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Abstract Estimating heterogeneous treatment effects (HTE) from electronic health
records (EHR) is critical for precision medicine, yet challenging with small clinical
cohorts, confounding bias, and high-dimensional feature space. Pretrained EHR foun-
dation models encode rich patient medical history into feature embeddings that capture
patients’ characteristics; however, whether these embeddings can be effectively utilized
for HTE estimation remains unknown. We leverage embeddings generated by a large
pretrained EHR foundation model, CLMBR, and apply the R-learner framework for
HTE estimation. We develop an outcome-specific dimensionality reduction strategy
that adapts to small sample sizes through principal component analysis (PCA) and
strong regularization. We compare the foundation model embedding with five baseline
methods. Evaluated on comparing GLP-1 receptor agonists versus insulin/sulfonylureas
for type 2 diabetes patients across four clinical outcomes on Stanford University EHRs
dataset, our approach achieves rank #1 on all four outcomes and averages 7.9% improve-
ment over the best baseline per outcome. Our results demonstrate that pretrained EHR
foundation model embedding can significantly enhance HTE estimation with limited
data when properly adapted. Furthermore, we develop interpretable tools that connect
clinical event codes to HTE predictions by mapping dimension-level importance to
token-level importance, providing actionable insights for personalized treatment deci-
sions.
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1 Introduction

Precision medicine requires understanding patient-specific treatment responses rather
than relying on population-level average effects. Conditional average treatment effects
(CATE) estimates account for heterogeneity among patients by estimating the effects
of a treatment for a patient subgroup defined by covariates. Suppose we have access to
𝑛 independent and identically distributed subjects (𝑋𝑖 , 𝑇𝑖 , 𝑌𝑖) for 𝑖 = 1, 2..., 𝑛, where
𝑋𝑖 denote a patients’ feature variables before treatment (e.g., medical history), 𝑇𝑖 ∈
{0, 1} denotes the treatment indicator, and 𝑌𝑖 is the outcome of interest after treatment.
Following the potential outcomes framework of Rubin [4], we posit 𝑌 (1) and 𝑌 (0) as
potential outcomes a patient would have experienced given treatment 𝑇 = 1 or 𝑇 = 0,
and define CATE as

𝜏(𝑥) = E[𝑌 (1) − 𝑌 (0) |𝑋 = 𝑥] . (1)

There is an emerging statistical and machine learning literature that focuses on the
estimation and application of complex form heterogeneous treatment effect (HTE) under
the causal inference framework. Early approaches to accounting for confounding include
propensity score stratification [? ], matching methods [? ], and inverse probability
weighting [? ]. However, these methods often rely on parametric assumptions and may
not handle high-dimensional covariates.

Modern machine learning approaches have significantly advanced HTE estimation
by leveraging flexible nonparametric methods. Meta-learners, a class of model-agnostic
frameworks, transform the CATE estimation problem into standard supervised learning
tasks. The T-learner [? ] trains separate outcome models for treated and control groups,
while the X-learner [? ] uses cross-estimation to improve efficiency. The S-learner [? ]
treats treatment as a feature in a single model. However, these methods can suffer from
regularization bias when the treatment effect is small relative to the main effect [? ].

The R-learner [2] addresses these limitations through the Robinson transformation
[3], which orthogonalizes the treatment effect from nuisance components (propensity
score and outcome models). This approach achieves desirable error bounds comparable
to oracle methods and provides doubly-robust estimation, meaning the estimator is
consistent if either the propensity score or outcome model is correctly specified. The
R-learner has been extended to various settings, including the optimal R-learner with
complete cross-fitting [1], which we adopt in this work.

Alternative approaches to HTE estimation include causal forests [? ], which adapt
random forests for treatment effect estimation, and neural network-based methods [? ]
that learn balanced representations to control for confounding. However, these methods
often require large sample sizes and may not perform well with high-dimensional EHR
data in small clinical cohorts.

Electronic health records (EHR) provide rich longitudinal patient histories for per-
sonalized treatment decisions. Recent advances in EHR foundation models [5] have
shown promise in learning rich patient representations from large-scale pretraining.
Benchmarks like EHRSHOT [7] and recent evaluations [6] demonstrate that pretrained
embeddings can improve clinical prediction tasks. CLMBR (Clinical Language Model
for Biomedical Records) [5] is a transformer-based foundation model pretrained on
2.5 million patient timelines via next-event prediction. For each patient, CLMBR pro-
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cesses the sequential medical history (diagnoses, procedures, medications, lab values)
up to the treatment date and outputs a 768-dimensional contextualized embedding from
the final transformer layer. This embedding encodes rich temporal patterns and medical
relationships learned during pretraining. However, adapting these high-dimensional rep-
resentations (typically 768 dimensions) for estimating CATE and HTE presents unique
challenges, as causal inference and HTE estimation require removing confounding rather
than maximizing prediction accuracy. In addition, adapting a high-dimensional embed-
ding directly to a limited sample size and achieving clinical interpretability requires
careful regularization and dimensionality reduction strategies.

