SEM‑VAE was fit with the outcome proxy (𝜂̂௜
௒) entering as 

an observed outcome in the structural likelihood (e.g., 𝜂௜
௒ is replaced by 𝜂̂௜

௒).  

Under a linear factor measurement model, outcome factor scores (𝜂̂௜
௒) can be expressed as 

a linear combination of indicators (Appendix F) with the conditional expectation as 

𝐸[𝜂̂௒ |𝜂 = 𝐸[𝐰்(𝚲𝜂 + 𝝃)| 𝜂] = 𝐰்𝚲𝜂 + 𝐰்𝐸[𝝃|𝜂]) = (𝐰்𝚲)𝜂  (14) 

with 𝐰் as the weights and 𝚲 as the factor loadings. Although there are many different factor 

scoring methods (e.g., regression) with alternative properties, two common approaches are 

regression factor scores and Bartlett factor scores. Prior research has widely demonstrated that 

Bartlett factor scores have several desirable properties when used as a proxy for latent outcomes 

(but not necessarily latent covariates) and the inferential goal is the structural effect of treatment 

on the outcome (e.g., Bartlett, 1937; Croon, 2002; Skrondal & Laake, 2001). In linear 

measurement models, for example, Bartlett scores (𝜂̂௜
௒ಳ

) provide conditionally unbiased 

predictions  

𝐸 ቂ𝜂̂௜
௒ಳ

ቚ𝜂௜
௒ቃ = (𝐰்𝚲)𝜂௜

௒ = (𝚲′𝚿ିଵ𝚲)ି𝟏𝚲′𝚿ିଵ𝚲𝜂௜
௒ = [𝐼]𝜂௜

௒ = 𝜂௜
௒   (15) 

When the measurement error is independent of the treatment and covariates, the conditional 

expectation of the outcome based on Bartlett scores is unbiased 

𝐸 ቂ𝜂̂௜
௒ಳ

ቚ𝜂௜
௒, 𝑇, 𝑿ቃ = 𝐸 ቂ𝜂̂௜

௒ಳ
ቚ𝜂௜

௒ቃ = 𝜂௜
௒     (16) 



As a result, the use of Bartlett factor scores in place of the latent outcome preserves the 

measurement interpretation of the outcome without introducing bias (with higher variance) while 

also simplifying the SEM-VAE because the outcome enters as an observed variable. 

A similar analysis of regression factor scores (𝜂̂௜
௒ೃ

) suggests their conditional expectation 

is scaled by the reliability (𝜌௒) and can be written as a function of Bartlett scores  

𝐸 ቂ𝜂̂௜
௒ೃ

ቚ𝜂௜
௒ቃ = 𝐸ൣ𝜌௒𝜂̂௜

𝑩ห𝜂௜
௒൧ = 𝜌௒𝜂௜

௒    (17) 

As a result, the use of regression factor scores in place of the latent outcome can also be 

used to simplify the SEM-VAE model as long as the effects are scaled by the reliability. 

Conceptually, this sequential approach that substitutes outcome factor scores in the SEM-

VAE separates measurement of the outcome from the structural components in the SEM-VAE. 

The outcome proxy is determined solely by the outcome measurement model and is not subject 

to ELBO/KL regularization or conditional-prior shrinkage that can arise when the outcome is 

modeled as a latent variable inside the SEM‑VAE. As a result, the approach has the potential to 

ameliorate leakage and outcome variation compression relative to the full SEM-VAE approach.  

In a third approach (SEM-VAE with CFA-VAE outcome proxy), we expand this further 

to replace the linear factor decoder with a more flexible neural network decoder (i.e., CFA-VAE) 

for the latent outcome. Subsequently, we employ scores of the latent outcome from the posterior 

distribution of the CFA-VAE as a substitute for the latent outcome in the SEM‑VAE. Similar to 

the second approach, the outcome proxy is not subject to the aforementioned regularization or 

conditional-prior shrinkage found in the full SEM-VAE, thereby reducing the potential for 

outcome variance compression and attenuated treatment effects. The utility of this third approach 

is that it additionally introduces more measurement model flexibility for the outcome because it 

leverages neural decoders rather than a simple linear measurement model for the decoder (e.g., 



Milano et al., 2024). For example, the approach can handle more complicated settings where an 

observed indicator 𝑌௜௝ is a nonlinear function of latent outcome 𝜂௜
௒  

𝑌௜௝ = 𝛼௝
௒ + 𝑓ఏ(𝜂௜

௒) + 𝜀௜௝
௒         𝜀௜௝

௒ ~𝑁൫0, 𝜎ఏ
ଶ൯, 𝜂௜

௒~𝑁(0, 𝜎
ఎೊ
ଶ )         (18) 

where 𝑓ఏ(𝜂௜
௒) is a nonlinear function (e.g., Milano et al., 2024). When the indicators are a linear 

function of the latent variable (i.e.,  𝑓ఏ(𝜂௜
௒) = 𝛼௝

௒ + 𝜆௝
௑𝜂௜

௑), the decoder reduces to the 

conventional linear measurement model outlined in the second approach (see Appendix D for 

comparing linear and nonlinear measurement models). 

