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Abstract38

Clinical decision-making relies on identifying relevant patient information to39

guide diagnosis and treatment, a challenge that is especially difficult in the data-40

dense and rapidly changing intensive care unit (ICU). Large language models41

(LLMs) could support this task. However, existing applications and datasets42

mostly emphasize surface-level retrieval or factual recall rather than the inductive43

and deductive reasoning clinicians practice to select and reason over decision-44

relevant evidence. We hypothesized that training LLMs on expert ICU reasoning45

could yield clinical reasoning skills that generalize beyond critical care. Here46

we introduce ICU-REACT, a reasoning dataset developed with 19 clinicians47

through a clinician-in-the-loop framework to teach LLMs to perform information48

retrieval and context-aware clinical reasoning in the ICU. Using ICU-REACT, we49

fine-tuned Clin-REACT models spanning 8B-70B parameters and three model50

families. Across five clinical reasoning benchmarks, Clin-REACT consistently51

outperformed its backbone models and open-source general-purpose and medical52

LLMs. Gains extended to different tasks including script concordance tests, and53

downstream diagnosis and treatment tasks. These findings suggest that expert54

reasoning supervision in critical care can improve broader clinical reasoning,55

although prospective evaluation is needed before real-world clinical use.56

1 Introduction57

The intensive care unit (ICU) is a fast-paced and constantly evolving environment58

where clinicians must make timely decisions based on large amounts of patient data.59

These decisions often require quickly identifying and interpreting relevant information60

from electronic health record (EHR) data, including vital signs, laboratory results,61

medications, and imaging reports [1]. Navigating these systems remains complex62

and time-consuming, limiting clinicians’ ability to efficiently extract and synthesize63

decision-relevant information [2].64

Large language models (LLMs) have shown potential to reduce the burden of nav-65

igating EHR data by enabling natural-language interaction with patient records [3–5].66

However, existing applications remain largely focused on surface-level tasks such as67
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retrieving information from clinical notes or extracting discrete variables. Clinical rea-68

soning entails substantially more complex tasks. Clinicians must identify relevant data69

to then generate a probability-ranked set of hypotheses consistent with the available70

observations, perform diagnostic testing to evaluate those hypotheses, and implement71

patient-specific treatment plans. In this sense, identifying decision-relevant informa-72

tion is itself part of the reasoning process rather than a separate retrieval task.73

Therefore, we hypothesized that the ICU, with its dense information, clinical com-74

plexity, and uncertainty, could provide a high-yield setting for teaching inductive and75

deductive clinical reasoning. By learning to identify the most relevant evidence and76

to perform multi-layered clinical reasoning with incomplete information, models may77

develop clinical reasoning skills that transfer across clinical domains.78

Realizing this potential requires training resources that supervise not only the79

final clinical answer, but also how relevant evidence is selected and used to reach it.80

However, existing datasets primarily target general medical question-answering [6, 7],81

isolated EHR retrieval tasks [8, 9], entity linking [10], consistency checking [11], or82

individual reasoning dimensions such as temporal reasoning in longitudinal records83

[12]. These resources have advanced clinical language modeling, but they offer lim-84

ited supervision of how clinicians identify relevant patient information, place it in85

context, and use it to support a clinical decision. A similar pattern has been seen at86

the model level. Earlier medical LLMs were trained primarily to acquire and repro-87

duce medical knowledge [13], with performance commonly assessed using traditional88

multiple-choice benchmarks [6, 7, 14, 15]. More recent medical LLMs increasingly89

incorporate reasoning-focused training [16–19], representing an important shift beyond90

factual recall. Yet their training and evaluation still rely heavily on the same con-91

ventional multiple-choice benchmarks, which provide only a limited view of whether92

they can identify the most relevant information and reason through realistic patient93

contexts.94

More recent benchmarks have begun to address this gap by evaluating more com-95

plex forms of clinical reasoning. Some datasets have focused on script concordance96

tests that assess agreement with expert judgment under uncertainty [20], while oth-97

ers have evaluated broader clinical reasoning using structured cases [21, 22]. Other98

benchmarks have extended this paradigm to EHR-grounded reasoning in the emer-99

gency department [23], and to sequential diagnosis requiring models to iteratively100

gather information, update hypotheses, and select subsequent tests [24]. Importantly,101

a recent dataset introduced long-context ICU evaluation tasks centered on patient102

assessment and action recommendations [25]. Together, these efforts represent impor-103

tant progress toward more realistic evaluation of clinical reasoning tasks, but they are104

still designed primarily to assess model performance rather than teach models how to105

find, prioritize, and reason over clinically relevant information. This limitation high-106

lights the need for clinician-curated datasets that can support both the training and107

evaluation of multi-stage clinical reasoning.108

To address this gap, we introduce ICU-REACT (Intensive Care Unit Reasoning for109