We perform a case study comparing HTE of GLP-1 receptor agonists versus in-
sulin/sulfonylureas for type 2 diabetes (T2D) patients on four outcomes: hypertension,
hyperlipidemia, systolic blood pressure, and heart rate (46-151 patients received treat-
ments and had available outcomes).
Key contributions: (1) We demonstrate that pretrained EHR foundation models
(CLMBR [5]) can be successfully adapted for HTE estimation through PCA reduc-
tion across all outcomes. (2) We implement on the R-learner framework with complete
cross-fitting [1] and ultra-extreme regularization to prevent overfitting. (3) We achieve
rank #1 on all four outcomes, outperforming all baseline methods, including Binary PCA
variants and traditional count-based methods. (4) We introduce interpretability methods
that combine attention-based temporal relevance with dimension-based treatment effect
sensitivity, enabling clinicians to identify key drivers of treatment heterogeneity.

2 Methods

2.1 R-learner Framework

R-learner [2] addresses challenges in estimating CATE in an observational study by
allowing fully automatic specification for heterogeneous treatment effect estimators
while achieving desirable error bounds comparable to oracle methods where the true
data generation mechanism is known.

We adopt the efficient local polynomial R-learner variant by [1], and specifically,
we estimate CATE via a two-stage procedure that constructs pseudo-outcomes using
the Robinson transformation [3]. This procedure explicitly accounts for confounding by
orthogonalizing the target parameter from nuisance components and achieves doubly-
robustness, which means the estimation is consistent if either the propensity score
model 𝑒(𝑋) = P(𝑇 = 1|𝑋) or outcome model 𝑚(𝑋) = E[𝑌 |𝑋] is correctly specified.
Specifically, the R-learner minimizes the following objective:

𝜏 = arg min
𝜏

E
[
𝑤(𝑋) ·

(
𝑅̃(𝑋) − 𝜏(𝑋)

)2
]
, (2)

where 𝑅̃(𝑋) = (𝑌 −𝑚(𝑋)) · (𝑇 − 𝑒(𝑋)) is the Robinson-transformed pseudo-outcome,
and 𝑤(𝑋) = 1/[𝑒(𝑋) (1 − 𝑒(𝑋))] is the inverse variance weight.
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Complete cross-fitting procedure: We use R-learner with complete cross-fitting [1]
for doubly-robust CATE estimation. For each of 𝐾 cross-validation folds, we compute
the following steps on disjoint training and validation sets:

1. Propensity score estimation: Fit logistic regression with 𝐿2 penalty on training
data:

𝑒(𝑋) = 𝜎(𝛽𝑇𝑋), where 𝛽 = arg min
𝛽

∑︁
𝑖

log(1 + 𝑒−𝑦𝑖𝛽𝑇𝑋𝑖 ) + 1
2𝐶 ∥𝛽∥2.

2. Outcome model: Fit Ridge regression with cross-fitting:

𝑚̂(𝑋) = 𝜃𝑇𝑋, where 𝜃 = arg min
𝜃

∑︁
𝑖

(𝑌𝑖 − 𝜃𝑇𝑋𝑖)2 + 𝛼𝑚∥𝜃∥2.

3. Pseudo-outcomes: Construct Robinson-transformed targets with inverse variance
weights:

𝑅̃𝑖 = (𝑌𝑖 − 𝑚̂(𝑋𝑖)) · (𝑇𝑖 − 𝑒(𝑋𝑖)), 𝑤𝑖 =
1

𝑒(𝑋𝑖) (1 − 𝑒(𝑋𝑖)) + 𝜖
,

where 𝜖 = 10−4 prevents division by zero.
4. CATE estimation: Fit weighted Ridge regression on pseudo-outcomes:

𝜏(𝑋) = 𝛾̂𝑇𝑋, where 𝛾̂ = arg min
𝛾

∑︁
𝑖

𝑤𝑖 · (𝑅̃𝑖 − 𝛾𝑇𝑋𝑖)2 + 𝛼𝜏 ∥𝛾∥2.

