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Abstract

Structured Electronic Health Record (EHR) data stores pa-
tient information in relational tables and plays a central role in
clinical decision-making. Recent advances have explored the
use of large language models (LLMs) to process such data,
showing promise across various clinical tasks. However, the
absence of standardized evaluation frameworks and clearly
defined tasks makes it difficult to systematically assess and
compare LLM performance on structured EHR data. To ad-
dress these evaluation challenges, we introduce EHRStruct, a
benchmark specifically designed to evaluate LLMs on struc-
tured EHR tasks. EHRStruct defines 11 representative tasks
spanning diverse clinical needs and includes 2,200 task-
specific evaluation samples derived from two widely used
EHR datasets. We use EHRStruct to evaluate 20 advanced
and representative LLMs, covering both general and medi-
cal models. We further analyze key factors influencing model
performance, including input formats, few-shot generalisa-
tion, and finetuning strategies, and compare results with 11
state-of-the-art LLM-based enhancement methods for struc-
tured data reasoning. Our results indicate that many struc-
tured EHR tasks place high demands on the understanding
and reasoning capabilities of LLMs. In response, we propose
EHRMaster, a code-augmented method that achieves state-
of-the-art performance and offers practical insights to guide
future research.

Code — https://github.com/YXNTU/EHRStruct
Project page — https://yxntu.github.io/proEHRStruct/
Extended version — https://arxiv.org/abs/2511.08206

1 Introduction

Structured electronic health records (EHRs) (Héyrinen,
Saranto, and Nykidnen 2008; Wei, Zhao, and Miao 2018)
store patient information in relational tables, including di-
agnoses, medications, and laboratory results. Each entry
in records corresponds to a specific clinical event or mea-
surement and is often timestamped to capture longitudi-
nal patient trajectories. In contrast to traditional meth-
ods such as SQL-based querying, large language models
(LLMs) (Brown et al. 2020; Zhao et al. 2025b) offer greater
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flexibility, more powerful reasoning abilities, and a natural
language interface, and have been increasingly adopted for
structured EHR modeling (Li et al. 2024a).

The application of LLMs to structured EHR data has re-
cently attracted growing attention, emerging as a promising
frontier for clinical Al research. However, effectively lever-
aging such data remains challenging even for state-of-the-
art LLMs, due to the need for tabular understanding, clinical
reasoning, and alignment with user intent (Ren et al. 2025).
Recent efforts have attempted to tackle these aspects from
different angles: Yang et al. (Yang et al. 2024) tackle tabular
understanding by automating the generation of standardized
summary tables from structured clinical trial data. Zhu et
al. (Zhu et al. 2024) focus on clinical reasoning tasks, devel-
oping a prompting-based approach for predicting outcomes
such as mortality, length of stay, and readmission from lon-
gitudinal EHR records. Kwon et al. (Kwon et al. 2024) ad-
dress alignment with user intent by verifying the semantic
consistency between structured EHR tables and unstructured
clinical notes.

Despite promising advances, existing work lacks a uni-
fied evaluation framework for assessing LLMs on struc-
tured EHR tasks (Lovon et al. 2025). This issue manifests
in several ways. First, most studies focus on a limited set
of tasks—such as disease prediction (Contreras et al. 2024;
Hu et al. 2024b,a; Zhao et al. 2025a), mortality risk estima-
tion (Wang et al. 2025), information extraction (Huang et al.
2024), and arithmetic reasoning over tabular data (Yang
et al. 2024)—while leaving many clinically important use
cases underexplored, including medication recommenda-
tion (Shool et al. 2025) and clinical named entity recog-
nition (Monajatipoor et al. 2024; Li et al. 2024c). Second,
even when addressing the same task (e.g., disease predic-
tion), prior studies (Zhu et al. 2024; Contreras et al. 2024;
Hu et al. 2024b,a) often use different datasets and evaluation
protocols, limiting reproducibility and hindering fair model
comparison. Third, there is no consensus on input formatting
strategies or experimental setups, leading to inconsistencies
in how structured data are presented to LL.Ms. Fourth, exist-
ing evaluation metrics provide limited interpretability, mak-
ing it difficult to understand which specific reasoning capa-
bilities contribute to model successes or failures.

