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ABSTRACT
In this article, we demonstrate how to enhance the validity of causal inference with unstructured high-
dimensional treatments like texts, by leveraging the power of generative Artificial Intelligence (GenAI).
Specifically, we propose to use a deep generative model such as large language models (LLMs) to efficiently
generate treatments and use their internal representation for subsequent causal effect estimation. We
show that the knowledge of this true internal representation helps disentangle the treatment features of
interest, such as specific sentiments and certain topics, from other possibly unknown confounding features.
Unlike existing methods, the proposed GenAI-Powered Inference (GPI) methodology eliminates the need
to learn representation directly from the data, and hence produces more accurate and efficient estimates.
We formally establish the conditions required for the nonparametric identification of the average treatment
effect, propose an estimation strategy that avoids the violation of the overlap assumption, and derive the
asymptotic properties of the proposed estimator through the application of double machine learning.
Finally, using an instrumental variables approach, we extend the proposed GPI methodology to the settings
in which the treatment feature is based on human perception. The GPI is also applicable to text reuse
where an LLM is used to regenerate existing texts. We conduct simulation and empirical studies, using
the generated text data from an open-source LLM, Llama 3, to illustrate the advantages of our estimator
over state-of-the-art representation learning algorithms. An open-source software package is available for
implementing the proposed GPI methodology. Supplementary materials for this article are available online,
including a standardized description of the materials available for reproducing the work.
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1. Introduction

The emergence of generative artificial intelligence (GenAI)
technology such as large language models (LLMs) has had
an enormous impact on many fields, including medicine
(Thirunavukarasu et al. 2023), education (Kasneci et al. 2023),
marketing (Kshetri et al. 2024), and social sciences (Bisbee et al.
2024). These tools come with advanced capabilities to generate
realistic texts, images, and videos at scale, based on the user-
provided prompts.

In this article, we demonstrate that GenAI can enhance the
performance of causal inference based on unstructured data
such as text and images. We focus on the problem of estimating
the causal effect of a specific treatment feature embedded in
text—such as topic or sentiment—while adjusting for other
confounding features. Although we assume the treatment
feature is pre-specified and measurable, the central challenge lies
in learning a low-dimensional representation of the unknown
confounders and properly adjusting for them. We show that
internal representations extracted from GenAI models can
be leveraged within a causal machine learning framework to
estimate the causal effects of interest. Specifically, we introduce
an experimental design (Section 2) and propose the GenAI-
Powered Inference (GPI) methodology (Section 3), which
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enables efficient estimation of causal effects associated with
specific features embedded in unstructured data.

In the proposed experiment, we first generate texts by pro-
viding treatment and control prompts to an LLM. If we wish
to use existing texts rather than generate new ones, we ask
an LLM to reproduce the same texts exactly. We then present
each generated text to a randomly selected survey respondent
and measure their reactions. Lastly, we directly extract the true
internal representation of the generated text from the LLM and
analyze it with a machine learning algorithm to disentangle the
treatment features from other confounding features contained
within the same texts. The GPI leverages the true vectorized
representation of treatment text that is available from an open-
source deep generative model. This enables us to efficiently learn
the representation of relevant features in unstructured data even
when texts contain strong confounding features.

We establish the nonparametric identification based on
the key assumption of separability between treatment and
confounding features. This assumption states that the treatment
feature is not a deterministic function of confounding features
and the latter are also not a function of the former. The
assumption is closely related to the concept of disentanglement
in the literature (Wang and Jordan 2024) and implies that
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one can intervene the treatment feature without changing
confounding features. We discuss diagnostic tools to detect the
potential violation of this assumption.

As part of the proposed estimation approach, we develop a
neural network architecture based on TarNet (Shalit, Johansson,
and Sontag 2017) to separately learn treatment and confounding
features. We show that it is possible to nonparametrically iden-
tify a deconfounder, which summarizes all confounding features
as a lower-dimensional function of the internal representation
obtained from a deep generative model. Once a deconfounder is
estimated, we use it to model the treatment features and estimate
the propensity score. We then apply the double machine learning
(DML) methodology to obtain the asymptotically valid confi-
dence intervals (Chernozhukov et al. 2018). An open-source
Python package, “GPI: Generative-AI Powered Inference,” that
implements the proposed methodology is available at https://
gpi-pack.github.io/.

To investigate the empirical performance of the proposed
methodology, we design simulation studies based on the can-
didate profile experiment of Fong and Grimmer (2016) (Sec-
tion 4). In this experiment, survey respondents are asked to
evaluate biographies of different political candidates. Our goal is
to infer the causal effects of certain features of these biographies,
such as military background and education levels. We use an
open-source LLM, Llama 3, to generate a set of new candidate
biographies and design simulation studies to compare the per-
formance of the proposed estimator with that of state-of-the-art
methods. We also have Llama 3 regenerate the existing biogra-
phies to examine the performance of the proposed methodology
in the case of text reuse.

We find that the GPI outperforms the state-of-the-art
methods, which estimate the representation of confounding
features using the existing embedding (Pryzant et al. 2021; Gui
and Veitch 2023). Specifically, the proposed estimator has a
smaller bias and root mean squared error, while its confidence
interval retains a proper nominal coverage level. These findings
hold even when the sample size is relatively small, and in the case
of text reuse. Furthermore, we apply the GPI to the candidate
profile experiment (Section 5). Our analysis shows that the
previous military experience of the candidates significantly
affects the voter evaluation on average. Appendix S6 presents
an additional empirical application based on experiments about
the public perceptions of US government support for Hong
Kong protest (Fong and Grimmer 2023). We show that the
GPI yields much more reasonable estimates than the existing
state-of-the-art methods. Imai and Nakamura (2025) presents
additional applications of the GPI including one based on
images.

Finally, we extend the GPI to the estimation of the causal
effects of perceived treatment features, motivated by the fact
that the respondents may perceive the same treatment features
differently (Appendix S3). A key challenge is that the perceived
treatment features may be confounded by possibly unob-
served respondent characteristics as well as the confounding
features of texts. To address this, we adopt the instrumental
variable approach (Imbens and Angrist 1994) by using the
actual treatment features as instruments for their perceived
counterparts.

Related literature. Several existing works estimate the causal
effects of textual features (see Feder et al. 2022, for a review). The
key difference between the GPI and these previous approaches
is the use of GenAI to produce treatment objects. We exploit the
fact that the true vectorized representation of generated texts
can be obtained directly from open-source LLMs. In contrast,
existing methods must learn representation from the treatment
texts. For example, Fong and Grimmer (2016) and Ahrens et al.
(2021) impose topic models, whereas Pryzant et al. (2021) and
Gui and Veitch (2023) estimate the vector representation using
the BERT (Bidirectional Encoder Representations from Trans-
formers) embeddings. We show that the use of true represen-
tation not only improves the estimation performance but also
significantly increases computational efficiency.