This three-layer cross-fitting procedure ensures Neyman orthogonalization: 𝑒(𝑋),
𝑚(𝑋), and 𝜏(𝑋) are estimated on disjoint data subsets, which reduces overfitting bias
and maintains the doubly-robust property in finite samples.

2.2 Dimensionality Reduction and Regularization

A large pretrained model includes rich information about the patient’s medical history.
We utilize the high-dimensional embeddings from the pretrained model for CATE
estimation. For each patient 𝑖, we generate a high-dimensional embedding 𝑋𝑖 ∈ R𝑑

with 𝑑 = 768 from the EHR foundation model CLMBR [5], and we compare the
utility of this embedding with count-based features (𝑑 = 1000−5000), and binary PCA
(𝑑 = 1000). Due to the high dimensionality of the feature embedding, there is a severe
risk of overfitting with a limited sample size (46 − 151 patients). We select the reduced
PCA dimension via hyperparameter search: for each candidate 𝑑PCA and for each feature
family, we run 5,000 Latin hypercube sampling (LHS) trials; we then choose 𝑑PCA based
on the average of the best validation R-loss across trials for that dimension, yielding
𝑑PCA = 14 for binary outcomes and 𝑑PCA ∈ {32, 64} for continuous outcomes.
Implementation: (1) Apply standardization: 𝑋 ′ = (𝑋 − 𝜇)/𝜎. (2) Fit PCA on training
data only within each CV fold to prevent leakage. (3) Verify 85-96% variance retention.
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Ultra-extreme regularization: Small samples require aggressive regularization be-
yond standard practices. For a specific dimension, we select the regularization hyper-
parameters for each feature via LHS by minimizing the empirical R-loss (2) via 3-fold
cross-validation. For CLMBR on binary outcomes (optimal 𝑑PCA = 14): 𝐶 = 10−7

(propensity), 𝛼𝑚 = 2000 (outcome), 𝛼𝜏 = 2500 (treatment). For CLMBR on contin-
uous outcomes (optimal 𝑑PCA = 32 or 64): 𝐶 = 5 × 10−5 (propensity), 𝛼𝑚 = 500
(outcome), 𝛼𝜏 = 600 (treatment). Binary PCA methods also use ultra-strong regular-
ization: 𝐶 = 10−7, 𝛼𝑚 = 500, 𝛼𝜏 = 1000 for binary outcomes.

3 Experimental Setup

3.1 Dataset and Cohorts

We use Stanford Medicine EHR data following the EHRSHOT benchmark framework
[7] with 1,331 T2D patients, of whom 81 (6.6%) received GLP-1 receptor agonists and
71 (5.3%) received insulin or sulfonylureas. We construct treatment cohorts (GLP-1
receptor agonists vs insulin/sulfonylureas) using 180-day baseline windows for four
clinical outcomes after treatment: hypertension (𝑛 = 46), hyperlipidemia (𝑛 = 55),
systolic BP (𝑛 = 151), and heart rate (𝑛 = 151).

3.2 Baselines Methods and Evaluation

Baselines: To ensure fair comparison, all methods apply dimensionality reduction to
match the target dimension. We evaluate: (1) CLMBR (pretrained embeddings 𝑑 = 768
with PCA), (2) Binary-Bernoulli (binary event codes ICD10/SNOMED etc. 𝑑 = 1000
with Bernoulli PCA), (3) Binary-Logistic (binary codes 𝑑 = 1000 with Logistic PCA),
(4) Counts-SVD (count codes 𝑑 = 5000 with TruncatedSVD), and (5) Counts-PCA
(count codes 𝑑 = 1000 with PCA).
Evaluation: Binary outcomes use 5-fold CV with stratified splitting; continuous use
3-fold CV. We use the empirical evaluation of the R-loss (2) as our primary metric,
which measures the mean squared residuals after accounting for prognostic effect and
treatment main effect. Lower R-loss indicates more accurate CATE estimation. We use
standardized features and outcome scaling for numerical stability. All experiments are
performed using a random seed of 42.
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Fig. 1 Comprehensive cross-outcome performance comparison, where a smaller R-loss indicates better
performance. CLMBR achieves rank #1 on all four outcomes with consistent performance. Count-based
methods show high variance and occasional catastrophic failures.

4 Results

4.1 Main Results

Figure 1 presents R-loss across all methods and outcomes. CLMBR with outcome-
specific dimensionality reduction achieves the lowest R-loss on all four clinical out-
comes, demonstrating consistent superiority over baseline methods.
Performance summary. CLMBR achieves 100% success rate (rank #1 on 4/4 out-
comes) with improvements of 4.3%, 4.6%, 10.8%, and 12.0% over the best baseline for
each outcome (average 7.9%). For continuous outcomes (systolic BP and heart rate),
CLMBR shows substantial improvements (10.8-12.0%) over all baselines. For binary
outcomes (hypertension and hyperlipidemia), CLMBR maintains consistent superiority
with 4-5% improvements.