Electronic Health Record-Anchored Decision Support Tasks), a clinician-supervised110

dataset designed to teach LLMs how to identify and reason over decision-relevant infor-111

mation in realistic ICU scenarios. ICU-REACT was developed by first creating a seed112
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set through a clinician-in-the-loop framework involving 19 clinicians across multiple113

specialties. The clinician-curated seed dataset was subsequently augmented for model114

training using a self-instruct methodology [26, 27]. Each sample links an actionable115

clinical question to a patient context, a set of relevant EHR variables, and a ratio-116

nale explaining why those variables are important to the decision. Clinical variables117

are mapped to the Observational Medical Outcomes Partnership (OMOP) Common118

Data Model, providing a standardized representation for information retrieval across119

heterogeneous EHR systems. We use ICU-REACT to develop Clin-REACT (Clinical120

Reasoning for Electronic Health Record-Anchored Decision Support Tasks), a fam-121

ily of LLMs fine-tuned to identify decision-relevant patient information and generate122

explicit, context-grounded reasoning connecting that evidence to clinical decisions.123

We then test our broader hypothesis: whether reasoning supervision confined to124

the ICU can improve clinical reasoning beyond the domain in which it was learned.125

Clin-REACT models are evaluated on the held-out ICU-REACT test set and four126

independent external clinical reasoning benchmarks spanning critical care, emergency127

medicine, and general clinical reasoning: SCT-Bench [20], ER-Reason [23], MedR-128

Bench [21], and VivaBench [22]. Across this evaluation suite, Clin-REACT models129

consistently outperformed their backbone models and performed strongly against130

open-source general-purpose and medical LLMs. Notably, these gains extended beyond131

ICU information retrieval and reasoning to downstream diagnostic and treatment tasks132

in other clinical settings. These results support our hypothesis that clinician super-133

vision in a complex, high-acuity environment can teach models skills that transfer134

beyond the setting in which they were trained. Together, ICU-REACT and Clin-135

REACT provide a framework for training and evaluating clinical LLMs not only on136

retrieving patient information or generating answers, but on identifying which evi-137

dence matters and reasoning over it. Prospective evaluation with practicing clinicians138

remains necessary to determine clinical utility, safety, and readiness for real-world use.139

2 Results140

Figure 1 summarizes the overall workflow for developing ICU-REACT, training Clin-141

REACT, and evaluating clinical reasoning performance. We first created the ICU-142

REACT seed dataset using LLM-assisted generation, followed by structured review143

and refinement by 19 clinicians to ensure that the final samples reflected realistic ICU144

decision-making scenarios. We then augmented this seed set to create the training145

sets, fine-tuned Llama [28], Gemma [29], and Baichuan [18] backbones using low-rank146

adaptation (LoRA) supervised fine-tuning (SFT) to obtain Clin-REACT models, and147

evaluated performance against open-source general-purpose and medical LLMs on148

internal and external benchmarks.149

2.1 ICU-REACT captures multidimensional clinical reasoning,150

enabling reasoning-focused training151

We created ICU-REACT, a decision-focused clinical reasoning and information152

retrieval dataset for the ICU, developed through a clinician-in-the-loop annotation153

framework for fine-tuning and benchmarking LLMs. Specifically, the seed set was154

4



A. Seed dataset creation

B. Dataset augmentation

C. Model training

D. Evaluation
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Approved 
samples

ICU-REACT 
Seed

213 samples

Re)ned 
Samples

ICU-REACT 
Train

142 samples

GPT 5.2 GPT 4o 
mini

Initial 
answers

Augmented 
questions

Clinician-curated
ICU topics

N random samples

ICU-REACT 
Train Dataset

ICU-REACT 
Train Dataset

Reasoning

Reasoning Re)nement SFT

Patient Context

?

