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Abstract

Large Language Models (LLMs) and causal learning each
hold strong potential for clinical decision making (CDM).
However, their synergy remains poorly understood, largely
due to the lack of systematic benchmarks evaluating their in-
tegration in clinical risk prediction. In real-world healthcare,
identifying features with causal influence on outcomes is cru-
cial for actionable and trustworthy predictions. While recent
work highlights LLMs’ emerging causal reasoning abilities,
there lacks comprehensive benchmarks to assess their causal
learning and performance informed by causal features in clin-
ical risk prediction. To address this, we introduce REACT-
LLM, a benchmark designed to evaluate whether combin-
ing LLMs with causal features can enhance clinical prognos-
tic performance and potentially outperform traditional ma-
chine learning (ML) methods. Unlike existing LLM-clinical
benchmarks that often focus on a limited set of outcomes,
REACT-LLM evaluates 7 clinical outcomes across 2 real-
world datasets, comparing 15 prominent LLMs, 6 traditional
ML models, and 3 causal discovery (CD) algorithms. Our
findings indicate that while LLMs perform reasonably in clin-
ical prognostics, they have not yet outperformed traditional
ML models. Integrating causal features derived from CD al-
gorithms into LLMs offers limited performance gains, pri-
marily due to the strict assumptions of many CD methods,
which are often violated in complex clinical data. While the
direct integration yields limited improvement, our benchmark
reveals a more promising synergy: LLMs serve effectively as
knowledge-rich collaborators for identifying and optimizing
causal features. Additionally, in-context learning improves
LLM predictions when prompts are tailored to the task and
model. Different LLMs show varying sensitivity to structured
data encoding formats, for example, open-source models per-
form better with JSON, while smaller models benefit from
narrative serialization. These findings highlight the need to
match prompts and data formats to model architecture and
pretraining.

Code —
https://github.com/LinnaWang-Lena/REACT_LLM
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Introduction

In clinical environments such as the Intensive Care Unit
(ICU), timely and accurate risk assessment is critical for en-
abling early interventions and improving patient outcomes
(Fihn et al. 2024; Yeh et al. 2024). The widespread adoption
of Electronic Health Records (EHRs) has provided access to
rich, structured clinical data, opening new opportunities for
data-driven decision support (Khalifa, Albadawy, and Igbal
2024; Wang et al. 2025). One key application is prognos-
tic modeling (Van Smeden et al. 2021), which estimates the
risk of patients developing specific conditions over time. In
this context, machine learning (ML) models outperform tra-
ditional statistical methods in terms of scalability and pre-
dictive performance. However, ML models often depend on
high-dimensional features and remain vulnerable to input
variability and spurious correlations (Rajpurkar et al. 2022;
Wang et al. 2025). This has motivated growing interest in ap-
plying causal discovery (CD) to clinical downstream tasks,
as advances in CD methods (Zhou and Chen 2022; Zanga,
Ozkirimli, and Stella 2022; Feuerriegel et al. 2024) enable
the extraction of meaningful causal relationships from ob-
servational data.

Recently, Large Language Models (LLMs), known for
their impressive capabilities across a wide range of natu-
ral language processing tasks, have been increasingly ap-
plied to clinical applications (Ferdush, Begum, and Hossain
2024; Singhal et al. 2025; Liu et al. 2023; Sandmann et al.
2024; Kafkas et al. 2025; Kang et al. 2025). Leveraging
strategies such as fine-tuning (Ben Shoham and Rappoport
2024; Wang et al. 2024a), retrieval-augmented generation
(RAG) (Bedi, Thukral, and Dhiman 2025), and task-specific
prompting (Zheng et al. 2025), LLMs have shown promise
in clinical risk prediction. For example, (Ben Shoham and
Rappoport 2024) fine-tuned a pre-trained LLM to predict
diagnoses and hospital readmissions, achieving state-of-the-
art performance.

Although LLMs and causal learning each show strong
potential for CDM, their potential synergy remains largely



unexplored. This is primarily due to the lack of a system-
atic benchmark for evaluating their integrated application in
clinical risk prediction tasks. Moreover, evidence on LLM
performance in this domain is not uniformly positive, with
some studies concluding that LLMs are not yet prepared for
autonomous CDM (Hager et al. 2024; Brown et al. 2025).
A recent benchmark, ClinicalBench (Chen et al. 2024), sys-
tematically evaluated general-purpose and medical-specific
LLMs against traditional ML models on 3 prognostic tasks.
The study revealed that despite variations in model scale
and the use of different prompting or fine-tuning strategies,
LLMs consistently underperformed ML models. Therefore,
the predictive capabilities of LLMs in clinical risk prediction
require further investigation. A comprehensive benchmark
that integrates LLLMs, causal learning, and clinical predic-
tion is urgently needed. Motivated by this, this study aims to
rigorously evaluate whether incorporating causal knowledge
can improve the performance of LLMs on critical clinical
risk prediction tasks. Unlike prior work limited to narrow
clinical endpoints, we extend the evaluation to a broader set
of prognostic outcomes to address the central question: Can
the integration of LLMs with causal features enhance per-
formance in clinical prognostic tasks and potentially out-
perform traditional ML models?