To address these limitations, we introduce EHRStruct,
a comprehensive benchmark specifically designed to sys-



Task Scenarios Task Levels Task Categories Task IDs Metrics
Understanding  Information retrieval D-U1/U2 Accuracy
Data-Driven D ; D-R1/R2 A
Reasoning ata aggregation /R2/R3 ccuracy
Arithmetic computation D-R4/R5 Accuracy
Understanding  Clinical identification K-Ul AUC!
Knowledge-Driven . Diagnostic assessment K-R1/R2 AUC
Reasoning -
Treatment planning K-R3 AUC

Table 1: Overview of the 11 structured tasks in EHRStruct, categorized by scenario (Data-Driven vs. Knowledge-Driven) and

cognitive level (Understanding vs. Reasoning).

tematically evaluate LLMs on structured EHR tasks. First,
to expand task coverage, EHRStruct defines 11 diverse
tasks across 6 categories, including information retrieval,
data aggregation, and more. These categories are distilled
from a thorough analysis of real-world clinical applica-
tions and prior research paradigms, ensuring that the se-
lected tasks reflect both operational diversity and clinical
relevance. Second, to mitigate dataset inconsistencies, we
construct task-specific evaluation samples using standard-
ized data sources from two complementary origins—the
synthetic Synthea dataset (Walonoski et al. 2018) and
the real-world eICU database (Pollard et al. 2018). For
each task, we select representative and non-overlapping in-
put—output pairs, validated through cross-checking by mul-
tiple domain experts, enabling reproducible and fair com-
parisons across models. Third, to resolve inconsistencies
in input formatting and experimental protocols, we con-
duct a systematic exploration of input construction strate-
gies and propose a unified framework that clearly distin-
guishes between different prompt structures for controlled
experimentation. Finally, to enhance interpretability and
support fine-grained diagnostic analysis, we further clas-
sify all tasks along two orthogonal dimensions: evaluation
scenario—Data-Driven versus Knowledge-Driven, and cog-
nitive complexity—understanding versus reasoning. This
two-dimensional design enables deeper insights into the spe-
cific capabilities and limitations of LLMs.

To assess the practicality and effectiveness of our pro-
posed benchmark, EHRStruct, we evaluate 20 representative
general and medical LLMs. We primarily focus on zero-
shot settings, while also testing 1-shot, 3-shot, and 5-shot
configurations to investigate few-shot performance across
tasks in our benchmark. In addition, we systematically ex-
amine the impact of input formatting, comparing 4 com-
mon prompt structures for structured data, and evaluate
the effectiveness of task-specific finetuning. In addition to
evaluating base LLMs, we assess 11 representative LLM-
based enhancement methods designed to improve struc-
tured data performance, including 8 originally developed
for non-medical tasks and 3 specifically tailored for medical
tasks. Building on insights from our evaluation of both base
LLMs and enhancement methods, we propose EHRMas-
ter—a novel code-augmented framework tailored for struc-
tured EHR tasks. EHRMaster operates in three stages: it first
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generates a high-level solution plan based on the task defini-
tion, then aligns key concepts in the plan with relevant data
fields, and finally determines whether to generate executable
code or proceed with direct reasoning. By structuring exe-
cution around task semantics, EHRMaster achieves substan-
tial performance gains across diverse benchmark tasks. Our
main contributions are as follows:

* We introduce EHRStruct, a comprehensive benchmark
featuring diverse clinically grounded tasks, standardized
datasets, systematic input design, and interpretable eval-
uation to assess LLMs on structured EHR tasks.

We use EHRStruct to systematically evaluate 20 gen-
eral and medical LLMs and 11 LLM-based enhancement
methods, providing extensive analysis and insights into
task-specific performance.

We propose EHRMaster, achieving state-of-the-art re-
sults on our benchmark and providing valuable inspira-
tion for future research on structured EHR modeling.

2 Key Findings

Table 1 summarizes the benchmark tasks across defined sce-
narios, levels, and categories, with detailed classification cri-
teria provided in the Appendix Section A.1. Our main find-
ings are summarized as follows:

* General LLMs Outperform Medical LLMs: General
LLMs consistently outperform medical models on struc-
tured EHR tasks. Among these, closed-source commer-
cial models—especially the Gemini series—achieve the
best overall performance.

LLMs Excel at Data-Driven Tasks: Overall, LLMs per-
form better on Data-Driven tasks than on Knowledge-
Driven ones.