We advance the literature on causal inference with text by
formalizing the assumptions necessary for causal identification.
Most prior studies implicitly assume that confounding features
are not functions of the treatment feature (e.g., Pryzant et al.
2021; Gui and Veitch 2023), with the exception of Daoud, Jerzak,
and Johansson (2022), who states this assumption explicitly.
Consequently, no existing estimation method directly incorpo-
rates this assumption. For instance, Fong and Grimmer (2023)
recommends using topic models and adjusting only for those
estimated topics that are not functions of the treatment feature.
In practice, however, reliably identifying such topics is challeng-
ing, since any topic may be entangled with the treatment feature.
Relatedly, the representation learning literature discusses this
condition under the label of disentanglement (Wang and Jordan
2024), but does not consider interventions on the treatment
feature while holding confounding features fixed. To address this
gap, we introduce the separability assumption, which implies
that it be possible to intervene on the treatment feature without
altering the confounding features.

Our work has broader implications for the literature on causal
inference and unstructured objects in general. For example,
scholars have developed methods that adjust for texts as con-
founders, but all of these methods estimate a low-dimensional
representation of confounding information from texts (Veitch,
Sridhar, and Blei 2020; Roberts, Stewart, and Nielsen 2020;
Mozer et al. 2020, 2024; Klaassen et al. 2024). Although our
paper focuses on the use of texts as treatments rather than
confounders, the proposed use of GenAI should be beneficial for
these other cases where existing estimation methods are likely
to suffer from estimation error (Keith, Jensen, and O’Connor
2020). Similarly, the GPI can also be applied to causal inference
problems with images and even videos. For example, Jerzak,
Johansson, and Daoud (2023a,b) have considered the use of
causal inference with images in an observational setting. Given
the availability of deep generative models for images, it would
be of interest to use GenAI for improved causal inference with
images (e.g., Ramesh et al. 2021; Rombach et al. 2022).

Our work also contributes to the literature on represen-
tation learning. Since unstructured objects such as texts are
high-dimensional, learning a low-dimensional representation
is crucial (e.g., Shi, Blei, and Veitch 2019; Wang and Jordan
2024). Some propose learning a low-dimensional representation
that predicts both treatment and outcome (e.g., Veitch, Srid-
har, and Blei 2020; Gui and Veitch 2023). Although we also
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use a low-dimensional representation to adjust for confound-
ing features, the GPI disentangles confounding features from
treatment features without violating the overlap assumption. In
addition, the GPI focuses on estimating causal effects rather than
discovering of causal structure, which is an important goal of
representation learning (Schölkopf et al. 2021).

Finally, the GPI differs from that of Wang and Blei (2019)
though both use the estimated “deconfounder” for confounding
adjustment. Wang and Blei adjust the unobserved confounding
by estimating the deconfounder as a function of treatments
(Imai and Jiang 2019). In contrast, the GPI learns a represen-
tation of observed confounding by estimating the deconfounder
as a function of generative model’s internal representation of
treatment objects. In this setting, we formally establish the non-
parametric identification of the average treatment effect.

2. The Experimental Design for Texts as Treatments

While the GPI is a general methodological approach, it is helpful
to consider a concrete application. We use the candidate profile
experiment of Fong and Grimmer (2016) which investigates how
various features of a political candidate affect voter evaluation.
In the context of this experiment, we describe our alternative
approach that uses LLMs to generate treatment texts. In Sec-
tions 4 and 5, we return to this application to empirically evaluate
the performance of the GPI.

2.1. Candidate Profile Experiment

Fong and Grimmer (2016) collected 1246 candidate biographies
(written in texts) from Wikipedia, and then asked a total of
1,886 voters to answer an online survey evaluating up to four
randomly assigned candidate profiles. Specifically, the survey
asked these voters to rate each candidate biography using a
feeling thermometer that ranges from 0 (cold) to 100 (warm).
The authors first used a supervised Bayesian model based on
the Indian buffet process to discover a total of 10 treatment
features and then estimated the marginal association between
each treatment feature and the observed feeling thermometer
value.

Unlike the original analysis, we consider a setting in which
researchers have a specific treatment feature of interest. Suppose
that we are interested in estimating the causal effect of having a
military background on voter evaluation. The relevant political
science literature suggests that the experience and occupation of
candidates play an important role (e.g., Campbell and Cowley
2014; Kirkland and Coppock 2018; Pedersen, Dahlgaard, and
Citi 2019). Indeed, the original analysis shows that candidate
biographies with military background tend to receive a high
feeling thermometer score.

The challenge, however, is that military background may be
correlated with other features present in candidate biographies.
Table S1 of Appendix S1 displays two example biographies used
in the original experiment. The first describes a candidate with
military background, whereas the second shows another without
military background. Yet, these two biographies also differ in
terms of other features, including educational background, mar-
ital status, and family structure. The length of each biography

and their levels of detail are also different. If these differences are
correlated with military background and influence voter evalu-
ation, a simple comparison between biographies with military
background and those without it would lead to biased causal
estimates.

2.2. Using Large Language Models to (Re)generate
Treatment Texts

We use an LLM to generate treatment texts. In the current
context, we can achieve this in two ways. First, we can provide a
prompt to an LLM, asking it to generate a candidate biography
from scratch. Alternatively, we can use existing biographies (e.g.,
those collected by Fong and Grimmer 2016) and then ask an
LLM to reproduce the same biographies without any modifica-
tion.

Both approaches require (1) the coding of the treatment
variable (e.g., the existence of military background) and (2) the
extraction of the internal representation of LLM used to generate
treatment texts. The first requirement may mean that human
coders have to read treatment texts unless one is willing to
assume that LLM has a good compliance with the instruction
in the prompts. The second requirement implies that we should
use open-source LLMs including GPT (Generative Pre-trained
Transformer), Llama (Large Language Model Meta AI), and
OPT (Open Pre-trained Transformer).

Table S2 of Appendix S1 shows an example from each
approach. Here, we use Meta’s Llama 3 instruction-tuned model
with eight billion parameters. This model takes two types of
inputs: system-level inputs (System), which define the type of
task to be performed, and user-level inputs (User), which define
a specific task to be performed. The first example in the table
shows how the model generates a new candidate biography
with military background from scratch, whereas the second
shows how the model reproduces a given biography. The former
suggests that an LLM can create realistic treatments, while the
latter indicates that it can follow the instruction accurately.

We emphasize that the use of LLM in itself does not auto-
matically solve the confounding bias. This is because the LLM
learns the associations of words in real-world texts, and even if
one manipulates the concepts with instructions, other correlated
concepts might also be influenced, causing the confounding bias
(Hu and Li 2021).

3. The Proposed Methodology

We turn to the proposed GPI methodology that adjusts for
confounding features in unstructured treatment objects such
as texts to estimate the causal effects of the specific treatment
feature. We begin by defining the causal quantity of interest,
establish its nonparametric identification, and then develop an
estimation strategy.