4.2 Ablation: Effect of Model Architecture and Dimension Reduction

Figure 2 shows how model architecture and dimension reduction affect performance
for systolic blood pressure (151 patients). The foundation model (transformer-based),
“CLMBR Best” (parameters 141M, context length 512), achieves the best performance
compared to the generic “GPT-2 based CLMBR” and “DeepSeek-V3 based CLMBR”,
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Fig. 2 Effect of architecture and dimensionality on R-loss for systolic blood pressure (151 patients).
“CLMBR Best” (transformer-based foundation model pretrained on the full EHRSHOT dataset) con-
sistently outperforms generic GPT-2 and DeepSeek-V3 across most dimensionalities, with optimal
performance at 𝑑PCA = 32. The curves show R-loss changes with the PCA dimension, revealing the
importance of both model architecture and compression level.

both using 117M parameters and 256 as context length. The optimal performance
for CLMBR is at 𝑑PCA = 32 (R-loss = 99.6), with performance degrading at very
low dimensions (𝑑PCA = 4, R-loss = 117.0) due to information loss and no further
improvement with a larger dimension, even at 𝑑PCA = 768 (R-loss = 103.8). This
demonstrates the importance of maintaining model size and longer context length,
and finding the right balance between retaining information and preventing overfitting
through regularization is crucial for small-sample HTE estimation.

4.3 Interpretability: Connecting Event Codes to CATE Predictions

To address the black-box nature of CLMBR embeddings, we developed interpretabil-
ity tools that directly connect clinical event codes to CATE predictions by mapping
dimension-level importance to token-level importance. Our approach bridges the 768-
dimensional embedding space with clinically actionable insights through attention-
weighted CATE relevance scoring.
CATE-based event importance. We calculate token-level importance scores using:

𝑠𝑖 = 𝛼𝑖 × (ℎ𝑖 · 𝑤), (3)

where ℎ𝑖 is the hidden state for token 𝑖 (768-dim vector), 𝑤 is the dimension importance
weight derived from HTE feature analysis (768-dim vector indicating which embed-
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Fig. 3 Attention weight heatmap for high CATE (CATE > Median) systolic blood pressure patients
aggregated across all patients. Darker colors indicate higher CATE importance.

ding dimensions contribute most to CATE prediction), and 𝛼𝑖 is the attention weight
from CLMBR’s final layer. This formulation combines two complementary signals: (1)
model-level importance (𝛼𝑖) capturing which events the model attends to in the feature
space when predicting EHR events, and (2) task-level relevance (ℎ𝑖 · 𝑤) identifying
how each event activates CATE-relevant embedding dimensions. The dimension im-
portance weights 𝑤 are obtained from R-learner’s treatment effect model coefficients
after PCA projection, providing a direct link between the 768D embedding space and
heterogeneous treatment effects.

Figure 3 shows the aggregated attention weight distribution across CLMBR’s trans-
former layers for patients with high conditional treatment effects. The model exhibits
progressive refinement through layers, with later layers showing stronger focus on car-
diovascular risk factors and medication history that drive treatment effect predictions.
Temporal attention layer pattern. To understand how the model’s attention varies
across both time and transformer layers for different patient subgroups, we generate
layer × time heatmaps by aggregating attention weights into temporal bins. For each of
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Table 1 Sample size robustness analysis for heart rate outcome across 30 independent runs per sample
fraction.

Sample Size R-loss Mean Std Dev CV (%)

50% (70) 127.47 25.74 20.2
60% (84) 121.38 20.84 17.2
70% (98) 118.24 17.48 14.8
80% (112) 118.62 13.40 11.3
90% (126) 106.34 2.58 2.4
100% (141) 97.70 3.23 3.3

the 15 High CATE and 15 Low CATE hypertension patients, we divide the 180-day pre-
treatment window into 60 time bins (3-day intervals), then aggregate attention weights
received by events in each bin across all patients and all attention heads within each layer.
The resulting heatmap in Figure 4 shows average attention per patient for each (layer,
time bin) combination, revealing how different CATE groups exhibit distinct temporal
attention patterns. ). High CATE patients show attention on mid-range historical events,
while Low CATE patients focus on more recent events.