Decision Question

Repeat k times

ICU-REACT Test

SCT Bench

ER Reason

Internal 
Test

External 
Test

Evaluation Suite
MedGemma

Trained 
Models

Medical 
Models

LLM-Judge 
Metrics

Automated 
Metrics

General 
Models

Gemma OSS

ICU-REACT 
Test

71 samples

ICU-REACT 
Train

142 samples

GPT 5.2

Re)ned answers

Initial 
Answer

Re)ned answers

MedRBench

VivaBench

Backbones

Llama Baichuan

Gemma

Clin-REACT 
Models

Trained Models

Clin-REACT 
Models

Fig. 1 Workflow overview of the ICU-REACT and Clin-REACT pipeline. (A) Seed dataset creation:
GPT-4.1, selected for its state-of-the-art instruction-following performance at the time of initial gen-
eration, produces candidate samples that are stored in MongoDB and reviewed by clinicians through
an online annotation tool. Approved samples are then refined with GPT-5.2, the state-of-the-art
model available at the time of the experiments, using clinicians’ written feedback to produce the
ICU-REACT seed set (n = 213). (B) Dataset augmentation: the seed set is divided into a train-
ing seed (n = 142) and held-out test set (n = 71). Clinician-curated ICU topics and n randomly
sampled training examples are used as few-shot context for GPT-5.2 to generate new questions.
GPT-4o-mini is intentionally used to produce imperfect initial answers requiring refinement, after
which GPT-5.2 generates improved answers using the question and initial response. This process is
repeated for k rounds until the target training-set size is reached. (C) Model training: Llama 3.1
8B Instruct, Baichuan M1 14B Instruct, Gemma 4 31B, and Llama 3.3 70B Instruct are fine-tuned
through a single supervised fine-tuning stage to generate refined answers and corresponding reasoning
from the patient context, decision question, and initial answer. ICU-REACT-Train-Small contained
10,000 samples and was used for the 8B model; ICU-REACT-Train-Medium contained 5,307 hard
reasoning-refinement samples and was used for the 14B and 31B models; and ICU-REACT-Train-
Large contained 27,973 reasoning-refinement samples and was used for the 70B model. Fine-tuning
produced the Clin-REACT 8B, 14B, 31B, and 70B models. (D) Evaluation: Clin-REACT models are
compared with open-source general-purpose and medical LLMs on the held-out ICU-REACT test set
and four external benchmarks (SCT-Bench, ER-Reason, MedRBench, and VivaBench) using auto-
mated and LLM-judge metrics.
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curated through LLM-assisted generation and subsequently reviewed and refined by155

19 clinicians across multiple specialties, resulting in 213 final samples, a size that is156

consistent with previous literature [26, 27]. The seed set was then split into training157

(n = 142) and held-out test (n = 71) sets. The training seed was augmented via a self-158

instruct pipeline into three variant-specific training sets: ICU-REACT-Train-Small159

(10,000 samples to train Clin-REACT 8B), Medium (5,307 hard reasoning-refinement160

samples to train Clin-REACT 14B and 31B), and Large (27,973 reasoning-refinement161

samples to train Clin-REACT 70B). The Small, Medium, and Large labels refer to162

the size of the Clin-REACT models they were designed to train, rather than the size163

of the training datasets. Each dataset was constructed to balance training-data scale164

and reasoning complexity with the capacity of the corresponding model architecture165

and size. Full composition and topic distributions for the training sets are provided in166

Supplementary Fig. S2.167

For benchmarking, ICU-REACT-Test (the held-out test set) comprised 71168

clinician-validated questions spanning nine critical-care topics, with greater represen-169

tation of common ICU problems such as respiratory failure (n = 16), hemodynamic170

instability/shock (n = 11), and renal failure/electrolyte disorders (n = 9). Rather171

than testing isolated facts or individual EHR variables, questions were designed to172

require integration of multiple aspects of the patient record that clinicians routinely173

consider together when making decisions. A typical question required information from174

4 clinical data categories (IQR 3-5), 7 more specific data sub-domains (IQR 5-10), and175

18 individual patient variables (IQR 13–26.5). These commonly included vital signs,176

laboratory results, medications, and other physiologic measurements, reflecting the177

multidimensional information routinely synthesized during ICU care. Detailed test-178

set composition, topic distributions, and data-category breakdowns are provided in179

Supplementary Fig. S3.180

2.2 Clin-REACT training transfers across diverse clinical181

reasoning benchmarks182

Clin-REACT training improved performance beyond the in-domain ICU-REACT183

tasks, with Clin-REACT models generally performing better across four external184

clinical-reasoning benchmarks with different task formats and evaluation criteria185

(Fig. 2). Clin-REACT 31B achieved the highest macro score across all five benchmarks186

at 50.4 (±15.5 SD), compared with 48.5 (±15.8) for GPT-OSS 120B and 48.3 (±17.5)187

for Gemma 4 31B. As expected, the largest gains were seen on ICU-REACT, where the188

three best-performing models were Clin-REACT variants. Clin-REACT 70B achieved189

the highest score at 45.0 (95% CI: 42.8-47.4), compared with 40.6 (38.1-43.0) for the190

strongest baseline.191

Importantly, these gains carried over to benchmarks that differed from ICU-192

REACT in clinical setting, task structure, and scoring methodology. Clin-REACT193

models achieved the highest overall scores on three of the four external bench-194

marks, with the best-performing variants reaching 51.4 (46.5-55.8) on ER-Reason, 47.9195

(47.0-48.7) on MedRBench, and 33.5 (32.2-34.8) on VivaBench. They also remained196

competitive on SCT-Bench: Clin-REACT 31B scored 75.5 (69.8-81.0), compared with197

77.6 (72.1-83.1) for the top-performing model, while Clin-REACT 70B outperformed198
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A.

