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THE BIGGER PICTURE Treatment effect estimation (TEE) is essential to understand the causal impact of
medical interventions on patient outcomes, especially when using real-world data (RWDs). The inherent
complexity of RWDs, however, complicates the accurate modeling of treatment effects. Traditional ma-
chine learning approaches, often hampered by the scarcity of labeled data, fall short of adequately address-
ing the confounding bias and capturing the complex interplay between treatments, patient characteristics,
and outcomes. The advent of foundation models pre-trained on extensive datasets presents a promising
opportunity to transcend these limitations. Therefore, developing methods that fully investigate the capa-
bilities of large-scale patient data is important to learn enhanced patient representations and improve the
efficacy of TEE.
SUMMARY
Treatment effect estimation (TEE) aims to identify the causal effects of treatments on important outcomes.
Current machine-learning-based methods, mainly trained on labeled data for specific treatments or out-
comes, can be sub-optimal with limited labeled data. In this article, we propose a new pre-training and
fine-tuning framework, CURE (causal treatment effect estimation), for TEE from observational data. CURE
is pre-trained on large-scale unlabeled patient data to learn representative contextual patient representa-
tions and fine-tuned on labeled patient data for TEE. We present a new sequence encoding approach for lon-
gitudinal patient data embedding both structure and time. Evaluated on four downstream TEE tasks, CURE
outperforms the state-of-the-art methods, marking a 7% increase in area under the precision-recall curve
and an 8% rise in the influence-function-based precision of estimating heterogeneous effects. Validation
with four randomized clinical trials confirms its efficacy in producing trial conclusions, highlighting CURE’s
capacity to supplement traditional clinical trials.
INTRODUCTION

Treatment effect estimation (TEE) is used toevaluate the causal ef-

fects of treatment strategies on some important outcomes, which

is a crucial problem in healthcare.1 Randomized clinical trials

(RCTs) are the de facto gold standard for identifying causal effects

through randomizing the treatment assignmentandcomparing the

responses in different treatment groups. However, conducting

RCTs is time consuming, expensive, and sometimes unethical.2,3

Observational data such as medical claims provide a promising

opportunity for TEE as a complement to RCTs.4
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Recently, many works have been proposed to adopt neural

networks (NNs) for TEE from observational data.5–11

Compared to classical TEE methods such as regression

trees12 or random forests,13 NN-based methods achieve bet-

ter performance in handling the relationships among covari-

ates, treatment, and outcome. However, there are still some

common limitations of existing TEE methods: (1) most model

designs are task specific or data specific, so it is hard to adapt

the model to a more generalized setting, and (2) existing

labeled datasets often have small-scale data size, whereas

training neural models requires large and high-quality labeled
une 14, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 1
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Figure 1. The overall pipeline of CURE

It mainly consists of three parts: (1) data encoding of longitudinal patient data, (2) unsupervised pre-training on unlabeled data, and (3) fine-tuning on downstream

labeled data for treatment effect estimation (TEE). In TEE, labels mean the studied treatment a and outcome y of the patient sequence x.
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data for capturing inherent complex relationships of the

input data.

Recently, Transformer14 has been widely adopted as a critical

and unified building block in the pre-training and fine-tuning

paradigm across data modalities. Pre-trained Transformer-

based models (PTMs) have become the model of choice in

many deep learning domains such as natural language process-

ing (NLP)15–19 and computer vision.20–22 The dominant approach

is to pre-train on a large-scale dataset with unsupervised or self-

supervised learning and then fine-tune on a smaller task-specific

dataset. Nonetheless, applying this pre-training and fine-tuning

paradigm to TEE problems faces the following three major

challenges: (1) encoding structured longitudinal observational

patient data into sequence input, (2) lack of well-curated large-

scale pre-training dataset, and (3) lack of real-world downstream

TEE tasks to benchmark baselines.

In this article, we propose a new pre-training and fine-tuning

framework for estimating the causal effect of a treatment: causal

treatment effect estimation (CURE). As shown in Figure 1, the

large-scale structured patient data are extracted from real-world

medical claims data (MarketScan Research Databases23). We

first encode the structured data as sequential input by chrono-

logically flattening and aligning all observed covariates. We

obtain around 3 M processed unlabeled patient sequences for

pre-training. The downstream datasets with labeled treatment

and outcome are created according to specific TEE tasks from

established RCTs. Based on the retrospective study design

and domain knowledge, we obtain four downstream tasks,

each of them containing 10,000–20,000 patient samples. The

task is to evaluate the comparative effectiveness of two treat-

ment effects in reducing the risk of stroke for patients with

coronary artery disease (CAD). Second, we pre-train a Trans-

former-basedmodel on the unlabeled data with an unsupervised

learning objective to generate contextualized patient representa-

tions. To accommodate the issues of complex hierarchical struc-

ture (i.e., each record encompasses multiple visits, with each

visit comprising various types of medications or diagnoses)

and irregularity of the observational patient data, we propose a

comprehensive embedding method to incorporate the structure

and time information. Finally, we fine-tune the pre-trained model

on various downstream TEE tasks.