REACT-LLM Design. To answer this question, we
present REACT-LLM (Risk Evaluation and Causal features
Test with LLMs), a novel benchmark for assessing how ef-
fectively LLMs can serve as inference and error-correction
experts that augment CD methods in uncovering causal fea-
tures of clinical risk outcomes (Figure 1). Using structured
data from 2 real-world datasets, MIMIC-III(Johnson et al.
2016) and MIMIC-IV(Johnson et al. 2023), we investigate 7
representative prognostic tasks: (1) In-hospital mortality (In-
HospDeath), (2) 30-day hospital readmission (Readmit30),
(3) Multiple ICU stays during a single hospitalization (Mul-
tiICU), (4) Sepsis during ICU stay (SepsisICU), (5) Acute
kidney injury during ICU stay (AKIICU), (6) Prolonged
hospital stay (LOS), and (7) Early ICU admission (Early-
ICU). Here are the main tasks:

> Baseline evaluation: Benchmark all MLs/LLMs on 7
outcomes across 2 datasets using complete feature sets.

> Prompt engineering evaluation: Beyond direct prompt-
ing, 4 representative prompt engineering strategies (Chain-
of-Thought (CoT), Self-Reflection (SR), Role-Playing (RP),
and In-Context Learning (ICL)) are employed to assess
LLMs performance across 7 tasks.

> Input format sensitivity evaluation: Assess LLMs per-
formance across 5 formats for structured patient data: Row-
Column Format (RCF), JSON, LaTeX, Template-Based
Natural Language (TBNL) and Narrative Serialization (NS).

> Causal feature evaluation: Use 3 representative CD
methods to identify features with direct or indirect causal
relationships to each outcome. Evaluate LLMs using only
these causal features as input.

> LLM-assisted causal feature editing evaluation: Prompt
LLMs to optimize the causal feature sets derived from 3 CD
methods, and separately, to generate causal feature sets for
each outcome relying solely on their internal knowledge.

Overall, the contributions can be summarized as follows:
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* Benchmark: Evaluate 3 CD algorithms, 6 ML models,
and 15 LLMs (spanning diverse model sizes and archi-
tectures) for predicting 7 clinical outcomes.

Two Datasets: We curate the MIMIC-III and MIMIC-IV
datasets, encompassing 6 categories of clinical informa-
tion and 7 prognostic outcome labels, providing a com-
prehensive foundation for evaluating LLM-based medi-
cal risk prediction models.

Actionable Insights & Nuanced Findings: (1) LLMs
have yet to outperform traditional ML models in clin-
ical outcome prediction. (2) Engineering prompts of-
fer slight gains under imbalanced EHR conditions. (3)
LLMs refine CD-derived features effectively, enabling
a human-Al synergy for causal feature engineering.
(4) Different LLMs exhibit varying sensitivity to struc-
tured EHR encoding formats. RCF benefits proprietary
large models, JSON consistently enhances performance
in open-source models, while NS proves effective for
smaller models. LLMs can infer causal relations even
among variables with ambiguous or coded names, such
as ICD codes.

REACT-LLM Construction
Goals

» Causal Feature Identification. Recover the causal
structure from observational data using 3 CD methods by
assigning each outcome to its direct and indirect causes.

Clinical Binary Outcome Prediction. Estimate the
probability of binary outcomes.

LLM Evaluation Tasks. Evaluate LLMs across 5 groups
of experiments to address the following questions:

Ql: Can LLM outperform traditional ML in clinical
prognosis? — Based on baseline evaluation.

Q2: Can prompt engineering boost LLM performance in
clinical risk prediction? — Based on prompt engineering
evaluation.

Q3: How does the encoding format of structured EHR
data affect LLM performance? — Based on input format
sensitivity evaluation.

Q4: Can CD improve LLM predictions by identifying
causal features? — Based on causal feature evaluation.
Q5: Can LLM validate or identify causal features in clin-
ical contexts? — Based on LLM-assisted causal feature
editing evaluation.