3.1. Assumptions and Causal Quantity of Interest

Consider a simple random sample of N respondents drawn from
a population of interest. For each respondent i = 1, 2, . . . , N,
we assign a prompt Pi that is randomly and independently sam-
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pled from a set of potential prompts P . In our application, the
prompts are based on natural language (e.g., “Create a biography
of an American politician who has some military experience”).
Given each prompt, we use a deep generative model to generate
a treatment object such as text, denoted by Xi ∈ X where X is
the support of Xi.

We use a broad definition of a deep generative model to
encompass LLMs and other foundation models. Indeed, our
definition includes many models for texts (e.g., Zhang et al. 2022;
Touvron et al. 2023; Jiang et al. 2023a) and images (e.g., Ramesh
et al. 2021; Rombach et al. 2022).

Definition 1 (Deep Generative Model). A deep generative model
is the following probabilistic model that takes prompt Pi as an
input and generates the treatment object Xi as an output:

P(Xi | hγ (Ri))

P(Ri | Pi)

where Ri ∈ R ⊂ RdR denotes an observable internal representa-
tion of Xi contained in the model and hγ (Ri) is a deterministic
function parameterized by γ that completely characterizes the
conditional distribution of Xi given Ri.

Under this definition, R represents a lower-dimensional rep-
resentation of the treatment object X and is a hidden represen-
tation of neural networks. In addition, hγ (R) is the propensity
function (Imai and van Dyk 2004) and is both known and
observable in an open-source deep generative model. Thus, the
treatment object X depends on P only through hγ (R). Note that
any given text Xi can have multiple internal representations. For
example, one can first instruct an LLM to generate a new text
and then ask it to repeat the generated text exactly. These two
prompts will produce the same text but yield different internal
representations. In Section 4.3, our simulation study shows that
the internal representation of regenerated text leads to more
efficient causal estimates.

In the proposed experiment, each respondent i is exposed to
the generated treatment object Xi, and subsequently generates
the outcome variable Yi ∈ Y ⊂ R where Y is its support. In
our application, the treatment object is a candidate biography
and the outcome is a respondent’s evaluation of the biography.
Let Yi(x) denote the potential outcome of respondent i when
exposed to a treatment object x ∈ X . Then, the observed
outcome is solely determined by the assigned treatment object,
that is, Yi = Yi(Xi). This experimental design implies the
following two assumptions.

Assumption 1 (Consistency). The potential outcome under the
treatment object x ∈ X , denoted by Yi(x), equals the observed
outcome Yi under the realized treatment object Xi:

Yi = Yi(Xi).

Assumption 2 (Random Assignment of Prompt). Prompt is ran-
domly assigned such that the following independence holds for
all i and x ∈ X :

Yi(x) ⊥⊥ Pi.

We estimate the causal effect of a particular feature that can be
part of a treatment object. For simplicity, we consider a binary
treatment feature denoted by Ti for each i. In our application,
Ti = 1 if candidate biography i contains military background
and Ti = 0 otherwise. We assume that the treatment feature is
determined solely by the treatment object (Egami et al. 2022).

Assumption 3 (Treatment Feature). There exists a deterministic
function gT : X → {0, 1} that maps a treatment object Xi to a
binary treatment feature of interest Ti, that is,

Ti = gT(Xi).

This assumption is violated, for example, if respondents infer
different values of the treatment feature from the same treatment
object. We address this issue in Appendix S3 by considering per-
ceived treatment, which reflects heterogeneity between respon-
dents.

Next, we define confounding features, which represent all
features of X other than the treatment feature T that influence
the outcome Y . These confounding features, denoted by U ∈
U , are based on a vector-valued deterministic function of X
where U denotes their support. The confounding features may
be multidimensional, though we assume that its dimensional-
ity is much smaller than that of the treatment object. In our
application, confounding features may include other candidate
characteristics and textual features of biographies, such as their
length. These confounding features are possibly correlated with
the treatment feature. Unlike the treatment feature, however, we
do not directly observe the confounding features. Formally, the
confounding features are defined as follows (Pryzant et al. 2021;
Fong and Grimmer 2023).

Assumption 4 (Confounding Features). There exists an unknown
vector-valued deterministic function gU : X → U that maps an
unstructured object Xi ∈ X to the confounding features U i ∈ U ,
that is,

U i = gU(Xi),

where dim(U i) � dim(Xi).

Finally, we introduce our key assumption that the potential
outcome is a function of treatment and confounding features
and that we can intervene the treatment feature without chang-
ing the confounding features. In other words, the treatment
feature cannot be represented as a deterministic function of the
confounding features. In addition, confounding features should
not vary as a deterministic function of treatment feature in order
to avoid “posttreatment” bias (Daoud, Jerzak, and Johansson
2022). In the candidate biography application, the assumption
essentially implies that researchers need to be able to imagine
hypothetical candidate biographies with and without military
background while keeping the confounding features constant.
We formalize this assumption as follows.

Assumption 5 (Separability of Treatment and Confounding Fea-
tures). The potential outcome is a function of the treatment
feature of interest t and another separate function of the con-
founding features u. That is, for any given x ∈ X and all i, we
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have:

Yi(x) = Yi(t, u) = Yi(gT(x), gU(x)),

where t = gT(x) ∈ {0, 1} and u = gU(x) ∈ U . In addition,
gT and gU are separable. That is, there exists no deterministic
function g̃T : U → {0, 1}, which satisfies gT(x) = g̃T(gU(x)) for
some x ∈ X . Similarly, there exist no deterministic functions
g ′ : X → X ′ and g̃U : {0, 1} × X ′ → U , which satisfy gU(x) =
g̃U(gT(x), g ′(x)) for all x ∈ X and g̃U(1, g ′(x′)) �= g̃U(0, g ′(x′))
for some x′ ∈ X .

The first requirement of separability (i.e., no existence of g̃T)
implies that the treatment should not be a deterministic function
of confounding features, whereas the second requirement (i.e.,
no existence of g ′ and g̃U ) means that the confounding features
cannot vary as a deterministic function of treatment. Thus, the
separability assumption holds when the treatment feature does
not completely overlap with the other features that influence
the outcome (i.e., confounding features). In Appendix S2, we
provides two simple examples: one, in which the separability
assumption holds, and the other one, where it is violated.

As shown in Section 3.2, Assumption 5 plays an essential
role in the identification of causal effects. Importantly, Assump-
tions 3–5 imply the standard overlap condition in causal infer-
ence, which enables to identify causal effects without extrapola-
tion. In practice, as demonstrated in Section 4.3, the violation of
Assumption 5 can be diagnosed by examining if the estimated
propensity scores take extreme values. The following lemma
formally establishes that the separability assumption implies the
overlap condition.

Lemma 1 (Overlap). Under Assumptions 3–5, for any t ∈ {0, 1}
and u ∈ U ,

P(Ti = t | U i = u) > 0.

The proof is given in Appendix S4.1.
Under this setup, we estimate the average causal effect of the

treatment feature while controlling for the confounding features.
This average treatment effect (ATE) is defined as follows:

τ := E[Yi(1, U i) − Yi(0, U i)]. (1)

3.2. Nonparametric Identification

Figure 1 presents a directed acyclic graph (DAG) that summa-
rizes the data generating process described above. In the DAG,
an arrow with double lines represents a deterministic causal
relationship, while an arrow with a single line indicates a possibly
stochastic causal relationship. We consider a deep generative
model whose decoding is deterministic, meaning that the output
object is a deterministic function of the input prompt. Formally,
we make the following assumption.