We are the first study to demonstrate the success of adopting

the pre-training and fine-tuning framework to representation

learning of patient data for TEE, together with necessary but min-

imal changes on the Transformer architecture design, and real-
2 Patterns 5, 100973, June 14, 2024
world case studies on RCTs. We summarize our main contribu-

tions as follows.

d We propose CURE, a new Transformer-based pre-training

and fine-tuning framework for TEE. We present a new pa-

tient data encoding method to encode structured observa-

tional patient data and incorporate covariate type and time

into patient embeddings.

d We obtain and pre-process large-scale patient data

from real-world medical claims data as our pre-training

resource.We derive four downstream TEE tasks according

to study designs and domain knowledge from established

RCTs for model evaluation.

d We conduct thorough experiments and show that CURE

yields superior performance on all downstream tasks

compared to state-of-the-art TEE methods. We achieve,

on average, 4% and 7% absolute improvement in area un-

der the receiver operating characteristic curve (AUC) and

area under the precision-recall curve (AUPR), respectively,

for outcome prediction and 8% absolute improvement in

influence-function-based precision of estimating hetero-

geneous effects (IF-PEHE) for TEE over the best baseline

among 4 tasks. We also verify the estimated treatment ef-

fects with the conclusion of corresponding RCTs.

d We further explore the effectiveness of CURE in several

ablation studies including the proposed patient embed-

ding, the influence of pre-training data size on downstream

tasks, and the generalizability of low-resource fine-tun-

ing data.
RESULTS

In this section, we evaluate the proposed CURE from three as-

pects: (1) quantitative analysis comparing the performance of

the proposed method with state-of-the-art TEE methods on four

downstream tasks, (2) qualitative analysis including the validation

of the estimated treatment effects with corresponding RCTs and

self-attention feature weights visualization, and (3) ablation

studies including proposed feature embedding, pre-training

data size, and generalizability of low-resource fine-tuning data.
Pre-training data
We obtain the pre-training data from MarketScan Commercial

Claims and Encounters (CCAE)23 from 2012 to 2017, which



Table 1. The statistics of four downstream datasets

Target vs. compared Rivaroxaban vs. aspirin Valsartan vs. ramipril Ticagrelor vs. aspirin Apixaban vs. warfarin

No. of patients (target; compared) 26,340 (9,569; 16,771) 12,850 (7,306; 5,544) 29,248 (12,477; 16,771) 18,187 (6,701; 11,486)

Female (%) 30.4 32.4 27.1 31.8

Age (group) on index date 55–64 55–64 55–64 55–64

Patients with stroke (%) 13.7 11.9 18.9 16.7

Average no. of visits per patient 83.4 74.0 70.7 97.1

Average no. of codes per patient 182.3 157.2 152.0 215.9
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contains individual-level, de-identified healthcare claims infor-

mation from employers, health plans, and hospitals. In this

article, we include patients who have ever been diagnosed

with CAD as our disease cohort. The definition of CAD is in

Table S1. After conducting data pre-processing and study

design, we obtain 2,955,399 patient sequences for pre-training.

We obtain 9,435 medical codes including 282 diagnosis codes

(i.e., we map the original ICD-9/10 billing codes into Clinical

Classifications Software24) and 9,153 medication codes (i.e.,

we map medications based on generic names from RED

BOOK25).

Downstream tasks
Given the absence of ground truth treatment effects in observa-

tional data, we employ RCTs as the gold standard to validate our

findings. We focus on CAD-related RCTs that study the compar-

ative effectiveness of two treatments for reducing the risk of

stroke after CAD. We first collect all available phase 2 and phase

3 RCTs with CAD as the disease name and stroke as the disease

outcome from https://clinicaltrials.gov/. Stroke is selected

because it is commonly used as the primary outcome measure-

ment in various CAD studies and is well-defined in observational

data. The definition of stroke is provided in Table S2. Then, we

select completed RCTs that study the treatment effect of two

drugs with published results. Finally, we end up with 4 RCTs

that meet all of the above criteria. We derive downstream tasks

from our data to emulate the outcomes of the corresponding

RCTs. The statistics of the downstream dataset are provided in

Table 1. More details of screening RCTs are in Figure S3. Addi-

tional experimental results on a semi-synthetic dataset are pro-

vided in Table S10.

Baselines
We compare CURE with 8 NN models for TEE, including state-

of-the-art methods. For models designed for continuous out-

comes with mean-squared error (MSE) as a training objective,

we change the objective function to binary cross-entropy

(BCE) for consistency. All the baselines are only trained on down-

stream data and are summarized below.

d TARNet5 estimates potential outcomes by generating

balanced representations between treated and control

groups, thus minimizing biases inherent in observa-

tional data.

d DragonNet6 jointly optimizes treatment prediction and po-

tential outcome prediction. By learning shared representa-

tions from input data, DragonNet employs a three-headed

NN architecture to accomplish its predictive tasks: one
head is dedicated to predicting treatment assignment,

while the other two are tasked with estimating the potential

outcomes.

d DR-CFR7 learns disentangled representations for TEE. It

operates under the premise that observed covariates can

be disentangled into three distinct components: those

exclusively influencing treatment assignment, those solely

affecting outcome prediction, and those contributing

to both.

d TNet8 functions as a NN-based T-learner, aligning with the

meta-learner framework26 that breaks down TEE into dual

sub-regression tasks. It utilizes two distinct neural models

to estimate the potential outcomes.

d SNet8 learns disentangled representations, positing that

observed covariates can be segmented into five distinct

components when accounting for the two potential out-

comes independently.

d FlexTENet27 integrates inductive bias regarding the shared

structure of the two potential outcomes into TEE, flexibly

determining the elements to be shared between the poten-

tial outcome functions.