Datasets Preprocessing

Study Population. This study uses 2 public datasets':
MIMIC-III (v1.4) (Johnson et al. 2016) and MIMIC-1V
(v3.1) (Johnson et al. 2023), which contain de-identified
EHRs from ICU and emergency department admissions at
Beth Israel Deaconess Medical Center in Boston. MIMIC-
IIT contains ICU records from 2001 to 2012 and is widely
used in critical care research, while MIMIC-IV extends cov-
erage through 2022 with an updated schema and improved
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Figure 1: The REACT-LLM framework diagram summarizes the dataset partitions, clinical outcome prediction tasks, and the
full evaluation pipeline, incorporating Direct prompting, Chain-of-Thought (CoT), Self-Reflection (SR), Role-Playing (RP),

and In-Context Learning (ICL).

data quality. We include only adult patients (age > 18), re-
tained the first ICU stay per admission, and excluded ICU
stays shorter than one day to ensure clinical relevance.

Data Collection. We extract 5 categories of features to
characterize each ICU admission: (1) demographics and ad-
mission details (age, gender, admission type, initial ICU
unit); (2) 65 high-frequency admission diagnoses from
MIMIC-III/TV, encoded as binary indicators (present/ab-
sent); (3) 27 high-frequency clinical procedures (binary en-
coded); (4) 55 medications administered within the first 24
hours (total dosage per drug); and (5) 115 vital signs and
laboratory results from the first 24 hours (median summa-
rized). The 24-hour window supports early prediction while
capturing key clinical information from the initial phase of
ICU care.

Experiment Setup

Prediction Tasks. We define 7 outcome labels (not mu-
tually exclusive): (1) InHospDeath: in-hospital mortality;
(2) Readmit30: a binary indicator set to 1 if a subsequent
hospital admission occurs within 30 days of discharge; (3)
MultiICU: more than one ICU stay associated with the
same hospital admission; (4) SepsisICU: identified using
the database-provided label based on the Sepsis-3 definition
(Singer et al. 2016), which requires a SOFA score > 2 and
clinical suspicion of infection; (5) AKIICU: defined accord-
ing to KDIGO criteria (Khwaja 2012), using creatinine or
urine output when available, with baseline creatinine taken
as the lowest value within the prior 7 days; (6) LOS: length
of hospital stay exceeding 14 days; and (7) EarlyICU: ICU
admission occurring within 12 hours of hospital admission.

Dataset Division. To manage the computational cost of
querying LLMs, we apply stratified random sampling to en-
sure proportional representation of positive cases for each
label, selecting 8,000 samples from each datasets, resulting
in a combined cohort of 16,000 patients. For traditional ML
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models, the combined dataset is split into training (6,600),
validation (800), and test (600) sets. The test sets from both
datasets are shared with LLM evaluations to ensure fair and
consistent comparisons.

Metrics. This paper uses AUROC, AUPRC and F1 score.
We report 95% confidence intervals based on 1,000 boot-
strap samples for ML models and 5-run results for LLMs.

Method

Causal Discovery Models: We evaluate 3 representa-
tive CD approaches: (1) functional-based (DirectLiNGAM
(Shimizu et al. 2011)), (2) score-based (GES (Chicker-
ing 2002)), and (3) gradient-based (CORL (Wang et al.
2021)). All methods were implemented using the gCastle
toolkit?, an open-source causal discovery library developed
by Noah’s Ark Lab (Zhang et al. 2021). We apply each CD
method 5 times on the full dataset to identify direct and in-
direct causes for each outcome. Features appearing in more
than 2 runs are retained to form the causal feature set. The
parameter Settings are shown in the Appendix A.2.

Benchmarked ML Models: We include 6 common used
baseline models: AdaBoost, Decision Tree (DT), Logistic
Regression (LR), Random Forest (RF), Support Vector Ma-
chine (SVM) and XGBoost. All models are run with default
hyperparameters to ensure fairness and reproducibility, al-
lowing us to examine whether the LLM can outperform un-
optimized traditional ML models.

Prompt Protocols. Following predefined clinical cate-
gories (patient demographics, diagnoses, procedures, med-
ications, and laboratory results including vital signs), we
evaluate 5 prevalent encoding strategies for transforming
structured EHR data into formats suitable for LLM input:
(1) RCF: Encodes records in a flat, CSV-like format using

Zhttps://github.com/huawei-noah/trustworthy Al/tree/master/
gcastle



comma-separated values. (2) JSON Encoding: Represents
data as hierarchical key-value pairs organized by clinical
categories. (3)LaTeX Table Format: Structures EHR data
into formatted LaTeX-style tables by category. (4) TBNL:
Converts each clinical category into sentence-level descrip-
tions using predefined templates to enhance textual fluency.
(5) NS: Converts tabular EHR data into coherent, human-
readable narratives, structured by the predefined clinical cat-
egories. We proceed as follows:

* Baseline Evaluation: Applies the Direct Prompting ap-
proach using LLMs on input formatted with NS.