Assumption 6 (Deterministic Decoding). The output layer of a
deep generative model is deterministic. That is, P(Xi | hγ (Ri))
in Definition 1 is a degenerate distribution.

If P(Xi | hγ (Ri)) is stochastic, the noise introduced by
the deep generative model can confound the treatment in an

Figure 1. Directed acyclic graph of the assumed data generating process. A treat-
ment object X is generated using a deep generative model (rectangle), in which
a prompt P produces an internal representation R that generates X through a
propensity function hγ (R). The treatment object affects the outcome Y through its
treatment feature of interest T and other confounding features U . An arrow with red
double lines represents a deterministic causal relation while an arrow with a single
line indicates a possibly stochastic relationship.

unknown way. Fortunately, almost all LLMs have the option
of deterministic decoding (e.g., greedy, beam, and contrastive
searches), thereby easily satisfying the assumption (e.g., Su et al.
2022). For example, for greedy decoding, we typically only need
to set the temperature parameter to zero, instructing a model
to always produce the same texts. Indeed, many LLMs also
have deterministic encoding architectures, making the entire
text generation process deterministic. Similarly, for images, we
can make the final decoding step deterministic for stochastic
diffusion models, including Stable Diffusion (Rombach et al.
2022).

Given this setup, we establish the nonparametric identifica-
tion of the marginal distribution of potential outcome. We prove
the existence of a deconfounder function f (Ri) that satisfies the
conditional independence relation Yi⊥⊥Ri | Ti, f (Ri). One triv-
ial example of the deconfounder is the confounding features U i,
which are a deterministic function of Ri under Assumption 6.
But, the deconfounder need not be unique. In fact, we show that
it is possible to identify the marginal distribution of potential
outcome by adjusting for any deconfounder.

Theorem 1 (Nonparametric Identification of the Marginal Distri-
bution of Potential Outcome). Under Assumptions 1–6, there
exists a deconfounder function f : R → Q ⊂ RdQ with
dQ = dim(Q) ≤ dR = dim(R) that satisfies the following
conditional independence relation:

Yi⊥⊥Ri | Ti = t, f (Ri) = q, (2)

where 0 < P(Ti = t | f (Ri) = q) < 1 for all t = 0, 1 and q ∈ Q.
In addition, the treatment feature and a deconfounder are sep-
arable. By adjusting for such a deconfounder, we can uniquely
and nonparametrically identify the marginal distribution of the
potential outcome under the treatment condition Ti = t for
t ∈ {0, 1} as:

P(Yi(t, U i) = y) =
∫
R
P(Yi = y | Ti = t, f (Ri))dF(Ri),

for all t ∈ {0, 1} and y ∈ Y .

The proof is given in Appendix S4.2. The definition of separabil-
ity is given in Assumption 5 for the treatment and confounding
features given the treatment object. In Theorem 1, we apply the
same definition to the treatment feature and a deconfounder
given the internal representation. Specifically, let fT : R →
{0, 1} be the function that maps the internal representation to the
treatment feature. Such a function exists because the treatment
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feature is a deterministic function of treatment object, which is
in turn a deterministic function of the internal representation by
Assumption 6. Then, we assume that fT and f are separable. That
is, there exists no deterministic function f̃T : Q → {0, 1}, which
satisfies fT(r) = f̃T(f (r)) for all r ∈ R. Similarly, there exist no
deterministic functions f ′ : Q → Q′ and f̃ : {0, 1} × Q′ →
Q, which satisfy f (r) = f̃ (fT(r), f ′(r)) for all r ∈ R and
f̃ (1, f ′(r′)) �= f̃ (0, f ′(r′)) for some r′ ∈ R. The identification
of the ATE defined in (1) can be established in the same way,
except that the deconfounder assumption is relaxed to the mean
independence condition

E[Yi | Ti = t, f (Ri)] = E[Yi | Ti = t, Ri], (3)

which we will use for estimation in the next section.
We emphasize that one cannot directly adjust for the internal

representation of the treatment object. Such direct adjustment
leads to the lack of overlap because, under Assumptions 3 and 6,
the treatment feature Ti is a deterministic function of Ri. In addi-
tion, since the deconfounder f (Ri) is typically of much lower
dimension than the internal representation of the treatment
object Ri, making adjustments for the former leads to a more
effective estimation strategy.

3.3. Estimation and Inference

Given the identification result, we next consider estimation and
inference. Our estimation strategy is based on the following two
observations. First, Assumption 5 implies that the deconfounder
f (Ri) should not be a function of the treatment feature Ti.
Second, the deconfounder should satisfy the conditional mean
independence relation given in (3). For simplicity, we assume
independence across observations. Technically, if a deep gener-
ative model has a stochastic component, we can only assume
the conditional mean independence of observations given the
internal representation. However, as discussed earlier, many
language models have the option of making the whole text
generation process deterministic, guaranteeing this conditional
mean independence.

We use a neural network architecture based on TarNet (Shalit,
Johansson, and Sontag 2017) to estimate the conditional poten-
tial outcome function given the deconfounder, that is,

μt(f (Ri)) := E[Yi(t, U i) | f (Ri)], for t = 0, 1.

Our architecture, which is summarized in Figure 2, simulta-
neously estimates the deconfounder and the outcome model.

Specifically, we minimize the following loss function:

{λ̂, θ̂0, θ̂1} = arg min
λ,θ0,θ1

1
n

n∑
i=1

{
Yi − μTi(f (Ri; λ); θTi)

}2 , (4)

where n is the sample size. We make the parameters of neural
network explicit by letting λ represent the parameters of decon-
founder f to be estimated, and using θ t to denote the parameters
of the nuisance function μt .

Given the above architecture, we estimate the ATE using the
double machine learning (DML) framework of Chernozhukov
et al. (2018), in which both the outcome and the propensity
score models are estimated. Here, we estimate the propensity
score model as a function of the estimated deconfounder, that is,
π(f (Ri; λ̂)) = Pr(Ti = 1 | f (Ri; λ̂)) after solving the minimiza-
tion problem in (4). Crutially, we do not model the propensity
score as a function of internal representation Ri to avoid vio-
lating the assumption of overlap. Thus, the deconfounder only
captures the features of treatment object that are predictive of
the outcome beyond the treatment, including the features that
are completely unrelated to the treatment. The deconfounder,
however, will not capture the features of treatment object that
affect the outcome only through the treatment feature. So long
as such features exist (Assumption 5), the overlap assumption
will hold (Lemma 1).