Model Training  

For each of these approaches, we trained the models by maximizing an ELBO that 

appropriately combines: (i) likelihood terms for each indicator block given its latent construct, 

(ii) the treatment likelihood given latent and observed covariates, (iii) the outcome likelihood 

given latent and observed covariates and the treatment, and (iv) Kullback–Leibler (KL) 

regularization terms that shrink each latent variable’s approximate posterior toward its prior 

distribution (see Appendix C for outline). We maximize the ELBO with stochastic gradient 

methods using mini‑batches and the reparameterization trick for Gaussian variational posteriors. 

Each construct encoder outputs the mean and variance for each latent variable and latent samples 

are drawn via 𝜂 = 𝜇 + 𝜎 ⊙ 𝜖 with 𝜖~𝑁(0, 𝐼). These samples jointly drive the measurement 

decoders (e.g., 𝑝(𝐱|𝜂)) and the structural heads for the treatment (e.g., 𝑝(𝑡|𝜂௑ , 𝜂௓ , 𝑤)) and 

outcome (e.g., 𝑝(𝜂௒ |𝑡, 𝜂௑ , 𝜂௓ , 𝑤)), with parameters updated by backpropagation through the 

entire system. We regularize via KL terms to standard‑normal priors for each latent variable (β = 

1), and we train components jointly for the full SEM-VAE approach and separately for the other 

approaches. 

Latent Variable Posterior Summaries 



In turn, we then generate summaries of the posterior distribution for each latent variable 

based on the SEM-VAE. Although there are many alternative approaches, we adopt a bias 

avoiding strategy suitable for subsequent targeted learning (e.g., Devlieger et al., 2016; Skrondal 

& Laake, 2001). Conceptually, we use posterior means or regression-like scores for latent 

covariates and Bartlett-like scores for the latent outcome. Under a linear measurement model, the 

posterior mean of the latent variable from a CFA-VAE is the same as the regression factor score 

when we do not condition on context. When the measurement model is nonlinear, the posterior 

mean is intractable and we approximated it using a local linearization at 𝜂௧
௒ by applying a first-

order Taylor expansion update around the initial estimate and then a linear-Gaussian Kalman 

update with the Jacobian of the nonlinear function in place of the linear observation matrix that 

moves 𝜂௧
௒ toward its conditional expectation given the indicator responses. The result is a 

first‑order approximation to the posterior mean (and regression-like scores). Similarly, under a 

linear measurement model for the outcome we use conventional Bartlett scores. When the 

outcome measurement model is nonlinear, we considered a nonlinear generalization of Bartlett 

scores using a locally unbiased, Gauss–Newton generalization of Bartlett scores that linearizes 𝑓ఏ 

at 𝜂௧
௒. The nonlinear Bartlett-like scores provide a first-order approximation for a nonlinear 

version of an unbiased, minimum measurement‑error variance estimator that is similar to Bartlett 

scores in a linear factor model (Appendix F). 

Targeted Learning. SEM VAEs are optimized for reconstruction/prediction losses and 

are well-suited for density modeling. However, SEM-VAEs are not aligned with a specific 

causal effect and prediction losses are not necessarily orthogonal to nuisance errors. For 

example, small errors or regularization in nuisance components (e.g., outcome networks, 

propensity score networks, encoders) can translate directly into bias when estimating the 



treatment effect in spite of a highly predictive model. As a result, optimizing a SEM-VAE model 

does not necessarily provide an unbiased estimate of the treatment effect. 

For this reason, our framework subsequently employs targeted learning with posterior 

summaries generated by the SEM-VAE. Targeted learning is built to estimate a specific causal 

effect by constructing an efficient influence function (EIF) for that effect and targeting that score 

with cross‑fitted nuisance estimates. The use of an orthogonal estimating equation makes the first 

order bias in the estimated effect small even when the nuisance models are imperfect. More 

generally, the approach yields doubly robust estimators that are asymptotically linear, robust to 

regularization bias, and provide valid inference even when the nuisance models are learned by 

flexible ML algorithms.  