Input Format Influences Performance: Natural lan-
guage inputs benefit Data-Driven reasoning tasks, while
graph-structured prompts help with Data-Driven under-
standing. No format consistently improves Knowledge-
Driven tasks.

Few-shot Improves Performance: Few-shot prompting
improves performance overall, with 1-shot and 3-shot
settings typically outperforming 5-shot.
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Figure 1: Overview of EHRStruct. The figure illustrates the four key components of the benchmark: (1) task synthesis through
clinical needs induction and task distillation from prior research; (2) taxonomy construction based on clinical scenarios and
reasoning levels; (3) task-specific sample extraction from real and synthetic EHR data; and (4) the model evaluation pipeline,
including table input, format conversion, model inference, and answer evaluation.

* Multi-task Fine-tuning Outperforms Single-task
Fine-tuning: While both strategies improve LLM
performance, multi-task fine-tuning yields greater gains.

¢ Enhancement Methods Are Scenario-Specific:
Non-medical enhancement methods underperform in
Knowledge-Driven categories, while medical-specific
methods struggle in Data-Driven scenarios.

3 EHRStruct

Figure 1 provides an overview of our benchmark framework,
EHRStruct. In this section, we elaborate on its design, cov-
ering the data sources, task construction, evaluation setup,
and our proposed EHRMaster.

3.1 Task Synthesis

Our benchmark defines six categories of tasks that re-
flect both emerging and established application scenarios in
structured EHR modeling. Each task is initially proposed by
the CS researcher through task distillation from prior work
and existing modeling paradigms, then reviewed and val-
idated by the medical expert to ensure clinical relevance.
Clinical identification and Treatment planning are retained
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based on expert confirmation, as they are clinically im-
portant but remain underexplored in structured settings de-
spite being common in unstructured EHR contexts. Their
definitions are customized based on prior work in concept
extraction (Ong et al. 2023; Chang and Sung 2024) and
planning-based dialogue systems (Ullah et al. 2024; Tan
et al. 2024; Zhao et al. 2021). The remaining four task
types—Information retrieval, Data aggregation, Arithmetic
computation, and Diagnostic assessment—are distilled from
typical LLM applications to structured EHR data and re-
flect core reasoning patterns observed in prior studies. To-
gether, these tasks are designed to cover a diverse range of
real-world clinical needs in both operational and decision-
support scenarios.

3.2 Task Taxonomy Construction

As summarized in Table 1, we organize the benchmark
tasks along three axes: clinical scenario (Data-Driven
vs. Knowledge-Driven), cognitive level (Understanding vs.
Reasoning), and task category (six functional types). This
taxonomy captures both the practical intent and the reason-
ing complexity of each task, supporting a comprehensive
and interpretable evaluation framework (Fleishman 1975;



Types Models # Params
GPT-3.5 Turbo (OpenAl 2023) Commercial
= GPT-4.1 (OpenAlI 2025) Commercial
<
§ Gemini 1.5 (DeepMind 2024a) Commercial
= o Gemini 2.0 (DeepMind 2024b) Commercial
E;) %D Gemini 2.5 (DeepMind 2025) Commercial
8 %ﬁ DeepSeek-V2.5 (Liu et al. 2024a) 236B
ﬂ DeepSeek-V3 (Liu et al. 2024b) 685B
2 Qwen-7B (Team 2024) 7B
~ Qwen-14B (Team 2024) 14B
Qwen-32B (Team 2024) 32B
Qwen-72B (Team 2024) 72B
- Huatuo (Zhang et al. 2023) 7B
3 HEAL (Han et al. 2023) 7B
= Meditron-7B (Chen et al. 2023) 7B
= O
5% MedAlpaca-13B (Yuan et al. 2024) 13B
3 Eﬁ JMLR (Wang et al. 2024a) 13B
=&  PMC.LLaMA_13B (Wu et al. 2024) 13B
ié_’o Med42-70B (Christophe et al. 2024) 70B
5 Apollo (Wang et al. 2024b) 70B
CancerLLM (Li et al. 2024b) 70B

Table 2: List of 20 LLMs, including 11 general and 9 med-
ical models, covering both open-source and commercial re-
leases with parameter sizes ranging from 7B to 685B.

Zhao et al. 2017). Detailed descriptions are provided in
Appendix Section A.2, and task instructions appear in Ap-
pendix Section A.3. Such a structured organization also en-
ables fine-grained comparison of model performance across
clinically and cognitively diverse settings.