In the representation learning literature, DragonNet (Shi,
Blei, and Veitch 2019) is a popular estimation method used by
many researchers (see e.g., Veitch, Sridhar, and Blei 2020; Gui
and Veitch 2023, as well as Pryzant et al. 2021 who also use it in
their implementation code). Unlike our approach, DragonNet
includes the cross-entropy loss between the propensity score
model and the treatment variable when estimating the decon-
founder f (Ri). However, this joint estimation leads toP(Ti = 1 |
f (Ri)) = P(Ti = 1 | Ri) due to the fact that f (Ri) is a balancing
score satisfying Ti⊥⊥Ri | f (Ri). This is problematic because
P(Ti = 1 | Ri) is degenerate under Assumptions 3 and 6. Thus,
we first estimate the deconfounder using (4) and then model the
propensity score given the estimated deconfounder.

In sum, the entire estimation procedure can be described as
follows. Denote the observed data by D := {Di}N

i=1 where Di :=
{Yi, Ti, Ri}. We use the following K-fold cross-fitting procedure,
assuming that N is divisible by K.

1. Randomly partition the data into K folds of equal size where
the size of each fold is n = N/K. The observation index is
denoted by I(i) ∈ {1, . . . , K} where I(i) = k implies that the
ith observation belongs to the kth fold.

Figure 2. Diagram illustrating the proposed model architecture. The proposed model takes an internal representation of a treatment object Ri as an input, and finds a
deconfounder f (Ri), which is a lower-dimensional representation of Ri , and then use it to predict the conditional expectation of the outcome μt(f (Ri)) := E[Yi | Ti =
t, f (Ri)] under each treatment arm t = 0, 1.
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2. For each fold k ∈ {1, . . . , K}, use observations with I(i) �= k
as training data:

(a) split the training data into two folds, I(−k)
1 and I(−k)

2
(b) simultaneously obtain an estimated deconfounder and

an estimated conditional outcome function on the
first fold, which are denoted by f̂

(−k)
({Ri}i∈I(−k)

1
) :=

f ({Ri}i∈I(−k)
1

; λ̂(−k)
) and μ̂

(−k)
t ({Ri}i∈I(−k)

1
) := μt

(f ({Ri}i∈I(−k)
1

; λ̂(−k)
); θ̂

(−k)
), respectively, by solving the

optimization problem given in (4), and
(c) obtain an estimated propensity score given the estimated

deconfounder on the second fold, which is denoted by
π̂ (−k)(f̂

(−k)
({Ri}i∈I(−k)

2
)) := π̂ (−k)(f ({Ri}i∈I(−k)

2
; λ̂(−k)

)).

3. Compute the GPI estimator τ̂ as a solution to:

1
nK

K∑
k=1

∑
i:I(i)=k

ψ(Di; τ̂ , f̂
(−k)

, μ(−k)
1 , μ(−k)

0 , π̂ (−k)) = 0,

(5)
where

ψ(Di; τ , f , μ1, μ0, π)

= Ti{Yi − μ1(f (Ri))}
π(f (Ri))

− (1 − Ti){Yi − μ0(f (Ri))}
1 − π(f (Ri))

+ μ1(f (Ri)) − μ0(f (Ri)) − τ .
(6)

To derive the asymptotic properties of the proposed GPI
estimator, we assume the following regularity conditions.

Assumption 7 (Regularity Conditions). Let c1, c2, and q > 2 be
positive constants and δN be a sequence of positive constants
approaching zero as the sample size N increases. Then, the
following conditions hold.

(a) (Primitive conditions)

E[|Yi|q]1/q ≤ c1, sup
r∈R

E[|Yi − μTi(f (r))|2 | Ri = r] ≤ c1,

E[|Yi − μTi(f (Ri))|2]1/2 ≥ c2.

(b) (Outcome model estimation)

E[|μ̂Ti(f̂ (Ri)) − μTi(f (Ri))|q]1/q ≤ c1,

E[|μ̂Ti(f̂ (Ri)) − μTi(f (Ri))|2]1/2 ≤ δNN−1/4.

(c) (Deconfounder estimation)

E

[∥∥∥f̂ (Ri) − f (Ri)
∥∥∥q]1/q ≤ c1,

E

[∥∥∥f̂ (Ri) − f (Ri)
∥∥∥2

]1/2
≤ δNN−1/4

(d) (Propensity score estimation) π(·) is Lipschitz continuous
at the every point of its support, and satisfies:

E[|π̂(f (Ri)) − π(f (Ri))|q]1/q ≤ c1,
E[|π̂(f (Ri)) − π(f (Ri))|2]1/2 ≤ δNN−1/4.

Like the standard application of DML, the required rate for
nonparametric estimation of nuisance models is slower than
the usual parametric estimation rate of n−1/2. Recall that we
use neural networks for the joint estimation of outcome model
and deconfounder. The required convergence rate of n−1/4 is
achievable with the standard neural network architecture (Far-
rell, Liang, and Misra 2021). The propensity score function can
be estimated using various nonparametric methods, including
the feedforward neural networks with regularization to ensure
Lipschitz continuity (Gouk et al. 2021) and the kernel-based
methods with nonexpansive kernels (van Waarde and Sepulchre
2022).

Given the above assumptions, the asymptotic normality of
the proposed GPI estimator follows immediately from the DML
theory.

Theorem 2 (Asymptotic Normality of the GPI Estimator). Under
Assumptions 1–7, the estimator τ̂ obtained from the influence
function ψ satisfies asymptotic normality:

√
N(τ̂ − τ)

σ

d−→ N (0, 1)

where σ 2 = E[ψ(Di; τ , f , μ1, μ0, π)2].
The proof is given in Appendix S4.3. In addition, we can

consistently estimate the asymptotic variance using the plugin
estimator based on (6).

3.4. Practical Implementation Details

We discuss some important practical implementation details.
First, to satisfy Assumption 6, researchers must choose a deep
generative model that has the option of deterministic decod-
ing. Aside from appropriately setting a hyper-parameter, the
assumption also implies that we should not use batches with
LLMs, which may induce unknown correlations across obser-
vations. The use of LLMs that have memory should also be
avoided.

In addition, the effective implementation of the proposed
estimation method requires a careful choice of dimension reduc-
tion strategy for the internal representation, as well as hyperpa-
rameter tuning for TarNet. First, the internal representation Ri,
which typically corresponds to the last hidden states of a deep
generative model, is of high dimension. Specifically, it is a matrix
of size equal to the length of texts × the size of representation
for each token, which is equal to 768 for BERT-base, 1024 for
BERT-large and T5-3B, and 4096 for Llama3-8B. In theory,
we can directly incorporate this matrix in TarNet. In practice,
however, given the limited computational resources available to
researchers, it is advisable to apply a pooling operation to reduce
the dimensionality.

The choice of pooling strategy depends on the architecture of
a deep generative model. For example, in BERT, the first special
classification token [CLS] contains all semantic information
(Devlin et al. 2019). Thus, we could use the hidden states that
correspond to this [CLS] token alone. In Bidirectional and Auto-
Regressive Transformers (BART), the special token is added at
the end, so researchers can extract the hidden states of the last
token (Lewis et al. 2020). In contrast, encoder-decoder models
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like T5 (Text-to-Text Transfer Transformer, Raffel et al. 2023) do
not have such special tokens, and mean pooling is often applied
(e.g., Ni et al. 2021).