Our approach uses TMLE with the super learner on summaries of the SEM-VAE 

posterior distribution (e.g., posterior means, Bartlett-like scores) for each latent variable 

(e.g., 𝜂̂௑ , 𝜂̂௓ ) to estimate the average treatment effect (ATE). TMLE constructs an initial 

estimate of the conditional outcome  

𝑄଴൫𝑡, 𝜂௑ , 𝜂௓ , 𝑊൯ = 𝐸ൣ𝜂̂௒ ห 𝑇 = 𝑡, 𝜂̂௑ , 𝜂̂௓ , 𝑊൧    (19) 

and the propensity score 

𝑔଴൫𝜂௑ , 𝜂௓ , 𝑊൯ = 𝑃(𝑇 = 1| 𝜂̂௑ , 𝜂̂௓ , 𝑊)    (20) 

using super learner libraries to reduce the risk of misspecification bias. TMLE then implements a 

one-dimensional fluctuation of 𝑄଴ with the clever covariate  

𝐻൫𝑇, 𝜂௑ , 𝜂௓ , 𝑊൯ =
ூ(௧ୀଵ)

௚(ଵ|ఎ೉ ,ఎೋ ,ௐ)
−

ூ(௧ୀ଴)

௚(଴|ఎ೉ ,ఎೋ ,ௐ)
    (21) 

yielding an updated regression 𝑄∗  that solves the efficient influence function (EIF) estimating 

equation. The ATE is the targeted plug‑in 



𝐴𝑇𝐸 =
ଵ

௡
∑ {𝑄∗ (1, 𝜂௜

௑ , 𝜂௜
௓ , 𝑊௜) − 𝑄∗ (0, 𝜂௜

௑ , 𝜂௜
௓ , 𝑊௜)}௡

ଵ   (22) 

and its variance is estimated by the sample variance of the estimated EIF divided by the sample 

size.  

Under a linear factor model, for example, Bartlett factor scores can be expressed as 

𝜂̂௜
௒ಳ

= 𝜂௜
௒ + 𝜀௜

௒ with error (𝜀௜
௒) that is independent of treatment after conditioning on covariates 

(𝐸[𝜀௜
௒ห 𝑇, 𝑿] = 0). The EIF of the ATE with TMLE is then 

𝐷(𝑂) = 𝐻(𝑇, 𝑿)൛𝜂௒ − 𝑄(𝑇, 𝑿)ൟ + [𝑄(1, 𝑿) − 𝑄(0, 𝑿) − 𝛿
ఎೊ

]    (23) 

where 𝑄(𝑡, 𝑿) = 𝐸ൣ𝜂௒ ห 𝑇 = 𝑡, 𝑿൧, 𝐻(𝑇, 𝑿) =
ூ(௧ୀଵ)

௚(ଵ|𝑿)
−

ூ(௧ୀ଴)

௚(଴|𝑿)
, 𝑔(𝑡|𝑿) = 𝑃(𝑇 = 𝑡|𝑿), and 𝛿ఎೊ

 is 

the ATE. Because 𝜂௒  enters the EIF linearly through the residual (𝜂௒ − 𝑄(𝑇, 𝑿)), substituting, 

for instance, Bartlett scores (i.e., replacing 𝜂௜
௒ with 𝜂̂௜

௒ಳ
= 𝜂௜

௒ + 𝜀௜
௒) preserves the target and the 

double robust property for the ATE when the measurement models and latent posterior learning 

is correct (see Appendix B). More conceptually, additive, mean‑zero outcome error perturbs the 

EIF but does not shift the parameter; that is, using, for example, Bartlett scores inflates variance 

without inducing bias. By contrast, covariates (e.g., via the 𝑄(𝑡, 𝑿), 𝑔(𝑡|𝑿) functions) enter the 

EIF nonlinearly. As a result, measurement error in covariates (even when mean‑zero) can change 

𝑄(𝑡, 𝑿) and 𝑔(𝑡|𝑿) in ways that introduce bias because it perturbs the nuisance functions 

themselves rather than just adding a linear term in the latent outcome. 