B.

C.

Fig. 2 Overall performance. (A) Relationship between model size and macro-average performance
across all five clinical reasoning benchmarks evaluated (ICU-REACT, SCT-Bench, ER-Reason,
MedRBench, and VivaBench). Models are colored by group: Clin-REACT models, open-source
general-purpose LLMs, and open-source medical LLMs. (B) Benchmark-level performance of all mod-
els on ICU-REACT, SCT-Bench, ER-Reason, MedRBench, and VivaBench. Bars denote mean scores
across each benchmark’s metrics, and error bars represent 95% confidence intervals. (C) Metric-level
heatmap summarizing performance across the individual evaluation dimensions within each bench-
mark. Models are ordered by group and performance is displayed as percentage scores.

the strongest medical model (67.5 vs. 64.8). Together, these results suggest that the199

skills learned during Clin-REACT training extended beyond the source benchmark to200

a broader range of clinical-reasoning tasks.201

Metric-level results showed a similar pattern. On ICU-REACT, Clin-REACT mod-202

els showed their largest gains in information retrieval and reasoning, including the203

highest parent-variable F1 (45.1, 95% CI: 42.0-48.3) and reasoning score (60.9, 58.2-204

63.4). On the external benchmarks, these gains appeared in different ways, including205

better identification of decision factors, differential reasoning, and treatment planning206
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on ER-Reason; stronger assessment recommendation recall and diagnosis and treat-207

ment accuracy on MedRBench; and higher key-information recall and final-diagnosis208

accuracy on VivaBench. Thus, improvements in clinically grounded retrieval and rea-209

soning transferred to tasks requiring different combinations of information selection,210

diagnosis, and treatment planning.211

When Clin-REACT models did not achieve the highest score on a given met-212

ric, the differences often reflected precision-recall tradeoffs rather than a clear loss213

of capability. For example, on MedRBench, Clin-REACT 31B had lower assessment-214

recommendation recall than GPT-OSS 120B (48.0 vs. 54.7) but higher precision (29.8215

vs. 23.0), while achieving similar diagnosis accuracy (66.0 vs. 67.1). A similar pat-216

tern appeared on VivaBench, where Clin-REACT 31B showed higher key-information217

precision but lower recall than GPT-OSS 120B. Overall, the consistency of these218

results across diverse external benchmarks suggests that Clin-REACT training yielded219

transferable clinical-reasoning skills rather than simply improving performance on220

ICU-REACT. Detailed model- and metric-level comparisons with confidence intervals221

and statistical testing are provided in Supplemental Section S4, with comparisons222

against four proprietary frontier LLMs reported in Supplemental Section S6.223

2.3 Fine-tuning consistently improves performance over224

backbone models across clinical reasoning benchmarks225

Pairwise comparisons with 14 baseline models across five clinical-reasoning bench-226

marks showed that Clin-REACT training consistently improved the performance of227

each backbone model (Fig. 3). Across model sizes, Clin-REACT variants achieved228

more significant wins and fewer significant losses than their corresponding backbones,229

with improvements extending beyond ICU-REACT to external reasoning tasks.230

The gains were especially clear for the 8B and 70B models. Clin-REACT 8B231

increased from 12 significant wins with the Llama 3.1 8B Instruct backbone to 29,232

while reducing significant losses from 43 to 22. The largest improvement was on ICU-233

REACT (+9 wins), but gains were also seen on ER-Reason (+5), SCT-Bench (+2),234

and VivaBench (+2). Similarly, Clin-REACT 70B increased from 34 to 59 significant235

wins and reduced losses from 16 to 5 relative to Llama 3.3 70B Instruct. These improve-236

ments were seen across all five benchmarks, including substantial gains on ER-Reason237

(+7) and SCT-Bench (+4).238

Clin-REACT training also strengthened the already competitive 14B and 31B239

backbones. Clin-REACT 14B increased significant wins from 32 to 44 and reduced240

losses from 21 to 6, with improvements extending beyond ICU-REACT to ER-Reason,241

SCT-Bench, and MedRBench. Clin-REACT 31B showed the strongest comparison pro-242

file, with 67 significant wins and no significant losses across 70 comparisons. Although243

its Gemma 4 31B backbone was already highly competitive, with 58 wins and only244

two losses, Clin-REACT training added nine wins and dropped both losses, with most245

of the additional gains occurring on ER-Reason and MedRBench.246

Overall, these pairwise comparisons show that Clin-REACT training improved the247

relative performance of every backbone across a diverse set of clinical-reasoning tasks.248

The consistency of these improvements across model sizes and external benchmarks249

provides further evidence that the reasoning and information-retrieval skills learned250
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A.