For decoder-only models, such as Llama, the autoregressive
structure forces all tokens to pay attention only to the past
tokens. Hence, we can use the hidden states of the last token.
This pooling strategy is frequently used as an approximation of
the input text representation in the literature (e.g.,Neelakantan
et al. 2022; Jiang et al. 2023b; Ma et al. 2024). We show the
validity of this approximation in a simulation study (Section 4).
Our experience shows that this approximation generally works
well. If the confounding features are deemed too complex to
be adequately captured by the last token alone, researchers may
consider a sensitivity analysis (Lin, Morency, and Ben-Michael
2024).

Second, for TarNet, we must carefully choose hyperparam-
eters such as the size and depth of layers, learning rate, and
maximum epoch size. Together, they determine the success of
optimization and the quality of the deconfounder estimate. The
dimension of the deconfounder should be sufficiently large to
capture the confounding information, but not too large to violate
the overlap assumption. The learning rate and the epoch size
are also crucial, as the performance is highly dependent on the
success of the optimization process.

A practical strategy is to try different hyperparameter values
and select the one that minimizes the loss. If the loss does not
decrease within the first few epochs, the optimization has likely
failed, and researchers should try different hyperparameter val-
ues. The process can be automated with advanced hyperpa-
rameter optimization methods, such as Optuna (Akiba et al.
2019), that search the optimal hyperparameters efficiently by
dynamically constructing the search space.

3.5. Diagnostic Tools

The key assumption of the GPI methodology is the separabil-
ity between the treatment and confounding features (Assump-
tion 5). This assumption concerns the functional relationship
between the treatment and confounding features: (i) the treat-
ment feature Ti is not a deterministic function of U i, and (ii)
the confounding feature U i is not a function of Ti. As we
show in Lemma 1, condition (i) implies the overlap assumption.
Condition (ii) implies that the confounding feature U i is disen-
tangled from the treatment feature Ti, so that P

(
U i | do(Ti =

t)
) = P

(
U i

)
for all t ∈ T . Wang and Jordan (2024) show

that disentanglement implies the independence of support, that
is, supp(Ti) × supp(U i) = supp(Ti, U i), which is a necessary
condition for positivity. Therefore, checking positivity is crucial
for diagnosing the potential violation of separability assumption.

We propose two ways to diagnose the positivity assumption.
The first way is to plot the distribution of the estimated propen-

sity scores π̂(f̂ (Ri)) = ̂
P(Ti = 1 | f̂ (Ri)) and assess whether

they are bounded away from 0 and 1. If some estimated scores
are too close to 0 or 1, one may trim them (Crump et al. 2009),
clip them (Dorn 2025), or use overlap weights (Li, Thomas, and
Li 2019).

Another way to diagnose the potential violation of positivity
is to compute the independence-of-support score (IOSS) pro-

posed by Wang and Jordan (2024). We use IOSS to measure
the dependence of support between the deconfounder and the
treatment variable. After standardization, IOSS lies in [0, 1] and
can be interpreted as the fraction of the standardized range by
which the support of the two variables would need to be shifted
in order to achieve perfect overlap.

The separability assumption also requires that the treatment
feature can be manipulated independently of the confounding
features. This implication is challenging to verify statistically.
One practical approach is to instruct either an LLM or human
to alter only the treatment feature while keeping the remaining
aspects of the original text unchanged. The GPI methodology
can then be applied to estimate treatment effects. If the manip-
ulation is successful, the resulting treatment effect estimates
should closely match those based on the original data. A limi-
tation of this approach is that one needs to collect outcome data
for the altered texts. Nevertheless, this provides a direct test of a
core component of the separability assumption.

4. Simulation Studies

We conduct simulation studies to evaluate the empirical
performance of the GPI estimator and compare it to existing
estimators.

4.1. Simulation Setup

We use the candidate profile experiment introduced in Section 2
to make the simulation setup realistic. We first generate candi-
date biographies using an open source LLM, Llama3–8B, that
is fine-tuned for instruction-based prompt generations with 8
billion parameters. We ask the model to create a biography of
politicians under a hypothetical name using the system and user
level prompts shown in Table S2 of Appendix S1. We create
hypothetical names by randomly drawing a surname and a
first/middle name with replacement from the original corpus of
Fong and Grimmer (2016). The total number of biographies in
our sample is 4,000.

We also examine the performance of the GPI methodology
with the text reuse approach. To do this, we instruct the same
Llama3 model to exactly repeat each generated biography. This
allows us to compare our two approaches using the same set of
texts.

After generating candidate biographies, we label them based
on treatment and confounding features of interest. We consider
two scenarios: the first is designed to adhere to the separability
assumption (Assumption 5), which is our key assumption, while
the second is likely to violate it. For the first scenario, we use
the candidate’s military background as the treatment variable. A
biography is assigned to the treatment group if it contains at least
one of the following keywords: “military,” “veteran,” or “army.”

For confounding features, we first consider a combined topic
of politics and education, denoted as h1(Xi) where h1 is a com-
plex function of the treatment object. We employ a widely-
used embedding-based topic model, BERTopic (Grootendorst
2022), and then assign h1(Xi) = 1 if a generated biogra-
phy is classified to a topic whose representative words include
“politics,” “student,” “college,” “elected,” “university,” “political,”
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“advocate,” and “education”. As the second confounding fea-
ture, denoted by h2(Xi), we use the sentiment analysis module
available in the Python TextBlob package, which yields a
continuous sentiment score ranging from −1 to 1. Since the
treatment feature is based on a set of specific keywords that are
quite different from the confounding features, the separability
assumption is likely to be satisfied under this scenario.

For the second scenario, we use two overlapping topics to
define the treatment and confounding features so that the sepa-
rability assumption is likely to be violated. We again use topics
obtained from BERTopic, and assign Ti = 1 if a generated
biography is classified to a topic whose representative words
include “college,” “political,” “elected,” “politics,” “student,” “sen-
ator,” “education,” and “legislative”. For the confounding con-
cept, we set h1(Xi) = 1 if a biography is assigned to a topic
whose representative words include “college,” “political,” “sena-
tor,” “politics,” “elected,” “student,” and “career”. Thus, although
the treatment and confounding concepts are coded based on two
different topics, they share many representative words, making
it likely for the separability assumption to be violated.

Finally, we use the following linear model to generate the
outcome variable,

Yi = α1Ti + α2Tih1(Xi) − α3h1(Xi) − α4h2(Xi) + εi,

where εi is the standard normal random variable. Although
the model may appear to be a relatively simple function of the
treatment and confounding features, these variables themselves
are complex functions of text. Thus, in this simulation setting,
inferring the ATE is not straightforward because it requires
learning an accurate representation of confounding features.