d TransTEE11 introduces a Transformer-based approach for

TEE where covariates and treatments are encoded using a

Transformer architecture and a cross-attention mecha-

nism for adjusting confounding bias.

d BaseModel directly trains on the downstream datasets us-

ing the same architecture as CURE.
Metrics
We evaluate the performance of factual predictions employing

the metrics of the AUC and AUPR. For counterfactual prediction

performance, we utilize the IF-PEHE.28 This metric facilitates the

benchmarking of TEE methods in scenarios where the ground

truth effects are unavailable. Unlike the conventional PEHE,

which quantifies the MSE between estimated and true treatment

effects, the IF-PEHE assesses the MSE between estimated

treatment effects and their approximated true counterparts. A

numeric output is produced by the IF-PEHE metric, with lower

values indicating superior performance. A comprehensive dis-

cussion on thismetric is presented in supplemental experimental

procedures 4.

Implementation details
Our pre-training uses the BERTbase architecture

15 with 768 hid-

den sizes, 12 attention heads, a 12 layer Transformer, and

3,072 intermediate sizes (see Figure S2 for detailed model

configuration). The maximum input sequence length is 256.
Patterns 5, 100973, June 14, 2024 3
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Table 2. Overall performance comparison with baseline TEE methods across four datasets

Method

Rivaroxaban vs. aspirin Valsartan vs. ramipril

AUC [ AUPR [ IF-PEHE Y AUC [ AUPR [ IF-PEHE Y

TARNet 0:719± 0:015 0:327± 0:023 0:286± 0:044 0:683± 0:028 0:263±0:029 0:284±0:061

DragonNet 0:757± 0:013 0:381± 0:023 0:275± 0:052 0:683± 0:026 0:263±0:027 0:278±0:049

DR-CFR 0:759± 0:015 0:381± 0:026 0:253± 0:038 0:751± 0:019 0:333±0:032 0:275±0:035

TNet 0:715± 0:016 0:318± 0:028 0:290± 0:059 0:673± 0:021 0:256±0:024 0:294±0:065

SNet 0:756± 0:014 0:380± 0:028 0:247± 0:054 0:752± 0:022 0:333±0:033 0:269±0:057

FlexTENet 0:717± 0:014 0:319± 0:022 0:265± 0:054 0:662± 0:028 0:241±0:027 0:282±0:038

TransTEE 0:750± 0:011 0:379± 0:021 0:257± 0:042 0:773± 0:013 0:380±0:025 0:261±0:049

Base Model 0:758± 0:029 0:406± 0:037 0:180± 0:038 0:780± 0:050 0:365±0:066 0:190±0:065

CURE 0:803± 0:011 0:469± 0:023 0:173± 0:038 0:811± 0:018 0:428±0:041 0:158±0:062

Method Ticagrelor vs. aspirin Apixaban vs. warfarin

AUC [ AUPR [ IF-PEHE Y AUC [ AUPR [ IF-PEHE Y

TARNet 0:714± 0:008 0:359± 0:016 0:311± 0:048 0:748± 0:012 0:447±0:030 0:320±0:043

DragonNet 0:741± 0:009 0:397± 0:020 0:309± 0:056 0:792± 0:018 0:519±0:035 0:318±0:055

DR-CFR 0:745± 0:007 0:403± 0:021 0:305± 0:048 0:798± 0:015 0:531±0:032 0:311±0:043

TNet 0:709± 0:009 0:360± 0:020 0:315± 0:061 0:741± 0:015 0:432±0:032 0:322±0:039

SNet 0:742± 0:008 0:400± 0:020 0:298± 0:053 0:795± 0:014 0:525±0:034 0:309±0:054

FlexTENet 0:710± 0:010 0:351± 0:015 0:312± 0:046 0:735± 0:012 0:413±0:033 0:328±0:030

TransTEE 0:747± 0:022 0:385± 0:015 0:288± 0:021 0:799± 0:011 0:517±0:031 0:305±0:059

Base Model 0:751± 0:025 0:425± 0:04 0:246± 0:031 0:791± 0:029 0:539±0:039 0:251±0:045

CURE 0:793± 0:008 0:489± 0:024 0:198± 0:068 0:826± 0:014 0:588±0:024 0:224±0:066

The results are the average and standard deviation over 20 runs. CURE outperforms all other TEE methods.

ll
OPEN ACCESS Article
The pre-training phase is executed on three NVIDIA GeForce

RTX 2080 Ti 11GB GPUs utilizing a batch size of 96. We train

our model using the adaptive moment estimation (Adam) opti-

mizer with an initial learning rate of 1e � 4 and learning rate

warmup in the first 10% training steps. During the fine-tuning,

the learning rate is 5e � 5 without the learning rate warmup.

Fine-tuning is carried out across each task for 2 epochs. The

data for downstream tasks are randomly divided into training,

validation, and test sets with allocations of 90%, 5%, and 5%,

respectively. Performance metrics have been exclusively re-

ported based on the test sets. The optimal hyperparameters of

pre-training and fine-tuning are shown in Tables S3 and S4.

The comparison of the trade-off between the efficacy and effi-

ciency of all methods is in Table S5.