3.3 Task-Specific Samples Extraction

Our benchmark is built from two representative structured
EHR sources. The first is Synthea (Walonoski et al. 2018)',
a synthetic dataset simulating realistic patient records with-
out privacy concerns. The second is the eICU Collaborative
Research Database (Pollard et al. 2018)?, a real-world ICU
dataset comprising clinically rich, multi-institutional struc-
tured tables. Together, they ensure coverage of both simu-
lated and authentic clinical scenarios.

For each task, the CS researcher and the medical expert
jointly screen and identify the most relevant tables based on
the task definition and schema content. Once matched, we
construct 100 evaluation samples per task per dataset, re-
sulting in 2,200 annotated instances across 11 tasks. Repre-
sentative data rows are selected to ensure clinical diversity,
and GPT-40 is used to generate question—answer pairs con-
ditioned on the task definition, table schema, and sampled
content. All outputs undergo two-stage validation: medical
reviewers assess the correctness and plausibility of answers,
while technical reviewers verify that each question is faithful
to the task objectives and input semantics.

Uhttps://github.com/synthetichealth/synthea
*https://eicu-crd.mit.edu/
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3.4 Evaluation Setup

We evaluate a diverse set of large language models (LLMs)
on our benchmark, including both general-purpose and
medical-domain models. Table 2 summarizes the 20 models
included in our study, detailing their model types and param-
eter sizes. For each task ID, we evaluate all 20 LLMs using
200 question—answer pairs (100 from the synthetic Synthea
dataset and 100 from the real-world eICU dataset), ensuring
balanced coverage across data sources. We employ 4 distinct
formats to transform structured EHR data into text inputs
and report results separately for each data source. All eval-
uations use single-turn generation with consistent decoding
parameters (e.g., temperature and maximum token limits) to
ensure fair model comparisons.

Beyond these benchmark-wide evaluations, we conduct
detailed few-shot and fine-tuning experiments on the Gem-
ini series to investigate their potential on structured EHR
tasks. We also reproduce 11 existing methods for structured
data reasoning—=8 from other domains and 3 from clinical
settings—and systematically evaluate their performance on
our benchmark for comparison. Finally, we evaluate our pro-
posed EHRMaster method on the benchmark to demonstrate
its effectiveness relative to both general-purpose LLMs and
existing structured-data reasoning approaches.

3.5 EHRMaster Overview

Here, we briefly outline our proposed EHRMaster frame-
work (see Appendix Section B for details). EHRMaster op-
erates in three key stages:

Solution Planning: Generates a high-level natural-
language solution plan based on the question, decomposing
it into the required reasoning steps. Concept Alignment:
Maps the abstract concepts in the plan to the correspond-
ing fields and tables in the structured EHR data. Adaptive
Execution: Selects between code-based execution and di-
rect language reasoning, and applies the chosen strategy to
retrieve evidence and derive the final answer.

For example, in the hospital cost estimation task, once the
relevant fields have been identified, EHRMaster generates
Python code to filter billing entries by admission and dis-
charge timestamps and compute the total cost. In contrast,
for tasks like assessing treatment effectiveness based on het-
erogeneous clinical events, EHRMaster may bypass code
and instead use multi-step language reasoning grounded in
the aligned data.

4 Results

In this section, we provide an overview of the results, anal-
yses, and experimental findings for the LLMs evaluated in
our benchmark. Detailed results and further analyses are pre-
sented in Appendix Section C.

4.1 Overall Benchmark Results

Table 3 reports the performance of all evaluated models
on the synthetic Synthea dataset. We organize results by
task scenario—Data-Driven and Knowledge-Driven—and



GPT3.5 GPT3.5 GPT3.5

GPT4.1 10 GPT4.1 10 GPT4.1 10
Geminil.5 Geminil.5 Geminil.5
Gemini2.0 5 Gemini2.0 5 Gemini2.0 5
Gemini2.5 Gemini2.5 Gemini2.5
DeepSeekV2.5 0 DeepSeekV2.5 0 DeepSeekV2.5 0
DeepSeekV3 DeepSeekV3 DeepSeekV3
Qwen7B -5 Qwen7B -5 Qwen7B -5
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Qwen32B -10 Qwen32B -10 Qwen32B -10
Qwen72B Qwen72B Qwen72B
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Figure 2: Relative Performance Gains from Different input formats across LLMs.