Prompt Engineering Evaluation: Extends beyond Direct
Prompting by incorporating strategies CoT, SR, RP and
ICL, all under the NS format.

Input Format Sensitivity Evaluation: Tests the Direct
Prompting approach across all 5 input formats (RCF,
JSON, LaTeX, TBNL, NS) to assess the impact of en-
coding on performance.

Causal Feature Evaluation: Uses only the feature subsets
identified by CD methods, test under the Direct Prompt-
ing setting with NS input.

The prompt protocols for these 4 groups follow a consis-
tent design and are detailed in the Appendix C and E.

For the LLM-assisted causal feature editing evaluation,
we design 2 protocols (details are in the Appendix D):

e LLM edited CD feature sets: For each clinical outcome,
feature sets generated by a CD algorithm are provided
to the LLM, which was prompted to act as an expert in
intensive care medicine and refine the list. The LLM’s
output was used as the optimized feature set.

LLM-Generated causal feature sets: The LLM indepen-
dently generates a causal feature set based solely on its
internalized clinical knowledge.

LLM Implement Details: Experiments are conducted on
3 NVIDIA RTX A800 GPUs. We benchmark a diverse set of
LLMs spanning different architectures and scales. To ensure
reproducibility, all inferences use greedy decoding (temper-
ature = 0, do_sample = False). Proprietary models included
advanced reasoning models (GPT-01, GPT-03 mini, Claude-
3.7-Sonnet, Gemini-2.5-Pro, Gemini-2.5-Flash), large mod-
els (GPT-4o0, Claude-4, Claude-3.5-Haiku), and small mod-
els (GPT-4o0-mini). Open-source models included a top
reasoning model (DeepSeek-R1), large models (Llama-
3.1-405b, DeepSeek-V3, Qwen3-235b), and small models
(Qwen3-8b, Qwen3-14b). Details are in Appendix A.1.

Empirical Results and Analysis
Baseline Evaluation

We evaluate 15 LLMs with direct prompting across 7 clin-
ical prediction tasks on 2 datasets, using 3 metrics (com-
plete results in the Appendix B.1 and B.2). As shown in
Table 1, among traditional ML models, XGBoost, RF, and
LR consistently achieve top performance across clinical out-
comes. In the open-source LLM category, larger models
(e.g., DeepSeek-V3, Llama-3.1-405b) outperform smaller
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and thinking models more frequently. While thinking mod-
els rarely lead on individual tasks, they exhibit more stable
performance than smaller models overall. A similar trend
holds for proprietary LLMs: larger models generally out-
perform other ones. Notably, Gemini-2-Flash achieves the
highest AUPRC on the EarlyICU task (0.8540), exceeding
the best ML model (RF, 0.8473). Thinking models in this
group also show more consistent performance than smaller
variants. Overall, proprietary LLMs outperform open-source
ones more often across tasks.

However, with the exception of Gemini-2-Flash on the
EarlyICU AUPRC metric, none of the LLMs surpass tra-
ditional ML models on any clinical prediction task. In most
cases, LLM performance lags behind ML baselines by a sub-
stantial margin, typically around 10-20%.

Based on this, we select 6 representative small, large
and thinking models from both open-source and proprietary
LLMs for subsequent experiments.

Finding for Q1: Current LLMs remain immature and
unreliable for clinical prognostic decision support. Among
LLMs, proprietary and large-scale models tend to offer rel-
atively better performance.

Prompt Engineering Evaluation

We evaluate 6 LLMs with 5 prompting strategies across 7
clinical prediction tasks(complete results in Appendix B.3).
Across all tasks and metrics, ICL surpasses the baseline 41
times and ranks best in 22. SR also performs well, exceed-
ing the baseline in 38 cases and leading in 19. Role-Playing
and CoT follow. As shown in Figure 2, ICL outperforms
direct prompting in 18 cases and achieves the highest AU-
ROC in 13. Prompting strategies yield clear improvements
on the Readmit30 task. ICL enhances performance: Gemini-
2-Pro’s AUROC increases by 0.077, GPT-03-mini’s AU-
ROC and F1 improve by 0.072 and 0.084, respectively, and
Qwen3-235B gains 0.059 in AUROC. DeepSeek-R1 bene-
fits more from CoT prompting, with a 0.0271 increase in
AUPRC and a 0.0912 gain in AUROC. However, despite
these gains, none of the prompting strategies enable LLMs
to surpass traditional ML models across any outcome.
Finding for Q2: ICL can enhance LLM performance