B.

C.

Fig. 3 Clin-REACT performance gains. Each Clin-REACT model is compared against its untrained
backbone (8B, 14B, 31B, and 70B) across five benchmarks. A ”win” is a pairwise comparison in which
a model significantly outperforms a competing model, and a ”loss” is one in which it is significantly
outperformed; significance was determined using two-sided Wilcoxon signed-rank tests (p < 0.05).
Comparing a backbone’s win/loss counts against its corresponding fine-tuned Clin-REACT model
isolates the effect of ICU-REACT training. (A) Aggregate counts of significant wins (bars above the
axis) and losses (bars below the axis) summed across all benchmark comparisons, shown for each
backbone (gray) and its corresponding Clin-REACT model (teal). The red arrow marks the increase
in wins and the blue arrow the decrease in losses attributable to training. Across all four scales,
Clin-REACT increases wins and reduces losses. (B) Significant wins broken down by benchmark:
backbone wins (left), Clin-REACT wins (right), and the net difference between them (middle). In the
middle heatmap, positive values indicate additional wins gained through training and negative values
indicate wins lost. (C) Significant losses broken down by benchmark: backbone losses (left), Clin-
REACT losses (right), and the net change (middle). In the middle heatmap, negative values indicate
fewer losses after training (an improvement in performance) and positive values indicate more losses
(a decrease in performance).

during training transferred beyond the ICU setting. Heatmaps showing the magnitude251

of differences between each Clin-REACT variant and all baseline models, including252

gains over their corresponding backbones, are provided in Supplemental Section S4.253
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A.

B.

Fig. 4 Performance across different task types. (A) Task-level scores for information retrieval,
diagnosis, and treatment across Clin-REACT models, open-source general-purpose LLMs, and open-
source medical LLMs. Task scores were calculated by aggregating relevant benchmark metrics within
each task domain. Bars denote mean performance across included metrics, and error bars denote the
standard deviation across metrics. (B) Pairwise associations between model performance across infor-
mation retrieval, diagnosis, and treatment categories. Points represent individual models, colored by
model group, and fitted lines show the estimated linear relationships with shaded 95% confidence
intervals. Associations were evaluated using Spearman rank correlation tests, with correlation coeffi-
cients and corresponding p-values shown in each panel.

2.4 Performance gains extend from information retrieval254

reasoning to downstream diagnosis and treatment255

To assess whether Clin-REACT performance generalized across different aspects of256

clinical reasoning, benchmark-specific metrics were grouped into three task cate-257

gories: information retrieval, diagnosis, and treatment (Fig. 4A). Information retrieval258
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included ICU-REACT parent variable F1 and variable F1 scores, ER-Reason deci-259

sion factors accuracy, MedRBench assessment recommendation precision and recall,260

and VivaBench overall key-information precision and recall. Diagnosis included ER-261

Reason differential accuracy, MedRBench diagnosis accuracy, and VivaBench final262

diagnosis accuracy. Treatment included ER-Reason treatment planning accuracy and263

MedRBench treatment accuracy.264

Clin-REACT models performed strongly across all three task categories, rather265

than showing gains only in information retrieval, the most emphasized task during266

training. Clin-REACT 31B achieved the highest overall scores for information retrieval267

and diagnosis, at 41.4 (SD 14.0) and 56.1 (SD 9.1), respectively, while Clin-REACT268

14B achieved the highest treatment score at 44.9 (SD 13.4). Clin-REACT 70B was269

also competitive across all three categories. Together, these results show that Clin-270

REACT variants matched or outperformed the strongest general-purpose and medical271

baselines across information retrieval, diagnosis, and treatment, suggesting that the272

skills learned during training extended to multiple stages of clinical reasoning.273

Comparisons with the corresponding backbone models showed that improvements274

on these tasks was attributable to Clin-REACT training. Clin-REACT 31B and 70B275

improved over Gemma 4 31B and Llama 3.3 70B Instruct, respectively, across all three276

categories. Clin-REACT 14B also improved in retrieval and diagnosis and showed a277

particularly large gain in treatment performance relative to Baichuan M1 14B Instruct278

(44.9 vs. 33.9). Clin-REACT 8B improved in retrieval and diagnosis compared with279

