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Abstract

Off-policy evaluation (OPE) estimates the value
of a contextual bandit policy prior to deploy-
ment. As such, OPE plays a critical role in
ensuring safety in high-stakes domains such
as healthcare. However, standard OPE ap-
proaches are limited by the size and coverage
of the behavior dataset. While previous work
has explored using expert-labeled counterfac-
tual annotations to enhance dataset coverage,
obtaining such annotations is expensive, limit-
ing the scalability of prior approaches. We pro-
pose leveraging large language models (LLMs)
to generate counterfactual annotations for OPE
in medical domains. Our method uses do-
main knowledge to guide LLMs in predicting
how key clinical features evolve under alternate
treatments. These predicted features can then
be transformed using known reward functions
to create counterfactual annotations. We first
evaluate the ability of several LLMs to pre-
dict clinical features across two patient sub-
sets in MIMIC-IV, finding that state-of-the-art
LLMs achieve comparable performance. Build-
ing on this capacity to predict clinical features,
we generate LLM-based counterfactual annota-
tions and incorporate them into an OPE esti-
mator. Our empirical results analyze the bene-
fits of counterfactual annotations under varying
degrees of shift between the behavior and tar-
get policies. We find that in most cases, the
LLM-based counterfactual annotations signifi-
cantly improve OPE estimates up to a point.
We provide an entropy-based metric to identify
when additional annotations cease to be use-
ful. Our results demonstrate that LLM-based

counterfactual annotations offer a scalable ap-
proach for addressing coverage limitations in
healthcare datasets, enabling safer deployment
of decision-making policies in clinical settings.
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1. Introduction

Off-policy evaluation (OPE) methods estimate the
value of a new (target) contextual bandit policy us-
ing a behavior dataset of samples collected under a
distinct behavior policy (Sutton and Barto, 2018).
OPE can be particularly useful in high-stakes do-
mains such as healthcare, where evaluating policies
by directly deploying them is either impossible or
unethical. Standard approaches to OPE include im-
portance sampling (Precup et al., 2000), the direct
method (Beygelzimer and Langford, 2009), and dou-
bly robust approaches (Dudik et al., 2014). How-
ever, the performance of OPE estimators is inher-
ently limited by the coverage of the behavior dataset.
When the target policy takes actions that are under-
observed in the behavior dataset, standard OPE
methods cannot reliably estimate the value of these
actions, leading to inaccurate policy value estimates.

To address this, recent work proposes augment-
ing the behavior dataset with counterfactual anno-
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tations (Tang and Wiens, 2023). A counterfactual
annotation is a prediction of the scalar reward re-
sulting from an action unobserved in the behavior
dataset. For example, if a patient received 20mEq of
potassium, a counterfactual annotation would pre-
dict the reward had the patient instead received
40mEq. Two strategies have been developed to in-
corporate such annotations into OPE: one augments
an importance sampling–based estimator (Tang and
Wiens, 2023), and the other augments a doubly ro-
bust estimator (Mandyam et al., 2024). Both demon-
strate that incorporating counterfactual annotations
can improve OPE estimates, but these approaches
rely on human experts (e.g., clinicians) to provide
the annotations, which is costly and difficult to scale.

To address this, we propose a pipeline (Figure 1) to
source counterfactual annotations for OPE in clinical
settings using large language models (LLMs). LLMs
have the ability to reason effectively about medical
domains, with the capacity to answer medical ques-
tions (Singhal et al., 2023b), perform differential pa-
tient diagnoses (Nori et al., 2025), and reason about
medical images (Zhou et al., 2025). Our approach
leverages LLMs to predict clinical features of inter-
est such as downstream laboratory measurements; we
then incorporate these predictions into known reward
functions to produce synthetically generated counter-
factual annotations.

We evaluate our proposed framework on two clini-
cal tasks: intravenous (IV) potassium and sodium re-
pletion. Both are critical procedures in clinical prac-
tice, where large errors in administration can lead
to adverse outcomes (Voldby and Brandstrup, 2016).
Furthermore, these are routine procedures with well-
established guidelines for treatment and reasonably
predictable treatment response curves, making them
especially tractable settings for applying contextual
bandit algorithms. We construct corresponding pa-
tient datasets from the Medical Information Mart for
Intensive Care IV (MIMIC-IV) database, which con-
tains electronic health records (EHR) for patients ad-
mitted to the Beth Israel Deaconess Medical Cen-
ter (Johnson et al., 2024, 2023; Goldberger et al.,
2000). We first assess the ability of several LLMs
to predict relevant clinical features, including serum
potassium and sodium values. Using clinically moti-
vated reward functions, we then transform these pre-
dictions into counterfactual annotations. Our results
show that LLM-generated counterfactual annotations
improve OPE estimates, particularly under large dis-

tribution shifts between the behavior and target poli-
cies.