LLMs with Different Prompt Engineerings
+RP BGemini-2-Flash BGPT-03-mini #Qwen3-235b
ICL EGemini-2-Pro EQwen3-8b DeepSeek-R1

W eemie.
Mmmmmmww

eath Readmit ICUs Sepsis LOS EarlyICU

SR

AKI

Figure 2: AUROC of LLMs under different prompting
strategies on MIMIC-III across 7 clinical labels. Outcomes
include in-hospital mortality, 30-day readmission, multiple
ICU stays, progression to Sepsis-3, development of AKI,
prolonged LOS, and early ICU transfer. Baseline results
from direct prompting are shown as bars.



Outcome InHospDeath  Readmit30 MultilCU SepsisICU AKIICU LOS EarlyICU
Positive Ratio 27.0% 13.6% 17.7% 46.9% 55.0% 29.1% 69.5%
Metric ROC PRC ROC PRC ROC PRC ROC PRC ROC PRC ROC PRC ROC PRC
Machine Learning Models
SVM 0.8949 0.7707 0.6668 0.2393 0.7467 0.4141 0.8059 0.7956 0.8221 0.8558 0.8499 0.6949 0.7336 0.8304
LR 0.9079 0.8047 0.7326 0.2912 0.7555 0.4419 0.8059 0.7856 0.8285 0.865 0.8552 0.7022 0.6884 0.8406
DT 0.7022 0.6354 0.5323 0.2535 0.5617 0.3227 0.659 0.7265 0.6499 0.7815 0.6482 0.5699 0.5885 0.8347
RF 0.8936 0.7806 0.6222 0.2122 0.7109 0.3507 0.8229 0.8059 0.8323 0.8576 0.8521 0.6917 0.7263 0.8473
Adaboost 0.8694 0.7231 0.6837 0.253 0.7418 0.3532 0.8111 0.795 0.8318 0.8655 0.8404 0.6736 0.7180 0.8443
XGboost 0.9088 0.8148 0.6863 0.2469 0.7199 0.3737 0.8183 0.7964 0.8332 0.8606 0.8516 0.7099 0.7312 0.8319
Open-source Large Language Models

Qwen3-14b 0.8075 0.6544 0.4502 0.1002 0.5719 0.1472 0.6848 0.6528 0.7092 0.7679 0.6219 0.3143 0.6179 0.739
Qwen3-8b 0.8076 0.6537 0.4511 0.0999 0.5711 0.1476 0.6866 0.6546 0.7089 0.7676 0.6172 0.3129 0.615 0.7377
Llama-3.1-405b  0.7012 0.4658 0.4929 0.1304 0.5545 0.1681 0.5687 0.7139 0.6988 0.7969 0.5355 0.6419 0.5389 0.7477
Qwen3-235b 0.8194 0.6878 0.4580 0.0964 0.5615 0.1695 0.6894 0.6604 0.7221 0.7409 0.6425 0.5511 0.5641 0.7197
DeepSeek-V3  0.8370 0.6873 0.4478 0.0796 0.5845 0.2126 0.6756 0.6384 0.7413 0.7862 0.6531 0.4192 0.5567 0.7796
DeepSeek-R1 ~ 0.8363 0.6649 0.4285 0.1030 0.5793 0.2104 0.6883 0.6487 0.7270 0.7667 0.6096 0.3732 0.5663 0.7660