Llama 3.1 8B Instruct, although treatment performance had a slight decrease (27.4 vs.280

31.1). Overall, these findings suggest that the benefits of Clin-REACT training gen-281

erally extended beyond information retrieval to downstream diagnosis and treatment282

tasks.283

Performance across the three task categories was also positively associated across284

models (Fig. 4B). Information-retrieval and diagnosis scores were strongly corre-285

lated (ρ = 0.85, p < 0.001), as were diagnosis and treatment scores (ρ = 0.85,286

p < 0.001); information retrieval was moderately correlated with treatment perfor-287

mance (ρ = 0.63, p = 0.004). These associations indicate that models that were288

better at identifying clinically relevant information also tended to perform better on289

downstream diagnosis and treatment tasks, highlighting information selection as an290

important step of clinical reasoning.291

2.5 Performance improvements are consistent across diverse292

clinical content293

Performance across the nine ICU topic categories showed that Clin-REACT improve-294

ments were spread across a broad range of clinical problems rather than driven by295

only a few conditions (Fig. 5). The clearest pattern was in reasoning quality, where a296

Clin-REACT variant achieved the highest score in every ICU topic. These gains were297

seen across major critical-care areas, including sepsis and severe infections, hemody-298

namic instability and shock, respiratory failure, renal and electrolyte disorders, cardiac299

emergencies, hematologic and coagulation disorders, and sedation, pain, and delirium300

management. For example, Clin-REACT achieved reasoning scores of 58 versus 40 for301

the strongest baseline in sepsis and severe infections, 60 versus 44 in hemodynamic302
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A.

B.

C.

Fig. 5 Performance across topics in ICU-REACT test set. Heatmaps showing model performance
across the nine topic areas in ICU-REACT test set for (A) parent variable F1, (B) variable F1, and
(C) reasoning score. Rows denote ICU topics and columns denote evaluated models, ordered from
left to right with open-source general-purpose LLMs followed by open-source medical LLMs and
Clin-REACT models. Cell values represent percentage scores, with warmer colors indicating higher
performance.

instability and shock, 59 versus 45 in respiratory failure, and 67 versus 48 in renal303

failure and electrolyte disorders.304

Information-retrieval performance varied more across topics but remained com-305

petitive with the strongest baselines. Clin-REACT models achieved the highest306

variable-level retrieval scores in several high-acuity areas, including respiratory fail-307

ure and renal failure and electrolyte disorders, and matched or closely approached308

the strongest baselines in sepsis and severe infections and hemodynamic instability309
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and shock. Parent-variable retrieval followed a similar pattern, with the best Clin-310

REACT variants generally within 1-2 points of the top baseline across these major311

ICU domains.312

Overall, these results show that Clin-REACT training improved reasoning across313

a wide range of ICU presentations while maintaining strong retrieval of clinically314

relevant information. Similar gains were also seen across related clinical domains in315

the external benchmarks, further supporting the transfer of these capabilities beyond316

the ICU setting (Supplemental Section S7).317

2.6 Training improves scores across evaluation dimensions318

To better understand how Clin-REACT training changed the quality of model319

responses beyond overall benchmark scores, we evaluated five evaluation dimensions320

on ICU-REACT: reasoning correctness, reasoning synthesis, task faithfulness, safety,321

and critical-anchor identification (Fig. 6A). Clin-REACT models consistently out-322

performed general-purpose and medical baselines in both reasoning correctness and323

synthesis, with correctness scores ranging from 41.0% to 49.4% and synthesis scores324

from 46.9% to 67.6%. These results suggest that Clin-REACT models were not only325

more likely to provide clinically appropriate explanations, but also better at bringing326

relevant evidence together into a coherent rationale.327

The clearest advantages were seen in task faithfulness and safety. Clin-REACT328

models achieved task-faithfulness scores of 96.7%-99.8%, compared with 41.5%-95.1%329

for general-purpose models and 60.6%-93.0% for medical models. Safety followed a sim-330

ilar pattern, with Clin-REACT scores (78.6%-93.9%) exceeding both general-purpose331

(34.2%-76.1%) and medical (51.6%-67.1%) baselines.332

Identifying critical anchors remained the most difficult dimension for all models,333

although Clin-REACT still achieved the strongest overall performance (22.4%-34.0%).334

Overall, these findings show that Clin-REACT training improved not only the cor-335

rectness and coherence of clinical reasoning, but also how well models followed the336

intended task and avoided unsafe responses. At the same time, reliably identifying the337

most clinically important evidence remains an important area for improvement.338

2.7 Information retrieval scores improve across multiple339

clinically relevant data categories340

Information-retrieval performance differed across clinical data types, but Clin-REACT341

models showed clear strengths in retrieving laboratory measurements, structured342

scores and assessments, and imaging findings (Fig. 6B). A Clin-REACT variant343

achieved the highest F1 score among all evaluated models in each of these categories,344

reaching 38.9% for laboratory measurements, 38.1% for scores and assessments, and345