Our contributions follow:

• We perform OPE with LLM-generated
counterfactual annotations in a multi-
cohort setting using MIMIC-IV. We system-
atically evaluate multiple general-purpose LLMs
for their accuracy in predicting downstream clin-
ical features.

• We show that incorporating LLM-
generated annotations can significantly
improve OPE estimates, reducing RMSE rel-
ative to baselines and confirming prior findings
in real-world data.

• We demonstrate that additional counter-
factual annotations offer diminishing re-
turns, a phenomenon captured quantitatively
via the marginal entropy over the action distri-
bution.

2. Preliminaries

2.1. Problem setting

We adopt a contextual bandit setting, as potas-
sium and sodium repletion are short-horizon deci-
sions whose outcomes can be observed within a single
timestep. A contextual bandit setting is represented
as (S,A,R, d0), where S is the discrete context space,
A is the discrete action space, R is the reward distri-
bution, and d0 is the initial context distribution. The
reward function R : S × A → [0, 1] assigns a scalar
reward between 0 and 1. Our goal is to evaluate a
target contextual bandit policy πe by estimating its
value v(πe) = Es∼d0,a∼πe,) [R(s, a)] using a behavior
dataset. The behavior dataset consists of samples
D = {si, ai, ri}Ni=1, where the actions are sampled
from a behavior policy πb.

2.2. Off-policy evaluation estimators

Many OPE estimators fall into three broad cate-
gories: importance sampling (IS), the direct method
(DM), and doubly robust (DR) estimators. IS
methods (Precup et al., 2000) re-weigh each sam-
ple in the behavior dataset using an inverse propen-

sity score (IPS) πe(ai|si)
πb(ai|si) . The second class in-

cludes direct-method (DM) approaches (Beygelzimer
and Langford, 2009), which learn a reward model
R̂ from the behavior dataset, and use the model
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to simulate the returns of samples from the target
policy. The final category includes doubly-robust
(DR) approaches (Dudik et al., 2014; Jiang and Li,
2016), which combine strategies from IS and DM ap-
proaches, providing favorable theoretical guarantees
when either the IPS ratio is known or the reward
model is of high quality.

Recent work has proposed supplementing the be-
havior dataset with counterfactual annotations so-
licited from an expert. Tang and Wiens (2023)
introduce an IS-based estimator and demonstrate
that counterfactual annotations can improve OPE
estimates when the annotations are of high qual-
ity. Mandyam et al. (2024) extends this to a dou-
bly robust setting, mitigating the negative impacts
of noisy or imperfect annotations. Both approaches
assume that counterfactual annotations are expert-
labeled, which limits the scalability of the proposed
approaches. Other work has proposed using a varia-
tional auto-encoder to generate synthetic trajectories,
thus enriching state–action coverage of the behavior
dataset and tightening variance bounds (Gao et al.,
2024). Our work builds on these approaches, identi-
fying a scalable alternative to creating counterfactual
annotations.

2.3. Generative models can encode medical
knowledge

LLMs have shown impressive general medical rea-
soning capabilities. Models fine-tuned on web and
biomedical corpora now match or surpass physicians
on multiple-choice benchmarks such as MedQA (Jin
et al., 2020). DeepMind’s Med-PaLM 2 (Singhal
et al., 2023a) and Gemini models (Saab et al., 2024)
illustrate that scaling and instruction tuning can
boost performance across a range of clinical knowl-
edge tasks. However, these works center on general
medical knowledge questions rather than reasoning
about individual patient clinical trajectories, which
is the focus of our work.

More granular, patient-specific LLM applications
are beginning to emerge, including reasoning about
how laboratory values evolve over a patient trajec-
tory. Bhasuran et al. (2025) explore differential-
diagnosis generation from brief clinical vignettes,
highlighting the importance of structured patient
summaries to improve LLM outputs. He et al. (2024)
evaluate the ability to generate accurate and safe re-
sponses to patient lab-result inquiries using prompt
engineering and detailed quality evaluation metrics.

These studies suggest that LLMs can reason about
patients when provided with curated input and task
framing (Wei et al., 2022; Chung et al., 2022). Our
work leverages prompting strategies that build on
those used in these works to guide LLMs in gener-
ating patient-specific counterfactual annotations.