Quantitative analysis
Comparison with state-of-the-art methods

Table 2 shows the performance of factual outcome prediction

(measured by AUC and AUPR) and TEE (measured by IF-

PEHE) on four different downstream tasks. We compare CURE

with the state-of-the-art TEE methods and report the results un-

der 20 random runs. We observe that the proposed CURE has

more than 4%, 7%, and 8% respective average AUC, AUPR,

and IF-PEHE improvement over the best baseline on these

tasks. The results illustrate the promise and effectiveness of

our proposed pre-training and fine-tuning methodology for

TEE. Notably, even without pre-training, the base model of

CURE attains a similar performance to the best baseline, which

suggests the effectiveness of our architecture and data encod-

ing designs. The results of the training and validation sets are
4 Patterns 5, 100973, June 14, 2024
in Table S6. The results of additional evaluation metrics are in

Table S7. The model performance of addressing the treatment

selection bias is demonstrated in Figure S7 and Table S8.

Qualitative analysis
Validate with RCT conclusion

As the ground truth treatment effects are not available in obser-

vational data, we further evaluate the estimated treatment ef-

fects with corresponding ground truth RCTs. In Table 3, we

show the confidence intervals of estimated effects under 20

runs and RCT conclusions of each downstream task.

We use the direct difference to estimate the treatment ef-

fects.33 The results can be interpreted as two potential conclu-

sions: (1) the target treatment is significantly more effective

than the compared treatment in reducing the risk of the outcome

if the upper bound of the confidence interval is lower than zero.

(2) The target is not significantly more effective than the

compared treatment if the confidence interval covers zero (i.e.,

no significant difference) or the lower bound is higher than zero

(i.e., the compared treatment is more effective than the target

treatment). As we can see, our estimated treatment effects are

mostly consistent with each corresponding RCT conclusion.

Though the generated hypothesis and RCT conclusion are not

exactly the same for the third pair (ticagrelor vs. aspirin), they

both indicate that there is no significant reduced treatment effect

of the target treatment over the compared treatment. The results

demonstrate that our proposed CURE successfully identifies

correct treatment effects using only observational patient data.

We also verify the estimated treatment effects of all the base-

lines with RCT conclusions. As shown in Table 4, our method



Table 3. Evaluation of CURE’s estimated effects vs. ground truth conclusions from RCTs

Target vs. compared Estimated effect (CI) p value Generated hypothesis RCT conclusion

Rivaroxaban vs. aspirin [�0.009, 0.006] 0.452 no significant difference no significant difference29

Valsartan vs. ramipril [�0.003, 0.014] 0.103 no significant difference no significant difference30

Ticagrelor vs. aspirin [0.022, 0.040] 6e�14 ticagrelor is less effective than aspirin no significant difference31

Apixaban vs. warfarin [�0.039, �0.002] 4e�4 apixaban is more effective than warfarin apixaban is more effective

than warfarin32

Estimated effects are presentedwithin 95%confidence intervals (CI) derived from 20 bootstrap iterations. Conclusions fromRCTs are referenced from

peer-reviewed publications.
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correctly generates 3 (out of 4) RCT conclusions that match the

ground truth RCT conclusions, while the best baselines only

identify 2 (out of 4) RCT conclusions. Our study demonstrates

that pre-training is more effective in identifying trial conclusions

than the baselines. Additional comparison results under 100

random bootstraps are provided in Table S9.

Self-attention visualization

The self-attention mechanism of the Transformer enables the

exploration of interaction among input covariates and provides a

potential interpretation of the prediction results. We use a Trans-

former visualization tool called bertvi34 to help visualize learned

attention weights. We show the attention weights of a patient

from the apixaban treatment group of apixaban vs. warfarin study

in Figure 2. Different colors denote the attention heads, and there

are 12 heads in total. The medications and diagnosis codes high-

lighted in the figure are the most related features to the outcome

prediction and TEE. For example, amiodarone is an antiarrhythmic

medication used to treat and prevent a number of types of cardiac

dysrhythmias including atrial fibrillation.35 A study36 shows that

apixaban is superior to warfarin in preventing stroke in patients
Table 4. Comparison of the estimated effects by all methods again

Method

Rivaroxaban vs. aspirin

Estimated effect (CI) p value

Match RCT

conclusion?

TARNet [0.066, 0.095] 5.678e�10 no

DragonNet [0.18, 0.236] 5.979e�12 no

DR-CFR [0.13, 0.183] 2.783e�10 no

TNet [0.041, 0.07] 2.509e�7 no

SNet [�0.002, 0.008] 0.231 yes

FlexTENet [0.064, 0.108] 1.529e�7 no

TransTEE [�0.013, �0.002] 0.018 no

CURE [�0.009, 0.006] 0.452 yes

Method Ticagrelor vs. aspirin

Estimated effect (CI) p value Match RCT

conclusion?

TARNet [0.064, 0.101] 2.861e�8 no

DragonNet [�0.013, 0.01] 0.821 yes

DR-CFR [�0.068, �0.029] 4.915e�5 no

TNet [0.046, 0.069] 6.474e�9 no

SNet [0.005, 0.016] 4.398e�4 no

FlexTENet [0.045, 0.068] 5.243e�9 no

TransTEE [�0.014, �0.009] 0.0216 no

CURE [0.022, 0.040] 6e�14 no
with atrial fibrillation. Those attention weights could be used to

analyze the treatment effects in some sub-groups that are charac-

terized by the attended feature set.

Ablation studies
Effect of embedding layer

We evaluate the effect of proposed time embedding and type

embedding, respectively. As shown in Figure 3, the model with

both time and type embedding generally performs better than

the other two ablations. Especially, incorporating time embed-

ding yields larger performance improvement than the type

embedding. This indicates that the proposed embedding

method is better than the standard embedding method and

that time information plays a more important role in TEE than

the type information. A more fine-grained analysis of the effect

of time embeddings is shown in Figure S4.