Congeniality of Targeted and Generative Models. A central requirement for valid 

inference in the TAG framework is congeniality between the generative model used to recover 

latent variables and the targeted learning procedure used to estimate causal effects. The concept 

of congeniality originates in the multiple-imputation and plausible values literatures, where it 

refers to the alignment between how missing or latent quantities are generated and how they are 



subsequently analyzed. In the TAG setting this principle takes on a more specific and 

consequential form: the SEM-VAE must produce latent variable summaries whose induced 

conditional structure is sufficiently compatible with the nuisance models that targeted learning 

relies upon. Targeted learning does not operate on the joint distribution directly; it relies on the 

conditional outcome regression and the propensity score to identify and estimate the causal 

estimand. If the generative model fails to represent key features of these conditional 

relationships, targeted learning cannot recover from that failure and bias introduced at the 

generative stage propagates into the effect estimate and is not corrected by the targeting step. 

There are three primary considerations for congeniality. First, measurement congeniality requires 

that the variational posteriors produced by the SEM-VAE encoders are sufficiently close to the 

true conditional distributions of the latent variables given their indicators. When measurement 

congeniality holds, the posterior summaries used in TMLE behave as locally unbiased proxies 

for the true latent quantities: substituting them into the efficient influence function perturbs 

variance but does not shift the estimand. When it fails, the resulting posterior summaries are 

systematically distorted, and this distortion propagates directly into the nuisance functions and 

the effect estimate. 

Second, structural congeniality requires the that the SEM‑VAE adequately captures the 

conditional relationships among latent covariates, observed covariates, treatment assignment, and 

the outcome. Even though targeted learning is robust to model misspecification in the nuisance 

functions, it is not robust to confounding that remains unmeasured because the generative model 

failed to appropriately capture the latent structure. Put differently, violations of treatment 

ignorability at the latent level cannot be repaired downstream. 



Third, functional congeniality requires that the outcome proxy substituted into the efficient 

influence function be conditionally unbiased for the true latent outcome given treatment and 

covariates. Bartlett factor scores satisfy this condition under a correctly specified linear 

measurement model; the nonlinear Gauss-Newton Bartlett-like scores from the CFA-VAE satisfy 

it approximately under nonlinear measurement (Appendix F). When functional congeniality 

holds, outcome measurement error enters the EIF additively with zero conditional mean, 

inflating variance but not introducing bias. 

In the TAG framework, congeniality is plausibly supported across a broad range of 

settings by leveraging expressive neural networks in the generative model. With suitably 

expressive architectures, SEM‑VAEs can flexibly approximate both complex measurement 

relationships and nonlinear, nonadditive structural relationships among latent and observed 

variables. However, expressiveness does not guarantee congeniality in finite samples. For 

example, architectural choices in the SEM‑VAE implicitly constrain the validity of the causal 

analysis. Decisions about indicator routing, decoder flexibility, structural network 

expressiveness, and regularization effectively define an implicit prior over the latent data that 

targeted learning receives as input. When this implicit prior is well-aligned with the substantive 

and causal structure of the problem, congeniality is plausible (but still not guaranteed). When the 

prior is not well-aligned, targeted learning cannot compensate. Appendix B outlines congeniality 

conditions, provides a bias decomposition when they fail, and states the convergence rates that 

would be required for double robustness and semiparametric efficiency to hold. 

Simulation 

We conducted an initial evaluation of the proposed framework using simulated data. We 

considered a base condition with two latent covariates (e.g., 𝜂௜
௑) and an observed covariate (Wi) 



that were sampled from a multivariate standard normal distribution with all covariances set to 

𝛴௜௝ = 0.3, an observed binary treatment (Ti), and a latent outcome (𝜂௜
௒). We extended this to 

additional conditions that considered five latent covariates and ten observed covariates as well as 

more complex data generating processes (Appendix E). For the base conditions, data were 

generated using linear or nonlinear factor models with the structural model for the treatment 

assignment and outcome following nonlinear (quadratic) and nonadditive (two-way interactions 

between all latent variables) relationships with the latent covariates and additive relationships for 

the observed covariates 

𝜂௜
௒ = 𝛽଴ + 𝛿𝑇௜ + ∑ 𝛽௑ೕ
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The outcome error variance followed a normal distribution centered at zero and variance of one 

minus the variance of the structural components. The coefficients were selected so that ignoring 

nonlinear and nonadditive terms introduced a downward bias. Across simulations, we varied the 

sample size, the number of indicators per latent variable, the factor loadings, the reliabilities of 

the latent variables, the nonlinearity of the measurement models, the approach for incorporating 

the outcome (see section above), the machine learning algorithms used in the super learner, the 

number of latent and observed covariates, the number of latent variable interactions and 

quadratic terms, and the underlying data generating process (see Appendix E).  