further distinguish tasks by level, specifically Understand- e I >0 6o

ing (U) and Reasoning (R). Although the specific ques- i | |

tion—answer pairs differ across datasets, we observe highly 64 23 « 56

consistent performance patterns on the real-world eICU K

dataset as well, which is reported in Appendix Table 6. 201 3 5 ® 1 3 5 Y9 1 3 s
First, general LLMs consistently outperform medical } : _

LLMs across nearly all task categories. This performance (aé}lénll{illi 15 (b()}gmfiﬁi_z 0 (C()}Snﬁzi-z 5

gap is particularly evident in the Knowledge-Driven sce- ' ' '

nario, where medical models frequently fail to produce valid Figure 3: Performance of representative LLMs on two Sce-

outputs or achieve meaningful accuracy or AUC scores. No- narios under few-shot (1, 3, and 5-shot) learning settings.

tably, none of the medical models rank among the top three

performers for any task ID. In contrast, closed-source com-

mercial models—especially the Gemini series—achieve the with 1-shot and 3-shot settings typically outperforming 5-

highest overall performance, demonstrating robust general- shot. Compared to Gemini 1.5, Gemini 2.0 and 2.5 exhibit

ization across synthetic structured EHR tasks. These results more pron()unced performance gains under few-shot set-

suggest that general models benefit from broad pretrain- tings, suggesting a greater sensitivity to in-context examples

ing on diverse text sources, which may indirectly support and a stronger generalization from limited demonstrations.

structured data understanding even without explicit domain-

specific adaptation. 4.3 Effect of Input Formats

Second, model performance shows clear variation across
task scenarios and levels, reflecting the different demands
posed by each task category. In the Data-Driven scenario,
strong general-purpose LLMs perform well on both under-
standing and reasoning tasks, suggesting that, when struc-
tured inputs are properly formatted, general models can in-
terpret and reason over structured data with reasonable accu-
racy. In contrast, Knowledge-Driven tasks present substan-
tially greater challenges. For the understanding task of Clin-
ical Code Mapping (K-U1), general models achieve only
moderate AUC scores (typically between 50-60%), while
most medical-domain models fail to produce valid outputs.
Performance drops even further on reasoning tasks such as
Diagnostic Assessment (K-R1, K-R2) and Treatment Plan-
ning (K-R3), where many models struggle to generate mean-
ingful predictions. This gap highlights the difficulty of inte-
grating external clinical knowledge into structured data in-
terpretation and underscores the need for models that better

We examine 4 input formats for converting structured elec-
tronic health record data into text: plain text conversion, spe-
cial character separation, graph-structured representation,
and natural language description. These formats are used to
test how different input styles affect model performance on
our benchmark.

As shown in Figure 2, input format has a clear impact on
performance. Natural language description improves results
on Data-Driven reasoning tasks, especially for strong mod-
els such as the Gemini and GPT series. Graph-structured in-
put is more effective for Data-Driven understanding tasks.
Across all Knowledge-Driven tasks, however, no format
yields consistent improvement. This shows that input for-
mat helps in certain settings, but deeper modeling efforts are
needed for tasks requiring clinical knowledge.

4.4 Finetuning Analysis

handle medical semantics and complex reasoning. To analyze the fine-tuning performance of large language

models on structured EHR tasks, we construct additional
4.2 Few-shot Analysis training samples specifically for fine-tuning, which are com-

pletely separate from the evaluation samples used in bench-
Figure 3 presents few-shot performance for a subset of marking. Each fine-tuning dataset contains 30 task-specific
Knowledge-Driven tasks, with full results provided in Ap- question—answer table pairs following the same instruction
pendix Figure 6. Overall, few-shot prompting is beneficial, format as in the evaluation, ensuring consistency of task
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Data-Driven