To evaluate the performance of each estimator, we assume
that researchers do not have access to the confounding features,
h1(Xi) and h2(Xi). We wish to infer the ATE, which is given
by τ = α1 + α2E[h1(Xi)] where we set α1 = α2 = 10
throughout the simulations. We consider the three scenarios: (a)
weak confounding α3 = α4 = 50, (b) moderate confounding
α3 = α4 = 100, (c) strong confounding α3 = α4 = 1000. Given
the computational cost, our evaluation is conditional on a single
set of generated biographies and its associated treatment and
confounding variables. Therefore, E[h1(Xi)] is set to its sample
mean, and the randomness comes only from the error term of
the outcome model εi.

4.2. Estimators to be Compared

Once Llama3 generates all biographies, we extract an internal
representation of each biography from the last hidden layer
whose dimension is 4096 × the number of tokens contained in
the biography. For text reuse, we ask the LLM to repeat each
generated text. To compute the GPI estimator, we follow the
discussion presented in Section 3.4 and use the representation
of the last token, yielding a 4096 dimensional vector of internal
representation for each candidate biography.

Our neural network architecture uses one linear layer for the
deconfounder f (Ri) whose output dimension is 2048. Similarly,
we utilize two consecutive linear layers for the potential outcome
models whose output dimensions are 500 and 1. We apply ReLU
as an activation function between each layer, and also use a
dropout rate of 0.15 to prevent overfitting. We select the neural

network architecture, including dropout rates, layer depth, and
dimension of each layer, based on additional hyperparameter
tuning under the weak confounding setting. While we do not
conduct hyperparameter tuning for each setting separately, we
find that minor changes in these hyperparameters do not signif-
icantly affect the value of the loss function.

We use 40% of our data as a training set, 10% as a validation
set, and the remaining 50% is used to estimate downstream
causal effects. For optimization, we set the batch size to 32 and
train the model for 500 epochs, and use early stopping to prevent
overfitting. Specifically, we stop training if the estimated loss
does not improve for more than 15 epochs. Since the perfor-
mance of the methodology can depend on the choice of hyperpa-
rameters, especially learning rates, we select learning rates using
an automated hyperparameter tuning package Optuna. We do
not include the size of the deconfounder as a hyperparameter
to be tuned because tuning it for the BERT-based methods is
computationally too expensive. We also do not observe any
substantial difference in performance when varying the dimen-
sions of the deconfounder for the GPI methodology. Once the
outcome model is fitted, we estimate the propensity score using a
random forest classifier with the estimated deconfounder, using
the scikit-learn library.

We evaluate the performance of the GPI estimator in com-
parison to the following three estimators. First, as a baseline, we
use the difference-in-means estimator, which makes no adjust-
ment for confounding. Second, we implement the two existing
approaches that estimate the vectorized representation of texts
using the BERT embedding b(·); Pryzant et al. (2021) estimates
nuisance functions with TarNet and calculates the causal effect
using outcome models, while Gui and Veitch (2023) uses the
same outcome models as Pryzant et al. (2021) but applies DML
with the estimated propensity score. Importantly, both of these
approaches are based on the following loss function,

λ

n

n∑
i=1

{
Yi − QTi(b(Xi))

}2

− α

n

n∑
i=1

{
Ti log g(b(Xi)) + (1 − Ti) log[1 − g(b(Xi))]

}

+ 1
n

n∑
i=1

B(bfull(Xi)) (7)

where Qt(·) is the outcome model under Ti = t, g(·) is the
treatment prediction, B(·) is the original BERT masked lan-
guage loss for estimating vector representations of texts from
the embedding b(·), and α, λ ∈ R are the hyperparameters
(Veitch, Sridhar, and Blei 2020). Only the vector representation
of the first token b(·) is used for prediction of outcome and
treatment because it is the special token called the [CLS] token
that contains the semantic information. On the other hand, for
the masked language loss, the entire embedding bfull(·) is used.
The loss function given in (7) differs from our loss function (4)
in that in addition to the outcome model, it optimizes the repre-
sentation learning from texts and the prediction of treatment.

After estimating nuisance functions, Gui and Veitch (2023)
proposes to estimate the propensity score model by treating
Q1(b(Xi)) and Q0(b(Xi)) as covariates, that is, Pr(Ti = 1 |
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Xi) = g(Q1(b(Xi)), Q0(b(Xi))). For propensity score estima-
tion, we use a Gaussian Process, as recommended by Gui and
Veitch (2023). We truncate the extreme values of the estimated
propensity scores at 0.01 and 0.99 for DML with BERT, although
such a truncation is not necessary for the GPI methodology.
For DML with BERT, this truncation occurs even when the
separability assumption is satisfied (5% of time for weak and
moderate confounding, and 45% for strong confounding). With-
out truncation, the bias and RMSE are not computable for these
methods. Finally, we follow the default hyperparameter used in
the authors’ original code and set α = λ = 1 while tuning the
other hyperparameters regarding the learning rate in the same
way as done for the GPI estimator.

4.3. Simulation Results

Figure 3 graphically displays the results of our simulation stud-
ies while Appendix S5 reports the corresponding numerical
results. The results are based on 200 Monte Carlo trials. We
choose this relatively small number of trials because, unlike the
GPI estimator, the BERT-based estimators are computationally
intensive. Appendix S5 also presents the simulation results based
on 1000 Monte Carlo trials for the proposed estimator alone. As
expected, the results are qualitatively similar to those presented
in this section.

We find that when the separability assumption holds (top
row), the GPI estimators (red line for new texts and dark yellow
for text reuse) exhibit a smaller bias and RMSE compared to
all other estimators, with the 95% confidence interval coverage
closely matching the nominal rate. The performance differ-
ences are particularly striking in the strong confounding set-
ting, where DML with BERT (purple) performs poorly, unlike
the weak and moderate confounding scenarios. Additionally,
outcome model with BERT (blue) has severe undercoverage
across all simulation scenarios, whereas the confidence interval
of DML with BERT breaks down only under the strong con-
founding scenario. Lastly, the GPI estimators are more than ten

times as computationally efficient as BERT-based estimators,
when measured in terms of the average runtime.

In contrast, when the separability assumption is violated
(bottom row), all estimators, including ours, perform poorly.
In this setting, both bias and RMSE grow as the strength of
confounding increases. As a result, the coverage of confidence
intervals no longer approximates the nominal coverage rate even
for the GPI estimator.

We further examine the difference in performance between
the GPI estimator and the DML with BERT. Figure 4 shows the
distribution of the estimated propensity scores without trun-
cation (recall that truncation is not needed for the proposed
methodology). For the GPI methodology, when the separability
assumption is met (top panel), the distribution of estimated
propensity scores is relatively symmetric regardless of the con-
founding strength and is similar between the treatment and con-
trol groups. Indeed, most observations have estimated propen-
sity scores far from zero. This explains why the GPI estimator
performs well in this scenario.