26.6% for imaging. Clin-REACT models also remained competitive for physiology346

and medications, nearly matching the strongest general-purpose model for physiology347

(45.9% vs. 46.0%) and outperforming the strongest medical baseline for medication348

retrieval.349

Performance was more variable for diagnosis, intervention, and administrative350

information. Clin-REACT models remained competitive with medical baselines for351
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A.

B.

Fig. 6 Performance across rubric dimensions and clinical data categories. (A) Cleveland dot plots
summarizing model performance across the five ICU-REACT rubric dimensions: reasoning correct-
ness, reasoning synthesis, task faithfulness, safety, and critical anchor. (B) Cleveland dot plots showing
variable-level F1 performance stratified by the clinical data categories represented in ICU-REACT
questions, including physiology, laboratory measurements, medications, diagnoses, interventions,
scores and assessments, imaging, and administrative information. Each dot represents the score for a
given model on a specific dimension or category. Models are grouped by open-source general-purpose
LLMs, open-source medical LLMs, and Clin-REACT models.

intervention retrieval but had lower performance compared to the strongest general-352

purpose model, while diagnosis retrieval was modestly lower than the best general-353

purpose and medical baselines. Administrative information was challenging for all354

models and had the lowest retrieval scores overall. These results show that Clin-355

REACT training improved retrieval across several clinically important data types,356

while also highlighting diagnosis, intervention, and administrative information as areas357

14



for further improvement. Similar category-level gains were seen on external bench-358

marks, suggesting that these retrieval skills extended beyond the ICU-REACT test359

set (Supplemental Section S8).360

2.8 ICU-REACT performance aligns with external clinical361

reasoning benchmarks362

To assess concordance between ICU-REACT and external measures of clinical rea-363

soning, we calculated model-level Spearman rank correlations between ICU-REACT364

performance and scores on SCT-Bench, ER-Reason, MedRBench, and VivaBench365

(Fig. 7). ICU-REACT showed strong positive correlations with SCT-Bench (ρ = 0.76,366

(p < 0.001)), ER-Reason (ρ = 0.78, (p < 0.001)), and VivaBench (ρ = 0.80,367

(p < 0.001)), and a more moderate but significant correlation with MedRBench368

(ρ = 0.51, (p = 0.025)). Models that performed well on ICU-REACT also tended to369

perform well on external clinical-reasoning benchmarks, suggesting that ICU-REACT370

captures skills that are relevant to broader clinical reasoning.371

Metric-level correlations showed a similar pattern across reasoning dimensions372

(Fig. 7B). ICU-REACT retrieval and reasoning metrics were strongly correlated to one373

another and were positively associated with external measures of decision-factor iden-374

tification, differential diagnosis, treatment planning, and final diagnosis. The strongest375

cross-benchmark relationships were seen with SCT-Bench, ER-Reason decision-factor376

performance, and VivaBench final diagnosis accuracy, while diagnosis and treatment377

metrics were also closely aligned across MedRBench and VivaBench. In contrast, preci-378

sion metrics showed weaker or occasionally inverse relationships with recall measures,379

reflecting differences in retrieval behavior and precision-recall tradeoffs across mod-380

els. Overall, these correlations suggest that ICU-REACT measures reasoning abilities381

that overlap with established clinical-reasoning benchmarks.382

3 Discussion383

In this study, we developed ICU-REACT, a decision-focused dataset for evaluating384

information retrieval and clinical reasoning in critical care, and Clin-REACT, a suite385

of fine-tuned LLMs optimized for information retrieval and reasoning in the ICU. The386

ICU-REACT dataset was designed to improve clinical reasoning of LLMs and address387

an important challenge in evaluating LLMs for critical care: assessing whether models388

can identify relevant patient information under different decision scenarios and use389

it to generate clinically coherent, task-aligned, and safe reasoning in complex ICU390

scenarios [30, 31]. Our results demonstrate that reasoning-refinement training on a391

domain-constrained dataset can yield broad, transferable improvements in clinically392

relevant reasoning and information-selection behavior that extend well beyond the393

ICU setting, while surpassing strong open-source general-purpose and medical LLMs.394

A central finding of this study is that Clin-REACT models improved clinical395

reasoning performance not only on in-domain ICU tasks but also across external396

benchmarks that were not part of training. Although ICU-REACT is constrained397

to critical-care scenarios, Clin-REACT models achieved leading or highly compet-398

itive performance on ER-Reason, a related critical-care benchmark, as well as on399
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A.