Proprietary Large Language Models

GPT-40-mini ~ 0.8080 0.7036 0.4712 0.091 0.5538 0.1748 0.6673 0.6479 0.7104 0.7487 0.6158 0.4195 0.5450 0.7855
Gemini-2-Flash  0.8475 0.6817 0.4881 0.1209 0.5634 0.1759 0.6653 0.6703 0.7045 0.7507 0.6799 0.4592 0.6455 0.8540
GPT-40 0.8223 0.6961 0.4780 0.2133 0.5790 0.1878 0.6751 0.6298 0.7069 0.7687 0.6618 0.4375 0.5513 0.7676
Claude-3.5-Haiku 0.8149 0.7020 0.5227 0.0992 0.5517 0.1616 0.6586 0.5482 0.7085 0.7501 0.6172 0.4412 0.5970 0.7640
Claude-4 0.8252 0.7039 0.4500 0.0860 0.5689 0.2167 0.6707 0.6765 0.6846 0.7449 0.6354 0.5465 0.5128 0.7559
Gemini-2-Pro  0.8424 0.6904 0.4848 0.1177 0.6135 0.2300 0.6806 0.6373 0.7214 0.7625 0.7122 0.5089 0.5748 0.7722
GPT-ol 0.8396 0.6695 0.4742 0.1163 0.6194 0.2269 0.6605 0.5984 0.7127 0.7558 0.6331 0.3691 0.5931 0.7675
GPT-03-mini ~ 0.8585 0.6831 0.5015 0.1224 0.6109 0.1955 0.6758 0.6585 0.7095 0.7433 0.6712 0.4735 0.5408 0.8013
Claude-3.7-Sonnet 0.8699 0.7365 0.4665 0.1146 0.5815 0.1999 0.6530 0.6101 0.7139 0.7588 0.6891 0.4883 0.5867 0.7544

Table 1: Baseline performance of LLMs and traditional ML models across 7 clinical prediction tasks on MIMIC-III. Results
on MIMIC-IV are provided in Appendix B.1 and B.2. ‘Positive Ratio’ refers to the proportion of samples labeled as 1. ‘ROC’
denotes AUROC, and ‘PRC’ denotes AUPRC. Bold scores indicate the best performance within ML models and LLMs category.

in clinical prediction tasks. In highly imbalanced settings,
prompting strategies show some benefits. However, no sin-
gle strategy consistently improves results across all tasks and
models, suggesting their effectiveness depends on the clini-
cal context and model capacity.

LLMs with Different Input Formats

0.60
RCF ~ JSON - LATEX — TBNL + NS
0.55
\/ N\
N
0.50 \// *
0.45

) o

040 G2rG3M Q8 Q235 G2FG3M Q8 Q235 G2FG3M Q8 Q235
F1 ROC PRC

Figure 3: Average performance of LLMs with 5 Input
Formats on MIMIC-III. All 3 scores represent the mean
values across 7 outcomes. Abbreviations: Gemini-2-Flash
(G2F), GPT-03-mini (G3M), Qwen3-8b (Q8), Qwen3-235b
(Q235).
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Input Format Sensitivity Evaluation

We analyze the performance of 4 LLMs across 3 metrics
using 5 input format strategies (complete results in the Ap-
pendix B.4). As shown in Figure 3, the proprietary large
model GPT-03-mini responds best to RCF, with weaker per-
formance on NS and TBNL. The open-source large model
Qwen3-235b performs best with JSON, leading across all
metrics and outperforming RCF by up to 0.064, but responds
least effectively to RCF. Among smaller models, the pro-
prietary Gemini-2-Flash performs best with NS, achieving
its highest AUROC and AUPRC, surpassing RCF by 0.051
and 0.026, respectively. The open-source Qwen3-8b shows
strong results with both JSON and NS.

Finding for Q3: Different LLMs show varying sensitiv-
ity to structured EHR encoding formats. RCF works well for
proprietary large models. JSON consistently improves per-
formance for open-source models. LaTeX tables offer lim-
ited benefit across models. TBNL produces mixed results,
indicating rigid templates require task-specific tuning. NS is
particularly effective for smaller models.

Why do different types of LLMs prefer different input
formats? This preference likely stems from the interplay
between pretraining data, model architecture, and capacity.
Proprietary large models tend to favor RCF, possibly due to
exposure to structured documents during pretraining. This



aligns with previous study (Li et al. 2024), which suggest
LLMs exhibit a bias toward formal data formats. In contrast,
open-source large models prefer JSON, as their training
data often include public datasets rich in JSON-formatted
templates, API references, and structured records, common
on platforms like Hugging Face. JSON’s key-value struc-
ture closely matches the data distribution these models en-
counter, and a study (Zhu et al. 2024) shows that reinforcing
JSON format improves hierarchical parsing. Smaller mod-
els perform better with NS, which converts inputs into flu-
ent narrative text. This format reduces reliance on structure
parsing and better matches the natural language data these
models are trained on, aligning with a previous study show-
ing that smaller models benefit from training-aligned data
distributions (Yam and Paek 2024).

Causal Feature Evaluation

In this section, we investigate our core hypothesis (Q4):
can causally selected features improve LLM prediction?
We evaluate the performance of 6 LLMs using 3 CD fea-
ture sets (complete results in the Appendix B.5). As shown
in Figure 4, across all LLMs, CD-derived features often
lead to performance degradation. Compared to the base-
line, DirectLiNGAM leads to the most significant drop.
However, CORL yields slight improvements on Gemini-2-
Pro, DeepSeek-R1 and Qwen3-235b. GES shows consis-
tent gains on open-source models including DeepSeek-R1,
Qwen3-8b and Qwen3-235b.