On the other hand, when the separability assumption is vio-
lated (bottom left and middle panels), the estimated propensity
scores for the control group are heavily skewed to the right and
close to zero, indicating that the overlap assumption is violated.
This implies that the estimated propensity scores can help diag-
nose the potential violation of the separability assumption for
our proposed method, which leads to complete entanglement
between treatment and confounding features and causes the
deconfounder to perfectly predict the treatment assignment.
In contrast, DML with BERT yields a wide range of estimated
propensity scores under the strong confounding settings (top
right panel), in which the estimator performs poorly. This pat-
tern is observed even when the separability assumption is vio-
lated (bottom right panel). The finding implies that, unlike
the proposed estimator, extreme values of estimated propensity
scores may not serve as a reliable diagnostic for DML with BERT.

Finally, we examine the performance of the GPI estimator
for new texts and text reuse as we vary the sample size from

Figure 3. Performance of five estimators under different confounding scenarios (weak, moderate, and strong) under separability (top row) and no separability (bottom
row). A red solid line represents the proposed GPI methodology for the new texts, while a dark yellow solid line represents that for the regenerated texts (text reuse). For
comparison, we also include outcome model with BERT (blue) and DML with BERT (purple). The black horizontal dotted line in the 95% Confidence Interval (CI) Coverage
panel represents the nominal coverage of 95%.
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Figure 4. Distribution of the estimated propensity scores for the treatment (red) and control (blue) groups. We present the results for the proposed GPI estimator (new texts
in the left panels, and text reuse in the middle panels), and DML with BERT (right) under the separability assumption (top) and no separability (bottom). Under each scenario,
we present the results based on three different strengths of confounding; weak, moderate, and strong. For the proposed GPI methodology, the estimated propensity scores
are distributed similarly across different confounding scenarios under the separability assumption. In contrast, for DML with BERT, the distribution is heavily skewed right
under the strong confounding scenario. When the separability assumption is violated, both methods have extremely small estimated propensity scores for the control
group.

Figure 5. Performance of the GPI estimator on the created texts (red) and the reused texts (blue) for different sample size based on 1000 Monte Carlo trials. The data
generating process is no interaction setting (α1 = 10, α2 = 0, α3 = α4 = 100). The black dotted line in the coverage panel represents the nominal coverage of 95%.

1000 to 4000 under the assumption of separability. For this
simulation, we use the moderate confounding setting without
the interaction term (α1 = 10, α2 = 0, α3 = α4 = 100)
so that the true ATE stays identical across sample sizes. We
conduct 1000 Monte Carlo trials as we focus only on the
GPI estimator, which is computationally efficient. Figure 5
presents bias, RMSE, and coverage for each sample size. As
expected, both bias and RMSE become smaller as the sample
size increases. We also find that the empirical coverage of the
95% confidence intervals remains close to the nominal coverage
even when the sample size is as small as 1000. Interestingly,
while bias is similar between new texts and text reuse, RMSE
(hence. variance) is substantially smaller for text reuse. In sum,
the proposed GPI methodology performs well in different
sample sizes, provided that the separability assumption is
satisfied.

5. Empirical Analysis

Finally, we apply the proposed GPI methodology to human
responses (rather than simulated data) from the candidate
profile experiment of Fong and Grimmer (2016) using pre-
defined treatment coding. In the original experiment, the
authors scraped 1246 biographies of congressional candidates
from Wikipedia, randomly assigned up to four biographies to
1886 survey participants, and asked respondents how they felt
about each candidate using the standard feeling thermometer
ranging from 0 to 100, where a higher value indicates a more
favorable evaluation. The total number of observations we
analyze is 5291 after dropping some observations with empty
texts.

While Fong and Grimmer (2016) use a topic model to dis-
cover treatments from the data, we use the pre-defined treatment
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Table 1. The estimated average treatment effect (ATE) for the candidate profile
experiment.

Methods ATE 95% Confidence IOSS Runtime
estimates Interval (sec.)

GPI (reuse) 4.852 [1.902, 8.580] 0.10 62.3
Outcome model with BERT −4.277 [−4.312, −4.241] 0.41 5914.0
DML with BERT 45.708 [33.730, 57.686] 5986.2

coding. As in simulation studies, we use a candidate’s military
background as the treatment variable by assigning a biography
to the treatment group if it contains at least one of the following
keywords: “military,” “veteran,” and “army.” According to this
coding rule, only seven percent of the biographies (362 out of
5291) are in the treatment group.

For causal effect estimation, we take the text reuse approach
by regenerating each biography using Llama3-8B. We then
apply the proposed GPI methodology following the procedure
described in Section 3 with two-fold cross fitting. For compari-
son, as in our simulation studies, we also apply the two existing
BERT-based methods—Pryzant et al. (2021) (Outcome model
with BERT) and Gui and Veitch (2023) (DML with BERT).

Table 1 presents the results. The analysis based on the pro-
posed GPI methodology implies that military experience has a
positive effect and is statistically significant. This echoes with the
finding of Fong and Grimmer (2016) that the topic correspond-
ing to military experience has a statistically significant positive
association with a higher feeling thermometer score. In contrast,
outcome model with BERT yields a negative and statistically
significant estimate, while DML with BERT produces a positive
estimate that is unreasonably large given the scale is between 0
and 100.

To diagnose the potential violation of positivity, we also
compute IOSS for both the GPI and BERT-based methods.
While GPI yields IOSS of 0.10, the BERT-based methods yield
a much larger IOSS of 0.41. This suggests that the separability
assumption is much more likely to be voilated for the BERT-
based methods than GPI. Indeed, for the BERT-based methods,
all 5291 observations have estimated propensity scores outside
of the range of [0.01, 0.99].

Lastly, as observed in our simulation studies, the runtime for
GPI is around 100 times shorter than that of the two BERT-based
estimators.

6. Concluding Remarks

In this article, we demonstrate that the use of GenAI can signifi-
cantly enhance the validity of causal inference with unstructured
treatments, such as texts and images. We leverage GenAI to both
efficiently produce a variety of treatments and precisely control
confounding bias. By using the true vector representation of
generated texts, we avoid estimating such representation as done
in the previous methods, leading to more efficient and robust
causal effect estimation.

We formalize the conditions required for nonparametric
identification, showing that the separability of treatment and
confounding features plays an essential role. We also develop an
estimation method based on a neural network architecture that
mitigates the risk of positivity violation, a common problem of

existing methods. Lastly, we extend the proposed GPI methods
to the settings of perceived treatments, using an instrumental
variables approach. Our simulation study shows that the GPI
estimator outperforms existing methods.

Although we have focused on texts as treatments, our GPI
approach can be extended to other types of unstructured data,
such as images and videos. For images, we expect the proposed
GPI methodology to be directly applicable so long as the dimen-
sionality of internal representation is relatively low. For videos,
both treatment and confounding features are likely to exhibit
complex relationships due to the combination of audio and
images with the additional temporal dimension. Thus, the GPI
methodology described here is not readily applicable. Future
work should consider how to leverage the internal representa-
tion of videos obtained from GenAI.

Supplementary Materials

Supplementary materials contain the details of assumptions, the extension
of our methodology to perceived treatments, additional simulation results,
and mathematical proofs.
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