2.4. Synthetic data for machine learning

In our setting, supervision comes from both a real-
world dataset and a noisier set of synthetic data. Us-
ing a noisy secondary dataset is a common paradigm
in supervised learning, and methods to mitigate
the covariance shift between the datasets have been
extensively studied in the robust machine learn-
ing literature. Earlier results introduced transfer
learning techniques to learn features from secondary
datasets while mitigating issues with higher-variance
samples (Krizhevsky et al., 2012; Pan and Yang,
2010; Ben-David et al., 2006; Sugiyama et al., 2007;
Quiñonero-Candela et al., 2008). Other methods such
as prediction-powered inference (Angelopoulos et al.,
2023) explicitly correct for possible biases that result
from the introduction of synthetic samples.

3. Methods

3.1. Dataset

We conduct our analysis using the MIMIC-IV
dataset, partitioned into two subsets of non-ICU pa-
tients. The first subset includes all patients who re-
ceived IV potassium, and the second includes all pa-
tients who received IV hypertonic (3%) saline. For
each patient in the potassium and sodium subsets, we
represent the clinical context as a feature vector com-
prising 15 variables that characterize the patient’s
state four hours prior to treatment (i.e., administra-
tion of potassium or saline). We focus on a four-hour
window because this corresponds to the highest fre-
quency of electrolyte administration observed in our
dataset, with patients receiving electrolytes at most
once every four hours. The features used to repre-
sent the clinical context include laboratory results,
vital signs, administered medications, and static co-
variates such as age and gender. A complete list of
features is provided in Appendix A. The action space
corresponds to the administered dosage, represented
in milliequivalents (mEq). For potassium administra-
tion, the dosage action space is A = {0, 10, 20, 40}.
For sodium (i.e., hypertonic saline) administration,
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Figure 1: Our work improves OPE estimates using LLM-generated counterfactual annotations.
We first query counterfactual annotations using domain knowledge guided prediction. We calculate the
annotations using a known reward function R. Finally, we incorporate the counterfactual annotations and
offline behavior dataset to learn an OPE estimate v̂(πe).

dosages are discretized to accommodate our assump-
tion of a discrete action space, yielding an action
space A = {0, 100, 200, 300, 400, 500}.

Similar to prior work (Prasad, 2020), we adopt a
reward function defined as a function of the clini-
cal context observed following the administration of
a treatment dosage. Specifically, the scalar reward
depends on a single laboratory measurement in the
next observed context. For patients who receive IV
potassium, this is a serum potassium lab, and for
patients who receive IV hypertonic saline, this is a
serum sodium lab. The reward function

R(x) =


exp

(
− 1

2

(
x−a
2.5

)2 )
, x < a

1, a ≤ x ≤ b

exp
(
− 1

2

(
x−b
2.5

)2 )
, x > b

takes as input a laboratory value x, and uses the
lower bound (a) and upper bound (b) of the reference
range to calculate a scalar reward. This reward func-
tion design reflects the clinical goal of repletion which
is to bring a patient’s electrolyte level into the normal
range and keep it there, while smoothly penalizing
deviations outside the range. Visual representations
of the reward function can be seen in Appendix Fig-
ure 4.

3.2. Generating Counterfactual Annotations
using LLMs

As described in Section 3.1, the reward functions for
each decision-making task are functions of a single
lab value. Therefore, generating a counterfactual an-
notation requires predicting the specified lab value
under a counterfactual treatment dosage.

We construct prompts that include information
about the patient’s clinical state, a paragraph that
cites the most relevant features for lab value predic-
tion sourced from UpToDate (Kluwer, n.d.), and a
query about the lab value had an alternative treat-
ment dosage been administered (example in Ap-
pendix B). Building on prior work (Hegselmann et al.,
2025), we organize the patient’s information into cat-
egories such as comorbidities, laboratory results, and
medications to create a structured text representation
of the clinical state. Including features from UpTo-
Date guides the LLM toward clinically relevant infor-
mation, as EHRs often contain extraneous data that
may not be predictive. To ensure structured outputs,
we restrict the LLM’s response to a JSON object con-
taining two keys: the predicted lab value, and a jus-
tification for the prediction. This format allows for
straightforward extraction of the numerical lab value
and facilitates verification of the LLM’s reasoning.