Contrary to expectations, although some improvements
are observed, LLMs leveraging CD features do not consis-
tently outperform the baseline. However, this does not re-
flect the quality of the CD methods themselves, as ground-
truth causal graphs are rarely available in clinical data for
validation. In clinical risk prediction, strict assumptions in
CD algorithms may result in a limited set of outcome-related
causal features, while non-causal but highly correlated fea-
tures still provide strong predictive signals. Additionally,

AUROC Score of LLM-Assisted Causal Feature Editing
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Figure 4: Average AUROC of LLMs across 7 outcomes over
MIMIC-IIT and MIMIC-IV. Base’ denotes performance us-
ing all features. Abbreviations: G2P (Gemini-2-Pro), G2F
(Gemini-2-Flash), G3M (GPT-03-mini), DSR (DeepSeek-
R1), Q23 (Qwen3-235b), Q08 (Qwen3-8b). 'LLM Gen’
refers to the causal feature set generated by the LLM it-
self. 'DL’ indicates DirectLiNGAM. ’Opt’ indicates the op-
timized feature set refined from the CD outputs by the cor-
responding LLM.
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most CD methods lack prior knowledge and domain-specific
constraints, making it difficult to recover complex causal
structures from high-dimensional clinical data.

Finding for Q4: Causal feature subsets derived from
commonly used CD algorithms did not consistently im-
prove LLMs prediction. This may be due to strict assump-
tions inherent in many CD methods (e.g., the Causal Faith-
fulness assumption or the absence of hidden confounders),
which are often violated in complex, high-dimensional clini-
cal data. However, this highlights the potential of further ex-
ploring whether integrating LLM-derived prior knowledge
into CD outcomes can enhance performance (Zhou et al.
2024; Ban et al. 2025).

LLM-Assisted Causal Feature Editing Evaluation

Building on the findings from Q4, we further explore
whether LLM-assisted causal features could enhance LLM
performance. We evaluate 2 strategies: (1) optimizing causal
feature sets derived from CD methods using different LLMs,
and (2) allowing LLMs to directly generate causal feature
sets based on clinical knowledge. In both cases, the corre-
sponding LLM is used to predict the outcome using its re-
spective feature set (complete results in the Appendix B.5).

Figure 4 shows the average AUROC performance of each
model on both MIMIC-IIT and MIMIC-IV datasets. LLM
optimization is key for DirectLiNGAM feature sets. Ex-
cept for DeepSeek-R1, the optimized DirectLiNGAM fea-
tures consistently outperform their unoptimized counter-
parts, though still fall short of the baseline. For CORL and
GES, optimization leads to mixed results, with both im-
provements and declines. Notably, optimized GES achieves
further gains on Qwen3-8b and Qwen3-235b, surpassing the
baseline. While LLM-optimized CD features do not always
exceed baseline performance, they generally improve upon
raw CD outputs. LLM-generated causal features often out-
perform those from CORL and DirectLiNGAM, and show
competitive performance with GES. To further analyze this
performance, Table 2 provides a breakdown by dataset for
representative proprietary and open-source LLMs, showing
that LLM-generated causal feature sets and LLM-optimized
GES feature sets yield comparable results.

MIMIC III MIMIC IV
Model AUROC F1 AUROC F1
Gemini-2-Pro
Base 0.6571  0.5471  0.6451  0.5426
GES Opt 0.6403 0.5142 0.6420 0.5479
LLM Gen 0.6559 0.5474 0.6453 0.5673
Qwen3-8b
Base 0.6368 0.5214 0.6392  0.5456
GES Opt 0.6449 04732 0.6537 0.5240
LLM Gen 0.6518 0.4696 0.6481 0.5288

Table 2: Average performance of LLMs across 7 outcomes
on MIMIC-III and MIMIC-1V, respectively. 'Base’ denotes
performance using all features. 'LLM Gen’ denotes the
causal feature set generated by the LLM itself, while *Opt’
refers to the GES causal features optimized by the LLM.
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Figure 5: Predicted probability distributions of Gemini-
2-Flash across 7 outcomes using 3 different feature sets
on MIMIC III: Baseline (all features), Optimized GES
(causal features optimized by Gemini-2-Flash), and LLM-
Generated (features generated by Gemini-2-Flash).