Effect of downstream data size

We demonstrate the model’s effectiveness on the limited down-

stream data in Figure 4. The plots show the model performance

with different fractions of labeled downstream data. Generally,
st ground truth from RCTs

Valsartan vs. ramipril

Estimated effect (CI) p value Match RCT conclusion?

[�0.037, �0.003] 0.026 no

[0.03, 0.07] 4.681e�5 no

[0.002, 0.04] 0.033 no

[�0.038, �0.001] 0.039 no

[�0.051, �0.026] 3.168e�6 no

[�0.079, �0.035] 3.184e�5 no

[�0.019, 0.034] 0.420 yes

[�0.003, 0.014] 0.103 yes

Apixaban vs. warfarin

Estimated effect (CI) p value Match RCT conclusion?

[�0.006, 0.028] 0.207 no

[0.018, 0.056] 6.284e�4 no

[�0.026, �0.002] 0.047 yes

[0.009, 0.023] 2.329e�4 no

[�0.046, �0.017] 2.112e�4 yes

[0.012, 0.042] 0.001 no

[�0.027, �0.002] 0.027 yes

[�0.039, �0.002] 4e�4 yes

Patterns 5, 100973, June 14, 2024 5



Figure 2. The visualization of the top 10 attention weights associ-

ated with the special token [CLS] of a patient from the apixaban

treatment group

Colors identify the corresponding attention heads, and color intensity reflects

the attention score.
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given only 5%–10% labeled data, CURE achieves comparable

performance to the Base Model, which is trained on the fully

labeled data. Specifically, the performance gains are large

when given a small fraction of labeled data (1%–5%), and the

curve tends to gently increase after the fraction is larger than

10%. With increased data size, the performance gradually

achieves the upper bound of fine-tuning on fully labeled data.

The results demonstrate that unsupervised pre-training benefits

low-resource downstream tasks even when only a limited num-

ber of labeled data are available for fine-tuning. Additional results

of AUPR scores are shown in Figure S5.

Effect of pre-training data size

Wefurtherexplore theeffectofpre-trainingdatavolumeontheper-

formance of downstream tasks. In Figure 5, we show the AUC

given different fractions of pre-training data. Here, the 0% training

set size denotes the Base Model, which is trained on the down-

stream data from scratch. Generally, the performance improves

with the increase of pre-train data. The results indicate that pre-

training is beneficial for downstream tasks by learning contextual-

ized patient representations from large-scale unlabeled patient

data. Additional results of AUPR scores are shown in Figure S6.

DISCUSSION

In thispaper,westudy theproblemofTEE fromobservationaldata.

We propose a new Transformer-based TEE framework called
Figure 3. The effect of different embedding layer designs on four dow
mean (SEM).
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CURE, which adopts the pre-training and fine-tuning paradigm.

CURE is pre-trained on large-scale unlabeled patient data and

then fine-tuned on labeled patient data for TEE. We convert the

structured patient data into sequence and design a new sequence

encodingmethod to encode the structure and time into a compre-

hensive patient embedding. Thoroughexperiments show that pre-

training significantly boosts the TEE performance on 4 down-

stream tasks compared to state-of-the-art methods. We further

demonstrate the data scalability of CURE and verify the results

with corresponding published RCTs. One promising application

of ourmodel is to help generate useful hypotheses of treatment ef-

fects and serve as a complementary tool to standard RCTs, e.g.,

exploring new uses of existing drugs. Future work could be done

to improve the model performance by engaging more patient

data from diverse disease cohorts as pre-training data.
Deep learning for TEE
Generally, existing NN-based methods formulate the TEE as

several regression tasks (i.e., regression on potential outcomes

and treatment) with different levels of information shared among

the nuisance estimation tasks using representation learning.37

TARNet,8 for example, learns shared representations for two po-

tential outcomes, while SNet8 learns five different representa-

tions on the combinations of treatment and potential outcomes.

Recently, Transformer has been introduced as an encoder block

for TEE9,11 and yields better performance than the state-of-the-

art methods. Despite the promising results, the main limitation is

that the model performance can be diminished if the labeled da-

taset is limited. The model trained for one particular problem or

data may fail to generalize to other scenarios.
Pre-training and fine-tuning of Transformer
Since Transformer is based on a flexible architecture with few as-

sumptions on the input data structure, it is difficult to directly

train the model on small-scale data. Therefore, various PTMs

are first pre-trained on the large-scale unlabeled data and then

fine-tuned for labeled tasks at hand. PTMs learn universal and

contextualized representations, which can boost various down-

stream tasks and avoid developing and training a new model

from scratch. Among the existing PTMs in NLP, BERT15 is one

of themost popularmodels. BERT15 is pre-trained on large-scale

unlabeled corpus via self-supervised pre-training tasks (i.e.,

masked language modeling [MLM] and next sentence
nstream tasks. The error bars represent the standard error of the



Figure 4. The effect of limited resources in fine-tuning datasets on performance across four downstream taskswith varied proportions of the

labeled training set (x axes)
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prediction) and fine-tuned on downstream tasks with an addi-

tional linear head. The patient data are similar to natural language

text, as they both contain sequential information. However,

patient data, with their hierarchical structure and irregular time

information, pose distinct challenges compared to standard tex-

tual data. To address these specific challenges effectively, we

proposed a new patient data encoding method. This method is

designed to fully accommodate the unique characteristics of pa-

tient data, enabling a more comprehensive understanding and

interpretation of such information.