Our SEM VAE is implemented in R using the torch package as a custom module with 

amortized encoders for the latent variables and a shared context network (see Appendix E for 

details; code implementing the analyses is available at BLINDED).  We report the bias in the 

ATE estimator, its standard deviation and its root mean-square error (RMSE) based on 100 



replications for each condition. To benchmark the performance, we compared the performance of 

TAG learning with several alternative approaches that are each unworkable or ineffective in 

practice. Our first comparison was with an idealized model—a nonlinear SEM (NLSEM). We 

considered a correctly specified model (e.g., expression 24). However, this approach is 

unworkable in practice for two reasons. First, our analysis focuses on estimating treatment 

effects when the correct model specification is unknown and this approach requires and makes 

use of the known true specification. Second, estimation feasibility for NLSEM progressively 

diminishes with each additional nonlinear or nonadditive term for latent variables. We limit the 

scope of our comparisons between NLSEM and TAG learning to quadratic and two-way 

interaction terms for latent variables to ensure estimation feasibility for NLSEM. In practice, 

however, more complex nonlinear (e.g., cubic, nonparametric) and nonadditive (e.g., three-way 

interactions) relationships are plausible. While TAG learning expands easily to accommodate 

such complex relationships, the computational demand for estimation for SEM is prohibitive and 

unworkable in practice. Our second comparison illustrates this principle by further contrasting 

TAG learning with a linear SEM (LSEM) that incorrectly omits nonlinear and nonadditive terms. 

Our third comparison was with another idealized model—a nonlinear regression with the 

latent variable values produced by generative learning (nonlinear regression after generative; 

NLRAG). This approach is unworkable in practice because it also assumes the correct structural 

model specification when it would be unknown in practice. However, comparisons between 

TAG and NLRAG can be used to separate how much of the observed bias in TAG learning is 

attributable to the generation learning phase (identical for TAG and NLRAG) and how much 

owes to the targeted learning phase. When NLRAG estimates are nearly unbiased but TAG 

learning is biased, the implication is that the generative learning is working well but that bias 



enters through targeted learning’s data adaptive estimation of the nuisance functions. Our fourth 

comparison illustrates misspecification effects by additionally contrasting TAG learning with a 

linear regression with the latent variable values produced by generative learning (linear 

regression after generative; LRAG) that incorrectly omits nonlinear and nonadditive). 

The fifth comparison captures a viable alternative but one that ignores measurement 

error—targeted learning with Bartlett factor scores for the latent outcome and regression factor 

scores for the latent covariates (TMLE-FS). Comparisons between TAG learning and TMLE-FS 

outline the bias in targeted learning introduced by ignoring measurement error. 

The sixth comparison considers nonlinear regression with Bartlett factor scores for the 

latent outcome and regression factor scores for the latent covariates (NLR-FS). The approach is 

unworkable because it presumes knowledge of the correct structural model while also ignoring 

measurement error. Similarly, the seventh comparison considers a linear regression with those 

factor scores (LR-FS) that incorrectly omits nonlinear and nonadditive terms. These comparators 

serve as baselines to outline how much bias reduction is provided by TAG learning and also 

reflect historical practice (e.g., Castro Torres & Akbaritabar, 2024). 

Table 1 and Figures 2-3 summarize the simulation results (see Appendix E for full results 

including for null effect conditions). The results consistently demonstrated that TAG learning 

provides nearly unbiased effect estimates, even under adverse conditions (e.g., low reliabilities). 

Across the base simulation conditions, TAG and NLRAG tracked closely, providing empirical 

support that the full-data SEM-VAE approach introduced negligible within-sample bias in the 

current settings (e.g., Table 1; Figure 2; Appendix Table 2 and 4). The collective results from all 

alternative methods were unsurprising and reiterated a well-established warning—

ignoring/misspecifying the measurement and/or structural models introduces bias into effect 



estimates. For instance, with linear measurement models, 2000 observations, three indicators per 

latent variable, and low to moderate reliability (roughly 0.6), TAG centered closely on the true 

effect, yielding essentially zero bias (Figure 2; Table 1). In contrast, approaches that either 

ignored measurement error (e.g., TMLE-FS) or misspecified the structural model (linear SEM) 

exhibited sizable bias. Further, when measurement models were nonlinear, TAG learning 

remained nearly unbiased while NLSEM and other methods were substantially biased (Figure 3; 

Appendix Tables 4 and 5). Even in the idealized but impossible-in-practice nonlinear SEM 

approach that exploited additional knowledge regarding the correct structural form (that was 

unavailable to TAG learning), treatment effect estimates were biased when the true measurement 

models were nonlinear (but treated as linear). 

