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Motivation

Randomized controlled trials (RCTs) are often considered the gold stan-

dard in causal inference, but they can be small and expensive, leading to

estimates with high variance. Covariate adjustment, which models small

chance in imbalances in characteristics across groups, can help. Preci-

sion can also be improved by integrating RCT data with larger external

datasets. Large external datasets can be used to produce predicted out-

comes, which can be included in the model as an additional univariate

covariate.

What if we used a large language model (LLM) in place of an external

dataset?

Setup

Under the potential outcomes framework [4, 6] we have:

N observations, indexed from i = 1, ...N

Z , the vector of treatment assignments. Each observation is
randomly assigned to treatment (Zi = 1) or control (Zi = 0).
p, the probability of being assigned to treatment. We assume a
Bernoulli experiment.

yt
i and yc

i , the potential outcomes under treatment and control,

respectively. These represent the outcome value we would observe if

observation i was assigned treatment or control, respectively.

We want to estimate the average treatment effect.

Using External Data For Covariate Adjustment

We use the method outlined in Gagnon-Bartsch et. al, 2023 [2]. This

method is designed based and makes no assumptions about the quality

of the predictions. The method adapted to use LLM predictions, is:

(1) Obtain a vector of predictions ŷLLM
i from an LLM. These predictions

with be used as a covariate in the future, so let xLLM
i ≡ ŷLLM

i .

(2) Augment the vector of RCT covariates, xi with this additional

covariate. We call the resulting vector x̃i, where x̃i = [xi, xLLM
i ].

(3) Obtain imputations ŷt(x̃i) and ŷc(x̃i) for each observation i in the
RCT. Crucially, the imputations for observation i must be
independent of observation i’s treatment assignment. These could
be leave-one-out predictions froma linear mdoel, out-of-bag

predictions from a random forest, or something similar.

(4) Calculate

τ̂ = 1
N

N∑
i=1

Zi · Yi − m̂i

p
− 1

N

N∑
i=1

(1 − Zi) · Yi − m̂i

1 − p
(1)

where m̂i = pŷc(x̃i) + (1 − p)ŷt(x̃i). The estimated variance of τ̂ is:

V̂ar(τ̂ ) = 1
N
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p
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where Ê2
c = 1

nc

∑N
i=1(1 − Zi) ∗ [yc

i − ŷc
−i(x̃i)]2 estimates the mean

squared prediction error in the control group and Ê2
t is defined

analogously. Since the LLM prediction augments the data already

collected in the RCT, a ŷ(x̃i) obtained using x̃i may contain more

information than a version based on xi alone. If this prediction is

highly correlated with the RCT outcome, then significant gains in

precision can be made.

Case Studies

Case Study 1: Sentencing of Defendants and Recidivism [3]

Goal: Investigate effects of incarceration and probation on recidivism.

Treatment: Defendants are assigned randomly to judges.

Data: 1,003 defendants arrested in DC on drug related charges.

Dataset included demographic information, prior history, type of drug,

and type of charge.

Outcome: Recidivism, a binary variable capturing whether the defen-

dant was arrested again within 4 years.

Case Study 2: Cognitive Tutor Algebra [5]

Goal: Evaluate the efficacy of a new algebra curriculum.

Treatment: Schools are randomized to continue with their typical cur-

riculum (control) or switch (treatment)

Data: 19,053 middle and high school students. Dataset includes de-

mographic information plus a score on an algebra readiness exam ad-

ministered before the experiment.

Outcome: Score on algebra proficiency exam.

Case Study 3: Open Access Paper Citations [1]

Goal: Investigate imapact of open-access journal papers on paper cita-

tions

Treatment: Research articles are randomized to open-access upon pub-

lication (treatment) or available only to subscribers, subject to the jour-

nals typical policy (control)

Data: 1,248 papers from five journals with basic covariates such as

number of pages, number of authors, review article or not, and self-

archived or not. We also obtain abstracts from PubMed for every paper.

Outcome: Citation counts 3 years after publication.

OurMethod

Goal: Obtain an additional covariate from the LLM that is predictive of

the RCT outcome.

Step 1: Pair Observations

Most straightforward way is to ask the LLM to predict to each

observation’s outcome. Doesn’t work!

Instead, pair observations and ask the LLM to compare each pair and

predict which observation is more likely to exhibit a specific quality.

May use only a subset of all of the possible pairs for gains in precision

or computational time. Subsets can be chosen by stratifying on a

particular covariate.

Step 2: Question Formulation

All questions follow a similar format. We give all covariates for both

observations in each pair and ask the LLM to predict which one will

exhibit a specific quality.

This quality may be the outcome variable or another related quality.

We will use the selection frequency as an additional covariate.

Step 3: Modeling and Evaluation

Check significance of LLM generated covariate in a regression model

fit to the original RCT covariates plus the new covariate.

If significant, proceed with calculating the variance of the ATE using

the earlier equation.

Results

Case Study 1: Sentencing of Defendants and Recidivism

Observations are stratified into 10 total groups of approximately

equal size, based on out of bag predictions from a random forest on

the RCT covariates. We consider only pairs where both observations

come from the same stratum.

Extracted LLM covariate is not statistically significant.

LLM prioritizes prior history, but age is the most predictive covariate

here and is still weak overall.

Case Study 2: Cognitive Tutor Algebra

Observations are stratified into groups of size 10 based on out of bag

predictions again.

Extracted LLM covariate is statistically significant, which is

particularly impressive because this RCT already has many predictive

covariates.

This does not translate into a practical difference in the estimator.

The calculated standard errors are 0.009577 and 0.009571 for the

estimators with and without LLM predictions, respectively.

Case Study 3: Open Access Paper Citations

Observations are stratified by journal.

In addition to asking the LLM to predict which paper will get more

citations, we also ask it to predict which paper best exhibits each of

10 qualities.

We compare four models: one with just the base covariates, one with

base covariates plus the LLM citation based score, one with the base

covariates plus the 10 LLM based quality scores, and one with all of

these covariates.

Table 1. Estimator Standard Errors by Journal

Journal Base Citation 10 Qualities All

Science 0.1227 0.1122 0.1073 0.0977

Neurophysiology 0.1300 0.1102 0.1147 0.1080

Genetics 0.1110 0.1060 0.1019 0.0999

Applied Physiology 0.1707 0.1814 0.1720 0.1680

FASEB 0.1066 0.0978 0.0971 0.0912
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