Comparison with existing pre-trained models using
patient data
Recently, several pre-trainedmodels, such asBEHRT38 andMed-

BERT,39 have been developed for clinical risk prediction using pa-

tient data. BEHRT, for instance, is a Transformer model directly

adapted from the BERT architecture to encode patient visits for

disease prediction. Similarly, Med-BERT, another Transformer

model, incorporates customized pre-training objectives tailored

for disease prediction problems. Despite these advancements,

most existingmodels tend to employ the standardBERTencoding

method or only introduce minimal modifications when applied to

patient data. This approach can be inadequate, as it may not fully

capture the complex hierarchical relationships and temporal irreg-

ularities inherent inpatient data. This limitation isevident inTable 5,

where our proposed patient encoding method in CURE demon-

strates superior performance by effectively addressing these

unique challenges of patient data representation. More detailed

comparisons of our method and existing work are provided in

Tables S11 and S12.

Real-world data selection and model generalization
The dataset employed in our study, obtained fromMarketScan,23

was selected for its comprehensive scope, encompassing
Figure 5. The effect of pre-training data volume on four downstream t
approximately 3 M patient medical sequences, which is crucial

for capturing a broad spectrum of heart disease manifestations.

Additionally, we developed a semi-synthetic dataset, which con-

tains ground truths of treatment effects, to facilitate the evaluation

of our model (refer to Table S10). In terms of generalization, our

approach can be applied to datasets comparable in scale and

content to MarketScan, such as Cosmos,40 Optum,41 and IQ-

VIA.42 These datasets share similar characteristics to

MarketScan, such as information on medications, diagnoses,

and demographics. To support the adaptation of our methodolo-

gies by other researchers, we have detailed the MarketScan data

structure on GitHub (https://github.com/ruoqi-liu/CURE).

Heterogeneity of large real-world data
The potential heterogeneity in care protocols across different

healthcare institutions might impact the model’s performance.

Such variability introduces confounding factors, given that pa-

tients may receive care that adheres to differing standards. Un-

fortunately, MarketScan data do not contain institute-level infor-

mation, which precludes a direct analysis of how specific care

protocols might influence treatment outcomes. To account for

this, our approach includes a comprehensive analysis of a

wide array of covariates—totaling 9,435—including historical

medication use, diagnoses, and demographic factors. These co-

variates are selected to broadly account for potential con-

founders that might influence treatment outcomes, serving as

proxies for the unavailable institute-level data. Furthermore, if

available, the institute-level information (e.g., hospital locations,

care protocols, etc.) can be easily integrated into our model to

refine our findings.

Class imbalance in downstream data
The downstream datasets do not exhibit a high degree of class

imbalance. The percentage of positive labels across all datasets
asks (average of 20 runs)
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Table 5. Comparison with existing pre-trained models on four downstream datasets

Method

Rivaroxaban vs. aspirin Valsartan vs. ramipril

AUC [ AUPR [ IF-PEHE Y AUC [ AUPR [ IF-PEHE Y

BEHRT 0:765±0:013 0:424± 0:018 0:179± 0:031 0:784± 0:017 0:394± 0:021 0:181±0:024

Med-BERT 0:771±0:012 0:432± 0:022 0:176± 0:027 0:789± 0:015 0:401± 0:029 0:177±0:034

CURE 0:803±0:011 0:469± 0:023 0:173± 0:038 0:811± 0:018 0:428± 0:041 0:158±0:062

Method Ticagrelor vs. aspirin Apixaban vs. warfarin

AUC [ AUPR [ IF-PEHE Y AUC [ AUPR [ IF-PEHE Y

BEHRT 0:755±0:017 0:433± 0:012 0:232± 0:018 0:796± 0:014 0:554± 0:019 0:246±0:021

Med-BERT 0:761±0:015 0:447± 0:014 0:230± 0:027 0:802± 0:011 0:561± 0:022 0:242±0:031

CURE 0:793±0:008 0:489± 0:024 0:198± 0:068 0:826± 0:014 0:588± 0:024 0:224±0:066

The results are the average and standard deviation over 20 runs. CURE outperforms all other patient data encoding methods.
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ranges from 12% to 19%. Notably, even in the dataset with the

lowest proportion of positive instances (11.9%), a substantial

count of 1,529 positive instances was observed. Recognizing

the importance of selecting an appropriate evaluation metric

for imbalanced data, we opted for the AUPR. AUPR is especially

advantageous in scenarios of class imbalance, as it emphasizes

the trade-off between precision and recall, a critical consider-

ation when the positive class is underrepresented. This metric’s

suitability is underscored by our findings, where our model

demonstrated consistent superiority over state-of-the-art

models across various datasets. Specifically, our model ex-

hibited an average improvement of 7% in AUPR, including a

notable 4% enhancement in performance on the dataset with

the lowest percentage of positive labels, compared to the best

baseline.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources should be directed to and will

be fulfilled by the lead contact, Dr. Ping Zhang (zhang.10631@osu.edu).

Materials availability

This study did not generate any new materials.