Knowledge-Driven

Types Models U (%) R (%) U (%) R (%)
D-Ul D-U2 D-R1 D-R2 D-R3 D-R4 D-R5 K-Ul K-R1 K-R2 K-R3
ACC ACC ACC ACC ACC ACC ACC AUC AUC AUC AUC
GPT-3.5 Turbo 6 15 14 18 7 7 24 X 58.1 554 52.9
GPT-4.1 79 51 52 56 48 70 84 55 55.6 53.2 51
)
= Gemini 1.5 29 34 32 41 21 19 16 X 55.6 X X
ﬂ Gemini-2.0 64 43 21 30 24 54 67 52 577 562 51.6
7‘: Gemini 2.5 98 58 92 82 83 v v X 58.7 541 X
% DeepSeek-V2.5 72 41 18 51 14 44 52 51 X X X
& DeepSeek-V3 72 41 8 37 12 72 90 X 52.8 X X
Qwen-7B 1 7 4 24 1 X X X X X X
Qwen-14B 4 30 19 17 11 16 4 X X X X
Qwen-32B 25 25 24 26 15 47 10 X 58.3 51 X
Qwen-72B 15 6 27 48 20 41 29 X X X 52.2
Huatuo X X X X X X X X X X X
« HEAL X X 1 8 X X X X X X X
E Meditron-7B X 3 X 6 X X X X X X X
f MedAlpaca-13B 2 11 6 4 2 10 X X X X X
§ JMLR 1 3 11 10 6 7 3 X X X X
3 PMC_LLaMA_13B 6 6 15 13 10 8 X X X X X
= Med42-70B 13 3 18 17 11 27 18 X X X X
Apollo 11 5 17 12 6 20 11 X X X X
CancerLLM 10 16 20 28 15 33 25 X X X X

Table 3: Performance of LLMs on Structured EHR Tasks under the zero-shot setting(Synthea). X indicates no valid output. v/
indicates a perfect score of 100. 1%, 274 and 3" denote the best, second-best, and third-best results, respectively.

structure while preventing data leakage. We adopt two fine-
tuning strategies: single-task fine-tuning trains each task
separately, while multi-task fine-tuning combines all tasks
into one set. All experiments use Qwen-7B with LoRA fine-
tuning, configured with a 10% validation split, a 0.0001
learning rate, three epochs, a batch size of 8, and LoRA set-
tings of rank 8, alpha = 32, and dropout 0.05.

Figure 4 shows that fine-tuning improves model
performance substantially across both Data-Driven and
Knowledge-Driven tasks. Across all tasks, multi-task fine-
tuning consistently outperforms single-task fine-tuning,
likely because joint training helps the model learn shared
structures and reasoning patterns relevant to structured EHR.

28 58
14 54
0 x X 50 X X X

(a) Data-Driven
Baseline

(b) Knowledge-Driven
Single Multi

Figure 4: Finetuning results on all targeted categories.
Single-task indicates separate finetuning on each task; multi-
task indicates joint finetuning across all tasks.

4.5 Evaluating LLM-Based Enhancement
Methods

We reproduce and evaluate 11 representative LLM-
based enhancement methods designed to enhance per-
formance on structured data tasks. Among them, eight
methods were originally developed for non-medical
tasks—C.L.E.A.R. (Deng et al. 2024), TaT (Sun et al.
2025), TableMaster (Cao and Liu 2025), TIDE (Yang
et al. 2025b), E> (Zhang, Gao, and Lou 2024), GraphOT-
TER (Li et al. 2024d), H-STAR (Abhyankar et al. 2024),
and Table-R1 (Yang et al. 2025a)—while the remaining
three are specifically designed for medical applications:
LLM4Healthcare (Zhu et al. 2024), DeLLLiriuM (Contreras
et al. 2024), and EnsembleLLM (Hu et al. 2024b).

As shown in Figure 5, these methods exhibit clear special-
ization based on task scenarios. Non-medical methods gen-
erally achieve greater gains on Data-Driven tasks—such as
field filtering or numeric reasoning—but show limited im-
provements on Knowledge-Driven tasks that require medi-
cal expertise. In contrast, medical methods perform better
on Knowledge-Driven tasks—such as mortality prediction
or treatment planning—yet struggle to generalize to Data-
Driven scenarios. This divergence highlights a key limitation
of existing enhancement approaches: none offer consistent
improvements across the full spectrum of structured EHR
tasks. These results underscore the need for unified solutions
capable of both logical reasoning over structured tables and
integration of medical domain knowledge.