At larger sample sizes or high reliabilities, TAG learning broadly demonstrated little bias 

(Table 1, Figures 2-3; Appendix Tables 2-8). At smaller sample sizes and lower reliabilities, 

consistent with reduced information for both measurement and structural learning, TAG 

displayed small amounts of bias but still substantially outperformed workable alternatives. In 

higher dimensional conditions, the pattern was broadly similar but unbiased estimation required 

larger sample sizes or higher reliabilities (e.g., Figure 3; Appendix Tables 6 and 7). For example, 

with ten observed covariates and five latent covariates (reliabilities between 0.6 and 0.7) that 

entered nonlinearly and nonadditively, TAG learning exhibited a small negative bias (-0.03) in 

samples of 10,000. When the sample dropped to 5000, the bias rose to -0.06 but was reduced to -

0.04 when reliabilities increased to 0.7 and 0.8. With reliabilities around 0.6 and a sample of 

2000, TAG learning had a bias of -0.15; with reliabilities increased to around 0.8, bias was -0.08. 

Comparisons among the three different approaches for incorporating the latent outcome 

suggested that while all provide nearly unbiased estimation with moderate sample sizes, the TAG 



estimator based on the full SEM-VAE tended to be much more dispersed (Table 1, Appendix 

Tables 2-8). This pattern is consistent with the identification/regularization tensions noted 

earlier—when the latent outcome is modeled inside the SEM‑VAE, identification constraints 

interact with the ELBO/KL regularization and conditional priors in ways that misallocate or 

compress variance (e.g., shift variability across latent variance, decoder residuals, or structural 

components). The Bartlett‑proxy approach severs this coupling to improve precision without 

introducing bias. Finally, this study was not preregistered. Large language models (Microsoft, 

2026) were used to edit the manuscript and R code (available at BLINDED and in Appendix G). 

Illustration 

We illustrate TAG learning using data from an open-access online personality study (n = 

4,270) that combined Duckworth and colleagues' (2007) Grit Scale with the International 

Personality Item Pool (IPIP) Big Five personality inventory (see Appendix G for details). Grit—

defined by Duckworth et al. (2007) as perseverance of effort and consistency of interest over 

long-term goals—serves as the latent outcome, operationalized by three Grit Scale indicators 

(reliability = 0.48). Two Big Five personality dimensions serve as latent covariates: 

Agreeableness (reliability = 0.46) and Conscientiousness (reliability = 0.54), each measured by 

three indicators. Our analysis examines the effect of completing a college or graduate degree on 

grit while controlling for these two personality covariates. We emphasize that this example is 

intended solely as a convenient and accessible methodological illustration rather than a 

substantive empirical investigation, and the resulting estimates should not be interpreted as 

evidence of a causal effect of educational attainment on grit for numerous reasons (Appendix G).  

We estimated TAG learning using linear measurement models for all latent variables and 

the SEM-VAE with linear CFA outcome proxy (Approach 2). Both the SEM-VAE and the 



targeted learning step were cross-fit using K = 5 folds, with SEM-VAE training in each fold 

governed by Adam optimization and early stopping based on a 10% within-training-fold 

validation split. The super learner ensemble for TMLE nuisance function estimation matched the 

algorithms used in the base simulations. 

EIF-based standard errors produced by TMLE capture sampling uncertainty from the 

nuisance function estimation and targeting step but does not account for the additional 

uncertainty introduced by latent variables and estimation of the SEM-VAE parameters. To 

propagate uncertainty into effect estimates, we used nonparametric case-based bootstrapping 

(e.g., Cai et al., 2020; Efron & Tibshirani, 1994). We sampled a new dataset of size n with 

replacement from the original sample, stratified by treatment assignment. The complete TAG 

pipeline was then re-estimated on each bootstrapped sample. Standard errors and percentile-

based 95% confidence intervals were constructed using 100 bootstrap replications. 

The results are summarized in Table 9. Differences among estimators are consistent with 

the possibility that linear models and conventional factor-score approaches fail to capture 

features of the structural relationships, although the illustration is not designed to isolate whether 

these differences arise from nonlinearity, measurement error, model regularization, or residual 

confounding. The results additionally suggest that the naïve EIF-based standard errors 

underestimate effect uncertainty.  