For potassium administration, dosages are as-
sumed to be delivered at a rate of 10,mEq/hr, and
for sodium administration, at a rate of 30,mEq/hr,
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corresponding to the most common rates observed in
MIMIC-IV. The prompt also specifies that the lab
value should be predicted three hours after the IV
infusion concludes; this corresponds to the average
number of hours that the lab value post treatment
administration was measured. Once the LLM pre-
dicts the lab value, it is converted into a scalar coun-
terfactual annotation using the corresponding known
reward function.

3.3. Incorporating Counterfactual
Annotations into an OPE estimator

Once we generate counterfactual annotations, we
must incorporate them into an OPE estimator. Prior
methods for OPE with counterfactual annotations of-
ten assume that the IPS ratios are fully known. How-
ever, in this work, we must infer both πb and πe from
finite sample sizes. To mitigate possible biases as a
result of unknown IPS ratios, we choose to use a di-
rect method estimator. The standard direct method
estimator is

V̂ DM =
∑
s∈S

d0(s)
∑
a∈A

π(a|s)R̂(s, a),

where R̂ is a reward function estimate learned from
the behavior dataset. When we have access to both a
behavior dataset and counterfactual annotations, we
choose to use modified version of the standard DM
estimator suggested by prior work work (Mandyam
et al., 2024),

V̂ DM+

=
∑
s∈S

d0(s)
∑
a∈A

π(a|s)R̂+(s, a),

where R̂+ is learned using both the behavior dataset
and counterfactual annotations. In this work, we ap-
proximate both R̂ and R̂+ using linear regression.

3.4. Evaluation Setup

A standard metric for assessing the accuracy of
an OPE estimator is the root mean squared error
(RMSE), defined as

RMSE =
√
E[(v̂(πe)− v(πe))2],

where v̂(πe) denotes the value estimated by the OPE
method, and v(πe) is the true value of the target pol-
icy πe. In practice, v(πe) is rarely available, which
complicates the evaluation of OPE estimators in real-
world settings.

To address this limitation in the MIMIC-IV
dataset, we adopt a controlled evaluation strategy.
We partition each dataset subset into disjoint behav-
ior and target sub-cohorts, and infer corresponding
policies via behavior cloning. Because the target sub-
cohort contains observed rewards, we approximate
the value of the cloned target policy by averaging
these rewards. The fidelity of this approximation de-
pends on how well the policies are cloned; to assess
this, we evaluate the cloned policies’ accuracy on a
held-out validation set and find that they perform
well in reproducing the observed treatment decisions
(e.g., validation accuracy ¿ 90%). This gives us confi-
dence that the averaged rewards in the target subset
provide a reliable reference value against which to
compute RMSE for different OPE estimators.

It is well known that the performance of OPE esti-
mators depends considerably on the distribution shift
between the behavior dataset and the samples in-
duced by the target policy. To systematically study
the effect of LLM-generated counterfactual annota-
tions on an OPE method under varying degrees of
distribution shift, we construct three behavior–target
dataset pairs for each subset of patients from MIMIC-
IV. The first pair splits by gender, with female pa-
tients forming the behavior dataset and male patients
the target dataset. The second pair splits by co-
morbidity status: for potassium repletion, patients
without renal disease form the behavior dataset and
patients with renal disease the target dataset; for
sodium repletion, the split is based on cirrhosis. We
choose these comorbidities because their presence is
likely to influence the patient’s response to drug ad-
ministration. The third pair separates patients by
drug dosage, using low-dosage patients as the be-
havior dataset and high-dosage patients as the tar-
get dataset. These partitions are designed to reflect
clinically meaningful subgroups while also inducing
progressively larger divergences between the behav-
ior and target policies. This allows us to evaluate
when counterfactual annotations generated by LLMs
yield improvements in OPE accuracy.

4. Experiments

Our empirical analyses seek to answer the following
questions: (1) Can LLMs accurately predict down-
stream patient laboratory values after a treatment is
administered? (2) Under what conditions do LLM-
generated counterfactual annotations improve OPE
estimates? (3) How do OPE estimates vary as the
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number of synthetic counterfactual annotations in-
creases?

To address these questions, we use five LLMs
spanning a range of parameter counts: OpenAI’s
o1 (OpenAI et al., 2024), o3-mini (Zhang et al.), and
gpt-4o-mini (Hurst et al., 2024), Google’s Gemini

1.5 (Reid et al., 2024), and Anthropic’s Claude 3.7

Sonnet (Cla). All models are hosted on an internal,
sandboxed cluster to ensure HIPAA compliance with
the MIMIC-IV dataset. All experiments were con-
ducted with a temperature setting of zero whenever
supported. For o1 and o3-mini, which do not expose
a temperature parameter, we use the default config-
uration.