Figure 5 demonstrates how our CATE-based scoring directly links individual clinical
codes to treatment effect predictions. For this patient with a large positive CATE (5.35
mmHg higher with GLP-1 vs insulin/sulfonylureas), the model identifies the dynamic
nature of CATE estimation, where recent clinical measures have a larger treatment effect.
Unlike pure attention-based approaches that only show what the model attends to in the
feature space, our method reveals which events matter for CATE prediction through their
activation of treatment-effect-relevant embedding dimensions. This provides clinicians
with interpretable, event-level explanations for predicted treatment heterogeneity. These
interpretable scores thus transform CLMBR from a black-box predictor into a more
transparent clinical decision support tool.

4.4 Sample Size Robustness Analysis

To assess the reliability of our HTE estimation across varying sample sizes, we conduct
a sample size analysis on the heart rate outcome (141 patients). We evaluate model
performance across 10 sample fractions (10%–100%) with 30 independent random
runs per fraction, using unique random seeds for each (sample fraction, run, CV fold)
combination to ensure statistical independence. Table 1 presents R-loss values (lower
is better) across different sample sizes. R-loss and variance decrease substantially (CV:
20.2% to 3.3%) as sample size increases, suggesting foundation model embeddings
would be more effective in larger studies.
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Fig. 4 Layer × time attention heatmaps for hypertension patients comparing High CATE (top) and Low
CATE (bottom) groups. Each heatmap aggregates attention patterns from 15 patients over a 180-day
pre-treatment window with 60 time bins. The X-axis shows time relative to treatment date (negative
days indicate days before treatment), Y-axis shows transformer layers (L0–L11), and color intensity
represents average attention per patient. High CATE patients show concentrated attention on mid-
range historical events (-43d to -82d), suggesting the model leverages longitudinal disease progression
patterns. Low CATE patients show stronger focus on recent events (closer to 0d), indicating reliance on
current clinical state. These distinct temporal attention patterns reflect differences in baseline patient
characteristics between treatment response groups.

5 Discussion

Foundation models enable small-sample HTE estimation. Our results demonstrate
that large-scale pretrained EHR foundation models are effective for estimating HTE in
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Fig. 5 CATE-based event importance timeline for a high-CATE systolic blood pressure patient (CATE
= +5.35 mmHg). The scatter plot shows attention-weighted CATE importance scores in equation (3)
for each clinical event over time, where events closer to the treatment date contribute more to predicting
the HTE. The table lists the top 12 most important events with their temporal positions and importance
scores, revealing which specific medical history factors drove the model’s HTE prediction for this
patient.

cohorts with limited sample sizes as small as 46–151 patients. CLMBR captures rich
clinical information through pretraining on 2.5 million patients, generating a patient
embedding that remains highly predictive even after dimensionality reduction by up to
50-fold.
Interpretability through dimension-attention fusion. To derive clinical insight from
the pretrained black-box foundation model, our framework provides a token-level im-
portance score in equation (3) by computing the attention weights from the foundation
model and leveraging the learned coefficients for HTE prediction, thereby linking
clinical code with HTE estimates. Our framework establishes a direct mapping from
embeddings to CATE estimates that links the patient feature patterns, such as metabolic
markers and medication histories, to treatment decisions. As a limitation, we note that
the importance scores should be interpreted as model attributions rather than causal ex-
planations of HTE. In addition, the codes that have high importance scores may reflect
site-specific documentation patterns or care pathways, not patient biology. The inter-
pretations of these scores, therefore, should be corroborated through sensitivity analysis
and external validation in independent cohorts before being used to draw clinical or
mechanistic conclusions.
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Generalizability limitations. The small cohort sizes (46–151 patients per outcome)
from a single institution limit generalizability. While our approach utilizes longitudinal
EHR history, the data is irregularly sampled and lacks the high-frequency granularity
of continuous physiological monitoring. However, our sample size robustness analy-
sis (Table 1) reveals R-loss and variance decrease with increasing sample size. This
scaling pattern suggests that foundation model embeddings would be more effective
and reliable in larger cohorts, motivating multi-institutional validation studies across
diverse treatment classes and patient populations before clinical deployment. Addi-
tionally, CLMBR embeddings may inherit biases from the pretraining data, and future
work should validate performance across diverse datasets to assess generalizability and
potential biases.

Our work bridges pretrained foundation models and precision medicine, demonstrat-
ing that large-scale pretraining yields robust representations that remain informative
even after aggressive dimensionality reduction for small sample settings. For future
studies, these findings should be validated in larger cohorts from multiple institutions
and diverse treatment classes.
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