Figure 5 shows the predicted probability distributions of
Gemini-2-Flash using the baseline features, optimized GES
features and LLM-generated causal features. For outcomes
like Readmit30, MultilCU, and InHospDeath, the LLM-
generated features exhibit prediction preferences similar to
the baseline, tending toward more severe outcomes. Across
all 3 feature sets, the prediction distributions for probabili-
ties above 0.5 are largely consistent.

Finding for Q5: LLMs show potential in optimizing and
identifying causal features in clinical settings. This high-
lights a valuable synergy: CD algorithms provide a struc-
tured foundation, while LLMs contribute prior knowledge
to refine and enhance feature selection (Darvariu, Hailes,
and Musolesi 2024; Zhou et al. 2024). Our results further
demonstrate that LLMs can serve as a complementary tool
for causal feature selection in clinical prediction tasks, align-
ing with recent studies showing that LLMs are capable of
inferring causal relationships from clinical data (Naik et al.
2024; Kiciman et al. 2023).

Related Works

Clinical decision support is rapidly advancing, driven by
the growth of medical data and the shift toward precision
medicine. In ICUs, robust and interpretable ML models like
LR, XGBoost, and RF are widely used for tasks such as pre-
dicting in-hospital mortality (Wang et al. 2025), readmis-
sion (Fathy, Emeriaud, and Cheriet 2025), AKI (Lin, Shi,
and Kong 2025), and sepsis (Gao et al. 2024), enhancing di-
agnostic efficiency and enabling early intervention for high-
risk patients (Hyland et al. 2020).

Recently, LLMs have shown promise by directly process-
ing unstructured text, preserving critical clinical details of-
ten lost in manual feature extraction (Hager et al. 2024;
Wang et al. 2024b; Ahmed et al. 2025). Through fine-tuning
and RAG, LLMs integrate hospital-specific data with gen-
eral medical knowledge, improving decision support (Ansari
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et al. 2025; Jin et al. 2024). Current benchmarks focus
on clinical question answering, multimodal integration, and
real-world evaluation frameworks (Liu et al. 2024; Budler
et al. 2025; Esteitiech, Mandal, and Laliotis 2025).

Meanwhile, causal learning enhances clinical prediction
interpretability at both model and data levels. ML may
overfit spurious correlations, resulting in unreliable predic-
tions (Huang et al. 2025). In contrast, causal learning aims
to uncover the true causal structures, offering more robust
and interpretable insights (Feuerriegel et al. 2024; Zhou
and Chen 2022; Zanga, Ozkirimli, and Stella 2022). Major
causal discovery methods include constraint-based (e.g., PC
(Spirtes, Glymour, and Scheines 2000), score-based (e.g.,
GES (Chickering 2002)), functional causal models (e.g.,
DirectLiNGAM (Shimizu et al. 2011)), and optimization-
based approaches (e.g., CORL (Wang et al. 2021)). Among
them, constraint-based methods are limited by reliance on
the faithfulness assumption and inability to determine causal
directions within Markov equivalence classes(Zhou and
Chen 2022).

Integrating LLMs with causality advances clinical predic-
tion by producing reliable causal chains, enhancing counter-
factual reasoning, and translating complex causal relation-
ships into clinically meaningful insights (Zeng et al. 2025;
Kiciman et al. 2023; Kweon et al. 2024). However, large-
scale evaluations of LLM and causal methods specifically
for clinical risk prediction remain scarce. Detailed related
work can be found in Appendix F.

Conclusion

This study evaluates LLMs with causal features in clinical
prognostic tasks. While integrating CD features into LLMs
did not yield notable gains in clinical risk prediction, this
does not diminish the inherent value of CD. The modest
performance is largely due to limitations of current CD al-
gorithms in clinical settings: the strict assumptions that of-
ten result in sparse or incomplete feature sets. These chal-
lenges highlight the need for caution when applying CD out-
puts directly to LLM-based tasks without further refinement.
Nonetheless, our findings suggest a promising synergy: CD
provides a data-driven foundation for causal feature iden-
tification, while LLLMs contribute rich domain knowledge
to enhance feature selection. This aligns with growing ev-
idence that LLMs can assist in uncovering causal relation-
ships in complex biomedical contexts. Moving forward, in-
corporating LLM-guided priors into the CD process, or us-
ing LLMs to refine CD-derived features post hoc, offers a
promising path toward more robust clinical prediction mod-
els. We also find that ICL improves LLM performance in
clinical prediction, especially when prompts are tailored to
the task and model. Input format also matters: proprietary
models prefer RCF, open-source models perform better with
JSON, and smaller models benefit from NS inputs. These
results highlight the need to align prompts and data formats
with model architecture, capacity, and pretraining.
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