4.1. LLMs can predict downstream lab
values on real patient populations

We first evaluate whether LLMs can accurately pre-
dict serum potassium and serum sodium laboratory
values. In realistic deployment, the target patient
population may not be directly accessible, so we as-
sess predictive performance using behavior datasets
from each sub-cohort split. To generate predictions,
we prompt the LLM following the procedure in Sec-
tion 3.2, but instead of asking for counterfactual lab
values, we request the lab value following the dosage
administered in MIMIC-IV. Because the correspond-
ing ground-truth lab values are observed in MIMIC-
IV, we can directly quantify predictive accuracy. We
evaluate accuracy using a weighted F1 score across
clinically relevant categories of lab values (e.g., below
reference range, within reference range, above refer-
ence range). The categories used to calculate the F1
score, and further details are reported in Section 3.1.

We find that LLMs can predict serum potassium
and serum sodium lab values with clinically mean-
ingful degrees of accuracy (Table 1, visualized in Ap-
pendix Figure 6). First, we note that serum potas-
sium lab values are predicted more accurately than
serum sodium lab values, likely due to the wider dis-
tribution and higher prevalence of outliers in sodium
lab measurements. We also find that the perfor-
mance of a given LLM remains consistent across co-
horts within each prediction task, which suggests that
predictive accuracy does not strongly depend on the
underlying patient population. Finally, the differ-
ences in predictive accuracy across LLMs are modest,
suggesting that multiple models are capable of pro-
ducing reliable predictions of downstream lab values.
Furthermore, these results demonstrate our proposed

framework’s ability to produce counterfactual anno-
tations of reasonable quality. In particular, because
LLMs can predict downstream lab values within a
degree of accuracy that is clinically relevant, the re-
sulting annotations are likely to be useful for OPE.

4.2. LLM-produced counterfactual
annotations can improve OPE estimates

We next evaluate the utility of LLM-generated coun-
terfactual annotations for OPE, following the setup
in Section 3.4. We report results for the potas-
sium repletion task in Figure 2, and for the sodium
repletion task in Appendix Figure 7. Our results
show that counterfactual annotations substantially
improve OPE estimates in settings with large dis-
tribution shifts between the actions observed in the
behavior and target policies. Across both the potas-
sium and sodium repletion tasks, the reported RMSE
reflects the relative difficulty of estimating v(πe) un-
der each cohort split. For example, in the gender
cohort split, where behavior and target policies are
nearly identical, the RMSE is already near zero with-
out counterfactual annotations, leaving little room for
improvement. In contrast, in the dosage cohort split,
where behavior and target policies have little over-
lap, the baseline RMSE of DM is highest, reflecting
the difficulty of the task. Here, the incorporation of
counterfactual annotations produces the largest re-
ductions in RMSE, indicating that annotations are
most valuable when behavior and target policies di-
verge strongly. Specifically, in the potassium dosage
cohort, counterfactual annotations can reduce RMSE
by 83%, and in the sodium dosage cohort by 49%.

We also find that the performance of DM+ varies
with the choice of LLM used to generate coun-
terfactual annotations. In the potassium repletion
task, annotations from o1 yield the best performance
as shown by lowest RMSE, whereas in the sodium
repletion task, annotations from gpt-4o-mini and
o3-mini yield the best performance. Although the
best-performing LLM is not consistent across tasks or
cohort splits, counterfactual annotations consistently
reduce RMSE in the most challenging settings (e.g.,
dosage cohorts), regardless of the LLM used.

Finally, to assess statistical significance, we com-
pare DM and DM+ using a paired t-test, with DM+

learned using 500 counterfactual annotations (Sec-
tion 4.2). In nearly all settings,DM+ achieves signifi-
cantly lower RMSE than DM . The main exception is
the gender split in both potassium and sodium tasks,
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Task Cohort o1 gpt-4o-mini o3-mini Gemini Claude 3.7
Potassium Repletion Gender 0.856 0.809 0.854 0.858 0.866

Comorbidity 0.871 0.787 0.869 0.872 0.879
Dosage 0.878 0.791 0.876 0.879 0.885

Sodium Repletion Gender 0.758 0.774 0.738 0.749 0.776
Comorbidity 0.771 0.801 0.753 0.779 0.796
Dosage 0.772 0.809 0.768 0.780 0.804

Table 1: All LLMs perform comparably across potassium and sodium lab prediction. Predictions
are evaluated using weighted F1 scores across clinically relevant lab value categories. The best performing
LLM within each cohort is in bold.