Data and code availability

The data we use are from MarketScan CCAE (more than 100 M patients, from

2012 to 2017). Access to theMarketScandata analyzed in thismanuscript is pro-

vided by The Ohio State University. The dataset is available at https://www.

merative.com/real-world-evidence. Our source code is available at GitHub

(https://github.com/ruoqi-liu/CURE) and has been archived at Zenodo.43
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Methods

TEE from observational data

In this article, we are interested in observational patient data. Each patient

sample consists of pre-treatment covariates x (i.e., historical co-medication,

co-morbidities, and demographics) and treatment a of interest. Following

the potential outcome framework,44 the potential outcome ya is defined as

the response to treatment a out of all available treatment options. Typically,

we consider the comparative treatment effects of two treatments and denote

two potential outcomes as y1 and y0 for simplicity.

We aim to estimate the individual-level treatment effect (ITE) as the differ-

ence between the potential outcomes under two treatment arms as y1ðxÞ �
y0ðxÞ. We are also interested in the average treatment effect (ATE), which is

the average effect among the entire population, denoted as E½y1ðxÞ � y0ðxÞ�.
In observational data, only one of the potential outcomes is available and

the remaining counterfactual outcomes are missing in nature, which makes

this task more difficult than classical supervised learning. We follow the stan-

dard assumptions45 (i.e., consistency, positivity, and strong ignorability). The

potential outcome can be defined as yaðxÞ = E½yja; x� and can be estimated

from observational data. More details of assumptions and analysis of propen-

sity are illustrated in supplemental experimental procedures 1 and Figure S1.

Encoding structured patient data

In this work, we focus on longitudinal observational patient data. We first intro-

duce the data for pre-training and fine-tuning, respectively. Then, we illustrate

how to convert structured patient data into sequential input for the Transformer

encoder.

Pre-train data structure

The pre-training is based on large-scale unlabeled patient data. Here, to distin-

guish from downstream data, we denote the pre-train data as unlabeled data

(x � X), while downstream data with treatment a and outcome y are denoted

as labeled data (fx; a; yg � Z). The unlabeled patient data consist of (1) co-

medication m1;m2;.;mjMj ˛M, where jMj is the number of unique medica-

tion names; (2) co-morbidities d1;d2;.;djDj ˛D, where jDj is the number of
65 days)

65 days)

Outcome
encoding

eatment
coding

Treatment
encoding

Figure 6. Illustration of the downstream data

construction with retrospective study design

Index date refers to the first prescription of the

target treatment or the compared treatment, which

should not be prior to the disease initiation date. The

baseline period is no less than 1 year, and the

follow-up period as an outcome observation is also

1 year. The treatments of interests and outcomes

are obtained at the index date and follow-up period,

respectively.
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Figure 7. Illustration of encoding structured patient data into

sequential input

The patient data are recorded in a hierarchical structure such that a patient

contains multiple visits and each visit contains multiple medications and di-

agnoses. The structured data are converted into a sequence by flattening all

covariates in each visit and aligning them chronologically.
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unique diagnosis codes, and (3) demographics c, with age encoded as a cat-

egorical value and gender encoded as a binary value. A patient can have mul-

tiple visits fv1;.;vTg, where each of visit vt contains a subset of medication

and diagnosis codes (vt ˛MWD). We denote the unlabeled patient data as

x = fc;fvtgTt = 1g, and all the covariates are obtained from the baseline period

as shown in Figure 6.We build amedical vocabulary from all patient covariates

as V = fM;D;cg.
Fine-tuning data structure

The fine-tuning is based on small-scale labeled patient data, which are not

used for pre-training. Besides the co-medication, co-morbidities, and demo-

graphics, the labeled patient data contain treatment a˛Mtask (i.e., can be

either the target treatment or compared treatment from task-specific medica-

tion group Mtask) and outcome ya ˛ f0; 1g under the observed treatment a. In

Figure 5, we show the retrospective study design of how to construct down-

stream data and obtain labels for treatments and outcomes. In particular,

we collect patient data from two different treatment groups for comparison.

For each group of patients, the covariates (i.e., co-medication, co-morbidities,

and demographics) are obtained from the baseline period (also known as pre-

treatment covariates) as potential confounders, and the outcomes are ob-

tained from the follow-up period. More illustrations of the study design can

be found in supplemental experimental procedures 4.

Structured patient data to sequential input

As introduced above, the original patient data are recorded naturally in a hier-

archical structure. Unlike natural language text, which is inherently encoded as

a sequence of words, the patient data need to be pre-processed into a

‘‘sequence-like’’ format before being sent to the Transformer encoder. As

shown in Figure 7, we flatten the structured patient data by chronologically

going through each medication and diagnosis in each visit and aligning them

in one sequence. Eachmedication or diagnosis is encoded as an individual to-

ken, which is comparable to text tokenization. The token IDs are obtained from

the medical vocabulary V.

Pre-training CURE

As shown in Figure 8, the pre-training consists of threemodules: (1) an embed-

ding layer to convert input patient data into embedding representations, (2)

Transformer encoders to generate contextualized hidden representations,

and (3) a final project layer for the pre-training objective. More formally, given

the encoded patient sequence x = ½x1;.;xm;.;xT �, the pre-training proced-

ure can be decomposed into the following steps:

x/
Mask �

x1;.; ½MASK�m;.; xT
�
/
EmbeddingfeigTi = 1

/
fq fhigTi = 1/

MLM
LMLMðqÞ

(Equation 1)
We randomly replace 15% of input tokens with special [MASK] tokens, e.g.,

token xm in the sequence. ei ˛RB denotes the embedding representation with

embedding dimension B generated by the comprehensive embedding layer.

hi ˛RH denotes the contextualized representation with hidden dimension H

generated by Transformer encoder fq. The MLM15 aims to predict the masked

tokens xm from the established vocabulary V using hidden representation hm.