34345



K-Ul p-u1 K-Ul p-u1 K-Ul

25% L 25% 0/35%100% 25%
9%  K-R1 % K-R1 f K-R3 &% gR1
D-R4 D-R1
D-R3 D-R2 K-R2 D-R3 D-R2 K-R2 D-R3 D-R2 K-R2
(a) Gemini-1.5 (b) Gemini-2.0 (c) Gemini-2.5
Non-Medical : C.L.E.A.R, , TableMaster, TIDE, ES, GraphOTTER, , Table-R1,
D-U1 K-Ul D-U1l K-Ul D-U1 K-Ul
D-R5 D-U2 D-R5 D-U2 D-R5 D-U2
259% 25% 25% 25% 25% A\ 25%
o% K-R3 @ K-R1 0% K-R3 @ K-R1 0% K-R3 @ K-R1
D-R4 D-R1 D-R4 D-R1 p-R& /~ D-R1 \/
D-R3 D-R2 K-R2 D-R3 D-R2 K-R2 D-R3 D-R2 K-R2
(d) Gemini-1.5 (e) Gemini-2.0 () Gemini-2.5
Medical : llm4healthcare, , EnsembleLLM.

Figure 5: Comparison of relative gains for 11 SOTA methods across tasks. Relative gain is defined as the percentage of im-
provement each method achieves toward the maximum possible gain for each task, where 0% indicates no improvement and
100% represents the upper bound. In each subfigure, the left side shows Data-Driven tasks, and the right side shows Knowledge-
Driven tasks.

Data-Driven Knowledge-Driven

Models Methods D-Ul D-U2 D-R1 D-R2 D-R3 D-R4 D-R5 K-Ul K-RlI K-R2 K-R3

ACC ACC ACC ACC ACC ACC ACC AUC AUC AUC AUC

EHRMaster 100 100 96 96 94 100 100 89 62.3 54 54.7

Gemini 1.5 viousSOTA 76 79 80 78 73 85 93 57 613 564 542

EHRMaster 98 100 91 81 93 80 87 67 653 642 56.2

Gemini 20 reviousSOTA 96 82 81 80 78 90 94 63 643 622 584

EHRMaster 100 100 97 95 97 100 100 60 593 551  69.2

Gemini2.5 viousSOTA 100 89 94 8 8 100 100 57 663 612 584

Table 4: Performance of EHRMaster compared to LLM-based enhancement methods on benchmark.

4.6 EHRMaster Analysis by providing a novel dataset, defining clear task specifica-

Table 4 reports the performance of EHRMaster compared to tipns, and establishing a standardized evalpa}ion framework.
the state-of-the-art (SOTA) LLM-based enhancement base- First, we construct a novel dataset containing 2,200 struc-
lines across all benchmark tasks. On Data-Driven tasks, tured EHR tables, generated synthetically using Synthea and
EHRMaster consistently achieves perfect scores across extracted from the real-wpr.Id elCU da..tabase. This dataset
Gemini models, demonstrating strong capabilities in struc- spans a wide range of clinical scenarios to ensure robust
tured reasoning and arithmetic operations. Significant gains evaluation. Second, we define 11 tasks across 6 categories,
appear on arithmetic-heavy tasks such as D-R4 and D-RS5, Qrgamzed.mto Data-Driven and Knowledge-Driven scenar-
where EHRMaster achieves 100% accuracy in most cases. i0s, covering a broad spectrum of structured EHR applica-
For Knowledge-Driven tasks, EHRMaster delivers notice- tions, from data} extraction to clinical d§c1s1on support. f1-
able improvements on challenging tasks (e.g., K-R2 and K- nally, we estabhsh a standgrdlzed evaluation process, testing
R3), although gains vary across models and tasks. These LLMs undet various settings such as zero-shotf few-shpt,
results highlight EHRMaster’s effectiveness in structured and fine-tuning, and analyzing the impact of different in-
EHR reasoning, especially in Data-Driven tasks, while also put formats. This framework enables consistent and com-

offering competitive performance on complex clinical tasks. prehensive assessment of LLM performance on structured
EHR tasks. We also reproduce 11 SOTA LLM-based en-

hancement methods for structured data processing and eval-

5 Conclusion uate them using our benchmark. Through this evaluation,

In summary, we present EHRStruct, a benchmark for eval- we identified the limitations of the existing methods and
uating LLMs on structured EHR tasks, enabling systematic EHRMaster, a novel code-augmented framework, to address
comparison across diverse scenarios. EHRStruct addresses these challenges and achieve superior performance.

the key challenges in applying LLMs to structured EHR data
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