Figure 2: LLM-generated counterfactual annotations improve OPE estimates in settings with
high divergence between actions observed in behavior and target policies. We report results for the
potassium repletion task. Our baseline is a direct method estimator (blue) that does not use counterfactual
annotations. The performance of DM+ with annotations from each LLM is reported in the corresponding
colors. Error bars represent standard error across 500 bootstrapped datasets sampled with replacement.
Since RMSE is non-negative, the lower bound of the error bars is truncated at 0 where necessary. Figures
above each plot demonstrate the difference in distribution of actions observed in the behavior and target
policies.

where annotations from some LLMs do not yield a
meaningful performance improvement. This outcome
is expected, given the substantial overlap between
behavior and target policies in the gender cohorts,
which allows DM to perform well even without coun-
terfactual annotations.

4.3. Additional counterfactual annotations
yield marginal improvements in OPE
estimates

A key consideration when using synthetic data in
machine learning is determining the point at which
adding further synthetic samples no longer provides
benefits. In our setting, a single source of counterfac-

tual annotations can generate at most N · (|A| − 1)
unique annotations, where |A| is the number of ac-
tions and N is the number of samples in the behavior
dataset. When multiple sources are available, each
source provides separate predictions for unobserved
actions, which can either be combined or averaged.
Direct combination increases the total number of an-
notations, whereas averaging maintains the same to-
tal count. We study both strategies for the potassium
task (Figure 3) and sodium task ( Figure 9).

We focus on the dosage cohort splits for both tasks,
where counterfactual annotations have the greatest
impact in reducing RMSE due to minimal overlap
between the behavior and target policies. Specif-
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Task Cohort o1 gpt-4o-mini o3-mini Gemini Claude 3.7
Potassium Repletion Gender 5.4E-31 9.8E-03 3.0E-04 3.7E-01 2.4E-01

Comorbidity 1.5E-94 1.3E-08 1.1E-07 7.7E-03 5.7E-04
Dosage 1.3E-83 1.7E-14 1.9E-20 7.2E-11 1.4E-08

Sodium Repletion Gender 1.9E-03 7.0E-04 1.5E-19 7.5E-14 6.6E-08
Comorbidity 1.0E-07 2.0E-16 2.0E-03 1.0E-04 2.2E-05
Dosage 2.8E-37 3.0E-15 3.2E-57 1.44E-44 7.79E-39

Table 2: In most cohorts across both tasks, LLM-generated annotations significantly improve
RMSE. We compare RMSE distributions for DM and DM+ with 500 counterfactual annotations using a
paired t-test, and report p-values. P-values shown in red indicate results that are not statistically significant
(p ≥ 0.05) or cases where RMSE does not improve relative to DM (t < 0).

Figure 3: Combining annotation sources yields
limited returns. (Top) We compare DM to DM+

with annotations from the best-performing LLMs for
potassium repletion in the dosage cohort, with two
aggregation methods: pooling predictions and aver-
aging annotations. Error bars show standard error
over 500 bootstrapped datasets, truncated at 0. (Bot-
tom) Marginal entropy over the action space H(A)
when adding counterfactual annotations to the be-
havior dataset for the potassium cohort. The dashed
line marks the maximum possible entropy.

ically, we examine combinations of the two LLMs
whose counterfactual annotations yield the best per-
formance for DM+: o1 and o3-mini for the potas-
sium task, and Gemini and o3-mini for the sodium
task. We find that, while adding counterfactual an-
notations initially reduces OPE error, the improve-
ment quickly plateaus as more annotations are in-
cluded. Averaging multiple sources does not provide
additional gains beyond the best-performing single
source. For instance, in the potassium task, averag-
ing annotations from o1 and o3-mini yields OPE per-
formance worse than using o1 alone, though slightly
better than o3-mini alone. Similarly, combining an-
notations without averaging, which nearly doubles
the number of annotations, does not improve OPE
estimates relative to a single source. These results
indicate that substantially increasing the number of
counterfactual annotations provides limited utility.