The pre-training loss function of MLM is denoted as LMLMðqÞwith optimization

parameters q.

Comprehensive embedding layer

Pre-trained language models like BERT15 have achieved great success in nat-

ural language text, demonstrating strong power in modeling sequential data.

Although longitudinal patient data can be considered sequential data when

organized chronologically, significant and unignorable differences exist be-

tween text and patient data. It is hard to directly apply the existing pre-trained

language model to our unique patient data. Our ablation study shows that the

standard embedding design adopted in NLP (i.e., token embedding and posi-

tion embedding) will be sub-optimal in our scenario (see ablation studies for

more details).

Compared to the natural language text, (1) longitudinal patient data

contain a more complex hierarchical structure than the text data: a patient

record contains a number of visits, and each visit also contains a number of

different types of medical codes (i.e., medication or diagnosis). (2) The pa-

tient data are irregularly sampled (i.e., the time interval among visits is not

regular), while the text data are regularly organized. As shown in Figure 7,

the visit dates are not regularly distributed along the time: the first visit

happened on day 0, the second visit happened on day 14, the third visit

on day 33, etc. On visit 2 (day 33), the patient received two types of codes:

montelukast and lisinopril as medications and chest pain and paralysis as

diagnoses.

To accommodate the above issues of complex hierarchical structure and ir-

regularity of the observational patient data, we propose a more comprehen-

sive embedding layer than the original BERT15 embedding layer by including

associated code-type information and time information. For each input token,

the patient embedding ei is obtained as

ei = wtoken + ttype + vvisit +pphysical (Equation 2)

wherewtoken is the original input token embedding and ttype is the type embed-

ding of the input token. According to our data, there are three types in total:

{demographics, medication, diagnosis}. The visit time embedding vvisit is the

visit time corresponding to a visit. The physical time embedding pphysical is

the physical time associated with the visit. Here, the physical time is measured

by month (i.e., 30 day fixed window). Both visit and physical times are orga-

nized relative to the treatment index date (i.e., the absolute distance between

the visit/physical time and the index date).

For example, Figure 7 illustrates an input sequence of patient data, including

type and timing information: rivaroxaban falls under the medication type, pre-

scribed during visit 1 (day 14), and chest pain is categorized under the diag-

nosis type, recorded during visit 2 (day 33). The input token embedding,

time embedding, and type embedding are integrated and used as the input

to the Transformer encoder.

Transformer encoder and pre-training objective

We use an N-stacked Transformer as our encoding backbone as it has been a

widely adopted architecture. Each Transformer encoder block comprises a

multihead self-attention layer succeeded by a fully connected feedforward

layer.14 Further information on the Transformer architecture can be found in

supplemental experimental procedures 3.

The Transformer encoder fq takes the comprehensive embedding represen-

tations as input and generates contextualized hidden representations as fqðeÞ.
Given unlabeled patient data X, the pre-training is to minimize the MLM loss of

predicting the masked token with position j˛J using the input token embed-

ding and hidden representation:

LMLMðqÞ = Ex�X

"
�

X
j˛J

logðPðwj

��fqðeÞÞÞ
#

(Equation 3)

where Pðwj

��fqðeÞÞ is the softmax probability of the masked token over all to-

kens in the vocabulary.
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[SEP]
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Figure 8. Illustration of pre-training and fine-tuning of CURE

The unlabeled structured patient data are first converted into a sequential input and processed for the embedding layer and encoder. During the fine-tuning, the

treatments of interest are appended for potential outcome prediction.
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Fine-tuning CURE for TEE

Given downstream labeled data fx; a; yg � Z, we fine-tune the model on

different downstream TEE tasks. Here, we are interested in the comparative

causal treatment effect of the target treatment over another compared treat-

ment according to the downstream tasks. For each task, we plug in the

task-specific input and outputs into CURE. We add a linear head f4 to the hid-

den representations learned from the pre-training stage. We fully fine-tune all

model parameters end to end by jointly updating q� obtained from optimizing

Equation 3 and a randomized 4.

Specifically, we append the original input sequence with the index treatment

(i.e., target treatment or compared treatment), which is separated by the spe-

cial [SEP] token. As shown in Figure 8, the treatment valsartan is appended to

the original inputs to indicate that the patient is from the treatment group of val-

sartan. The model processes the new inputs through the embedding layer and

the Transformer encoder with parameters initialized with q�. We use the final

hidden vector corresponding to the first input token ([CLS]) as the pooled rep-

resentation h½CLS� from the pooling layer. We predict the potential outcomes

under the treatment a via the linear head as f4+fq� ðh½CLS�ðaÞÞ. The fine-tuning

objective is the BCE of the potential outcome prediction:

LTEEðq�;4Þ = Efx;a;yg�Z

�
BCE

�
f4 + fq�

�
h½CLS�ðaÞ

�
; y
��

(Equation 4)

Here, only the factual outcomes are used for training loss computation, as

the counterfactual outcomes are unavailable in the observational data. After

model fine-tuning, we infer the ITE d and ATE D as the difference between

two predicted potential outcomes under the target and compared treatment:

bd = bya = Target � bya = ComparedbD = E
�bya = Target � bya = Compared

� (Equation 5)
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