Discussion 

Recent research has demonstrated the power of ML to uncover structure in complex data 

and deliver accurate predictions. Yet the predominance of questions in social science research do 

not rely on prediction problems alone (e.g. Brand et al., 2023). Core lines of inquiry in the social 

sciences involve building durable theories that integrate substantive, measurement and causal 



theories. Standard ML approaches rarely engage with such complexities. To capitalize on recent 

advances, we need approaches that leverage ML as a fortifying tool—rather than a predictive 

substitute—that integrates ML with substantive, measurement and causal theories. TAG learning 

contributes to this gap by pairing theory aligned generative models for latent variables with 

targeted, semi-parametric estimators for causal effects. TAG learning harnesses the algorithmic 

power of ML to construct theory-grounded data-driven scientific analysis. 

The results of our analyses demonstrated that TAG learning consistently produced nearly 

unbiased estimates across a wide range of conditions. A core consideration with ML methods in 

the social sciences is sample size. The results suggested that each of the SEM-VAE approaches 

considered were feasible with finite samples with the CFA-VAE outcome proxy approaches 

(Approaches 2 and 3) producing lower dispersion than the full SEM-VAE (Approach 1). The 

result is consistent with the argument that decoupling outcome measurement from the joint 

ELBO objective prevents identification constraints from interacting destructively with KL 

regularization. More generally, the combination of theory-driven measurement constraints, 

amortized variational inference, and targeted estimation appears to reduce the effective sample 

size requirement relative to unconstrained deep learning approaches—a practical advantage in 

the social sciences where samples in the thousands often represent a ceiling rather than a floor. 

Limitations. Several limitations qualify our findings. We examined a limited set of 

structural and measurement models and more generally a limited set of conditions in our 

simulations; although TAG learning demonstrated strong performance in these conditions, more 

comprehensive investigations are needed to outline the conditions under which the approach 

performs well. For example, we partitioned indicators into mutually exclusive blocks; future 

applications should examine multidimensionality and sensitivity to cross loadings and method 



effects. For example, although the core SEM-VAE routes each indicator block to a construct 

specific encoder, instruments often contain cross cutting measurement artifacts (e.g., method 

effects, correlated errors, or subtle cross loadings) that spill across constructs. Prior architectures 

have suggested nuisance encoders to address measurement artifacts (e.g., common error 

spanning indicators) (e.g., Zhang et al., 2025). Conceptually, the nuisance latent variable absorbs 

global measurement variation, allowing construct specific latent variables to remain clean and 

factor aligned. In turn, cleaner latent variables stabilize nuisance models in targeted learning by 

reducing residual confounding caused by mis-measured latent covariates.  

Similarly, our simulations did not assess the coverage or finite-sample validity of 

bootstrapped confidence intervals. Although the theoretical justification for bootstrapping with 

multi-stage estimators is well-established, its behavior under the full range of simulation 

conditions (e.g., small samples, low reliabilities, high-dimensional covariate spaces) remains 

unexamined (e.g., Efron & Tibshirani, 1994). Characterizing the empirical coverage of bootstrap 

CIs across these conditions, and identifying when the EIF-based standard error is a sufficient 

approximation, is an important direction for future work. 

We also assumed measurement invariance and normal distributions for latent variables 

(e.g., Lyu et al., 2025; Ren et al., 2025; Wang et al., 2023); both can be relaxed (e.g., group 

specific parameters or non Gaussian priors). We also relied on a domain knowledge to determine 

measurement and structural models; conclusions therefore inherit any misspecification of that 

knowledge. For example, if a latent covariate was a post-treatment variable (e.g., mediator) 

conditioning on that variable would undermine unbiased effect estimation.  

Further, the results suggested that the sufficiency of a sample size was a function of 

multiple variables including model complexity and latent variable reliabilities—more complex 



nuisance functions and less reliable factors generally required larger samples for data adaptive 

approaches to effectively reduce bias to zero. Our analyses suggested that bias can arise from 

either side of the pipeline (generative or targeted learning). For example, when the sample size 

was small relative to model complexity (e.g., high dimensional latent covariates) and latent 

variables were unreliable, bias largely entered through the generative phase (e.g., Table 7). In 

contrast, in lower dimensional settings, bias largely entered through targeted learning. These 

results potentially suggest that as analyses become more complex, constructing and tuning each 

phase (e.g., richer super learner libraries with highly adaptive learners and fold wise targeting) 

takes on increasing importance. Future research needs to more carefully examine the conditions 

under which bias arises from the generative and/or targeted learning phases, data requirements 

that support nearly unbiased estimation for different model complexity levels, and architectural 

modifications and hyper parameter tuning that improves estimation. 