To quantify the effect of additional annotations,
we compute the marginal entropy over the action
distribution. Entropy measures the overall uncer-
tainty or spread of actions in the dataset. For-
mally, the marginal entropy over the action distri-
bution is H(A) = −

∑
a∈A p̂(a)ln(p̂(a)) where p̂(a)

is the probability of observing a given action a, es-
timated empirically. The maximum entropy occurs
when all actions are equally frequent, in which case
H(A) = ln(|A|). We observe that, as the number of
annotations increases, the action coverage approaches
the maximum entropy, and further annotations yield
only marginal gains. In particular, at around 700 an-
notations for the potassium task and 500 annotations
for the sodium task, OPE improvements have largely
plateaued, and the marginal action entropy is already
near its maximum, indicating that additional coun-
terfactual annotations provide little further utility.
This analysis suggests that marginal entropy over the
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action space is a proxy that may be used to determine
when to stop generating counterfactual annotations.

5. Discussion

In this work, we present a scalable strategy for gen-
erating counterfactual annotations for OPE in clin-
ical settings. We show that LLMs can reason over
clinical contexts and predict downstream lab values,
which in turn can be used to construct counterfactual
annotations. Focusing on the potassium and sodium
repletion tasks, we demonstrate that this approach
leads to substantial improvements in OPE estimates,
particularly when there is considerable divergence be-
tween the behavior and target policies. We recom-
mend using LLM-generated annotations when there
are known coverage gaps in the behavior dataset, and
relying on an entropy-based metric to decide when
additional counterfactual annotations are needed.

Limitations and Future Work. Our study is
limited to reward functions that consider a single
clinical feature. While our results provide evidence
that LLMs can reliably predict these downstream lab
values, future work should evaluate whether similar
gains can be achieved for predicting more complex
clinical outcomes.
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hangir Okuyucu, Ikai Lan, Ilya Kostrikov, Ilya
Sutskever, Ingmar Kanitscheider, Ishaan Gulra-
jani, Jacob Coxon, Jacob Menick, Jakub W. Pa-
chocki, James Aung, James Betker, James Crooks,
James Lennon, Jamie Ryan Kiros, Jan Leike, Jane
Park, Jason Kwon, Jason Phang, Jason Teplitz,
Jason Wei, Jason Wolfe, Jay Chen, Jeff Harris,
Jenia Varavva, Jessica Gan Lee, Jessica Shieh,
Ji Lin, Jiahui Yu, Jiayi Weng, Jie Tang, Jieqi
Yu, Joanne Jang, Joaquin Quiñonero Candela,
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nikowski, Jǐŕı Šimša, Anna Koop, Praveen Kumar,
Thibault Sellam, Daniel Vlasic, Samira Daruki,
Nir Shabat, John Zhang, Guolong Su, Kalpesh
Krishna, Jiageng Zhang, Jeremiah Liu, Yi Sun,
Evan Palmer, Alireza Ghaffarkhah, Xi Xiong, Vic-
tor Cotruta, Michael Fink, Lucas Dixon, Ashwin
Sreevatsa, Lucas Dixon, Alek Dimitriev, Mohsen
Jafari, Remi Crocker, Nicholas Fitzgerald, Aviral
Kumar, Nicholas FitzGerald, Ivan Philips, Freder-
ick Liu, Yannie Liang, Rachel Sterneck, Alena Re-
pina, Marcus Wu, Laura Knight, Marin Georgiev,
Hyo Lee, Harry Askham, Abhishek Chakladar, An-
nie Louis, Carl Crous, Hardie Cate, Dessie Petrova,
Michael Quinn, Denese Owusu-Afriyie, Achintya
Singhal, Nan Wei, Solomon Kim, Damien Vin-
cent, Milad Nasr, Ilia Shumailov, Christopher A.
Choquette-Choo, Reiko Tojo, Shawn Lu, Diego
de Las Casas, Yuchung Cheng, Tolga Bolukbasi,
Kather ine Lee, Saaber Fatehi, Rajagopal Anan-

14



APRIL

thanarayanan, Miteyan Patel, Charbel El Kaed,
Jing Li, Jakub Sygnowski, Shreyas Rammohan
Belle, Zhe Chen, Jaclyn Konzelmann, Siim Põder,
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Figure 4: Reward functions for both decision-making tasks are a function of the corresponding
reference range. Reward is bounded in the range [0, 1], attaining its maximum when the lab value falls
within the corresponding clinical reference range (3.5 − 4.5 mEq/L for serum potassium, and 135 − 145
mEq/L for serum sodium). As the lab value deviates from this range, the reward decreases according to a
Gaussian decay, with the lowest rewards assigned to critically low or high values.

Appendix A. MIMIC-IV dataset

The MIMIC-IV dataset consists of patient data for over 65,000 patients admitted to the ICU and over
200,000 patients admitted to the emergency department. This data is represented as electronic health records
(EHRs), which capture a variety of information about each patient including static covariates such as age
and gender, all hospital procedures and events such as lab measurements and administered medications, as
well as indications of comorbidities. In this work, we consider non-ICU patients who have been administered
either IV potassium, or IV hypertonic saline. We have 1622 patients who were administered IV potassium,
and 1187 patients who were administered saline.
We represent each patient context using the following 15 features: age, gender, weight, height, heart rate,

respiratory rate, oxygen saturation pulseoxymetry, systolic blood pressure, diastolic blood pressure, serum
creatinine lab, administered NaCl 0.9%, administered dextrose 5%, administered propofol, administered
norepinephrine, and administered insulin. We choose these features due to their relevance in being able to
predict downstream serum potassium and serum sodium labs (Kluwer, n.d.). The reward function for both
tasks is visualized in Figure 4.
When we report the accuracy of the LLM in predicting downstream lab values, we use weighted F1 score.

The classes of predictions for potassium (all in mEq/L) are [< 3.2, >= 3.2 and < 5, >= 5 and < 6, >= 6].
The classes of predictions for sodium (all in mEq/L) are [< 118, >= 118 and < 135, >= 135 and < 152,
>= 152 and < 169, >= 169].

Appendix B. Prompts

Here we include the format of the prompt used to query downstream lab value predictions. The format is
consistent across both the potassium and sodium repletion tasks, and varies only based on individual patient
details. The prompt consists of five components: task information, static covariates, labs and medicines,
domain information from UpToDate, and a prediction query. An example prompt is shown in Figure 5.

Appendix C. Additional Empirical Results

Here, we include additional empirical results to support our claims in the main text. First, we report figures
that demonstrate the quality of downstream lab predictions across LLMs for both potassium and sodium lab
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Figure 5: LLMs can be prompted to construct downstream lab value predictions. The prompt
contains separate components that first describe the patient’s clinical state four hours prior to receiving
treatment, and then contains instructions to perform the lab value prediction. The prompt includes relevant
information from UpToDate, a clinical resource, to help an LLM identify which features in the medical record
are most predictive.
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(a) Potassium lab predictions.

(b) Sodium lab predictions.

Figure 6: LLMs can accurately predict sodium and potassium lab values in MIMIC-IV. Predic-
tions are evaluated using weighted F1 scores across clinically relevant lab value categories. The black line
denotes perfect agreement with ground truth, and predictions from a different LLM are reported in different
colors.
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Figure 7: LLM-generated counterfactual annotations improve OPE estimates for sodium reple-
tion in settings with high divergence between behavior and target policies. We report results
using the DM baseline (blue) which uses no annotations, and DM+ with annotations from different LLMs
in other colors. Error bars represent standard error across 500 bootstrapped datasets, truncated at 0 when
necessary.

predictions (Figure 6). Our results conclude similarly to those reported in Table 1, suggesting that LLMs
can predict downstream lab values within clinically relevant degrees of error.
Furthermore, we investigate whether the age and gender of the patient affects the accuracy of the LLM

in predicting potassium and sodium levels. We find that the prediction error varies substantially depending
on the model and trends are not consistent given a patient’s age or gender. (Figure 8).
Now we discuss the utility of LLM-generated counterfactual annotations within the sodium repletion

task (Figure 7). Similar to the potassium repletion results, we find that LLM-generated counterfactual
annotations help most when there is substantial divergence between the actions observed in the behavior
and target policies. Just as in the potassium task results, the most improvement due to annotations occurs
in the sodium dosage cohort.
Finally, we report entropy and further annotations results for the sodium repletion task, suggesting that,

similar to the potassium repletion task, that more annotations may yield only marginal gains (Figure 9).
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(a) Potassium Lab Prediction Errors (b) Sodium Lab Prediction Errors

Figure 8: Model prediction error varies depending on the patient’s age and gender. However,
the trends are not consistent as observed for both sodium prediction error (Figure 8(b)) and potassium
prediction error (Figure 8(a)).
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Figure 9: Combining annotation sources yields limited returns in the sodium repletion task.
(Top) We compare DM+ with the two best-performing LLMs for sodium repletion (yellow, green) and
two aggregation methods: pooling predictions (orange) and averaging annotations (pink). Error bars show
standard error over 500 bootstrapped datasets, truncated at 0. (Bottom) Marginal entropy over the action
space H(A) when adding counterfactual annotations to the behavior dataset for the sodium cohort. The
horizontal dashed line marks the maximum possible entropy.
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