Conclusion. There are substantial opportunities to advance the social sciences through 

ML. However, to realize these opportunities in the social sciences, we must build ML methods 

that integrate and respect substantive, measurement, and causal theory. TAG illustrates a path 

toward respecting measurement theory, model structural complexity, and obtain valid causal 

inferences on latent outcomes. Taken together, the simulations suggest the methodological 

promise of pairing appropriate treatment of measurement error with data-adaptive modeling of 

complex structure. Establishing the general theoretical properties of the resulting estimator, and 

characterizing its behavior across a broader range of conditions, are important directions for 

future work.  
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Figure 1: Conceptual mapping of a (a) SEM-VAE encoders and decoders for each the latent 
variable and of a (b) SEM-VAE that uses CFA-VAE scores as an observed proxy for the latent 
outcome 

     (a)       (b) 

  

 

  



Figure 2 Simulation results outlining bias as a function of reliability, sample size, and method 
under base conditions for each of the three approaches for handling the outcome in the SEM-
VAE 

 

  



Figure 3 Simulation results outlining bias as a function of reliability, sample size, and method 
under nonlinear measurement models or linear measurement with high dimensional covariates 
set  

 



 
Table 1 Summary of simulation results under linear measurement models, structural models that 
follow expression (24) with 2 latent covariates and 1 observed covariate, and Bartlett scores as 
an outcome proxy in the SEM-VAE. 
N Ry Rx Rz Items Estimator Bias SD RMSE 

500 0.63 0.57 0.58 3 NLSEM 0.00 0.17 0.17 
     TAG -0.07 0.14 0.16 
     TMLE-FS -0.17 0.13 0.21 
     LSEM -0.23 0.13 0.26 
     LR-FS -0.22 0.13 0.26 
     NLR-FS -0.13 0.13 0.18 
     LRAG -0.23 0.13 0.26 
     NLRAG -0.04 0.14 0.15 
1000 0.8 0.79 0.8 10 NLSEM 0.00 0.08 0.08 
     TAG -0.03 0.08 0.09 
     TMLE-FS -0.10 0.08 0.13 
     LSEM -0.23 0.08 0.25 
     LR-FS -0.23 0.08 0.24 
     NLR-FS -0.07 0.08 0.11 
     LRAG -0.23 0.08 0.25 
     NLRAG -0.01 0.08 0.08 
2000 0.66 0.57 0.56 3 NLSEM 0.01 0.07 0.07 
          TAG 0.00 0.08 0.08 
          TMLE-FS -0.14 0.06 0.16 
          LSEM -0.23 0.06 0.24 
          LR-FS -0.22 0.06 0.23 
          NLR-FS -0.12 0.06 0.14 
     LRAG -0.23 0.07 0.24 
     NLRAG 0.01 0.07 0.07 
2000 0.8 0.79 0.8 10 NLSEM 0.00 0.06 0.06 
     TAG 0.01 0.06 0.06 
     TMLE-FS -0.09 0.06 0.11 
     LSEM -0.23 0.06 0.24 
     LR-FS -0.23 0.06 0.24 
     NLR-FS -0.07 0.06 0.09 
     LRAG -0.23 0.06 0.24 
     NLRAG 0.02 0.06 0.06 
2000 0.89 0.88 0.88 20 NLSEM 0.00 0.06 0.06 
     TAG -0.01 0.06 0.06 
     TMLE-FS -0.07 0.06 0.09 
     LSEM -0.23 0.06 0.24 
     LR-FS -0.23 0.06 0.24 
     NLR-FS -0.05 0.06 0.07 
     LRAG -0.23 0.05 0.24 
     NLRAG 0.00 0.06 0.06 



5000 0.62 0.6 0.59 3 NLSEM 0.00 0.05 0.05 
     TAG 0.00 0.05 0.05 
     TMLE-FS -0.14 0.04 0.15 
     LSEM -0.23 0.04 0.23 
     LR-FS -0.22 0.04 0.23 
     NLR-FS -0.12 0.04 0.13 
     LRAG -0.24 0.04 0.24 
     NLRAG 0.01 0.05 0.05 

Note. Super learner uses GLM, mean, GAM, and MARS 

 

  



Table 2 Illustration example results 

Estimator Est SE CI 

TAG (naïve uncertainty) 
0.11 

0.04 [0.03, 0.19] 
TAG (bootstrap uncertainty) 0.05 [0.03, 0.22] 
TMLE-FS 0.23  0.04 [0.15, 0.31] 
LSEM 0.20 0.07 [0.06, 0.34] 
LR-FS 0.24 0.04 [0.16, 0.32] 

 