B.

Fig. 7 Performance correlations between clinical reasoning benchmarks. (A) Associations between
models’ ICU-REACT average scores and their average scores on SCT-Bench, ER-Reason, MedR-
Bench, and VivaBench. Points represent individual models and are colored by model group, with solid
lines indicating fitted linear trends with shaded 95% confidence intervals. Associations were evalu-
ated using Spearman rank correlation tests, with correlation coefficients and corresponding p-values
shown in each panel. (B) Heatmap of pairwise Spearman rank correlations among individual metrics
across the five clinical reasoning benchmarks evaluated. Cell values denote correlation coefficients,
with positive and negative associations represented by teal and red shading, respectively.

more general clinical reasoning benchmarks such as SCT-Bench, MedRBench, and400

VivaBench. For instance, Clin-REACT 31B achieved the highest overall macro score401

across all benchmarks (50.4 ± 15.5 SD) and the best performance on ER-Reason (51.4)402

and VivaBench (33.5), while remaining competitive on SCT-Bench and MedRBench403

(Fig. 2). Importantly, these improvements were not limited to tasks that closely resem-404

bled ICU-REACT or to a single type of evaluation. The external benchmarks tested405
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different aspects of clinical reasoning, including decision-making under uncertainty,406

diagnosis and treatment selection, information seeking, and concept-level reasoning,407

using scoring approaches ranging from agreement with expert response distributions408

to retrieval and accuracy deterministic metrics. The fact that Clin-REACT improved409

across these diverse tasks and evaluation methods makes it less likely that the gains410

were driven only by memorization, dataset-specific response patterns, or alignment411

with an LLM evaluator. Instead, the results suggest that the reasoning skills learned412

from ICU-REACT transferred beyond the training setting, improving clinically rel-413

evant reasoning and information selection across different clinical contexts and task414

formats.415

Clin-REACT training produced consistent improvements over each model’s respec-416

tive backbone across model families and scales. Relative to their backbones, Clin-417

REACT variants gained net statistically significant wins on our pairwise benchmark418

comparisons at every scale, ranging from 9 net wins for Clin-REACT 31B over its419

already strong Gemma 4 31B backbone to 25 net wins for Clin-REACT 70B over Llama420

3.3 70B Instruct (Fig. 3). Notably, Clin-REACT 31B achieved 67 significant wins with421

no significant losses across 70 comparisons, and removed both of the losses observed422

for its backbone. The gains on SCT-Bench provide a particularly clear example of423

this transfer. Rather than simply selecting a diagnosis or semantically matching an424

expected response, SCT-Bench asks models to quantify how new clinical information425

changes the likelihood of a diagnostic hypothesis under uncertainty. Despite this task426

formulation not being explicitly represented in ICU-REACT training, Clin-REACT427

improved over its respective backbone by +11.0% for the 8B model (p < 0.01), +3.3%428

for the 14B model (p > 0.05), and +7.6% for the 70B model (p < 0.01), showing429

better agreement with clinician response distributions and providing evidence that430

the learned reasoning behaviors generalized beyond the structure of the training task431

itself. These improvements were seen across different model families (Llama, Gemma,432

and Baichuan) indicating that the benefits of ICU-REACT training were not specific433

to a single architecture. The magnitude of the gains, however, varied across mod-434

els. Stronger backbones, such as Gemma 4 31B, showed smaller improvements, given435

they already performed well before fine-tuning. On the other hand, models with more436

room to improve showed larger gains. Importantly, our data contamination analyses437

found no evidence of substantial overlap or benchmark leakage between ICU-REACT438

training data and the external benchmarks that could readily explain these results439

(Supplemental Section S10), supporting the interpretation that the improvements440

reflect transferable learning rather than memorization.441

Notably, these gains were achieved through lightweight low-rank adaptation442

(LoRA) fine-tuning rather than extensive retraining. Clin-REACT models were there-443

fore highly parameter-efficient, with smaller variants often matching or outperforming444

much larger general-purpose and medical LLMs. For example, Clin-REACT 14B445

achieved higher overall clinical reasoning performance than MedGemma 27B and446

Baichuan M2 32B, while Clin-REACT 8B exceeded larger medical models such as447

Baichuan M1 14B Instruct and Meditron 3 70B. This pattern also held at larger model448

sizes. Clin-REACT 31B achieved the highest overall performance, outperforming449

HuatuoGPT O1 70B and GPT-OSS 120B despite having roughly one quarter as many450
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parameters as the latter. Clin-REACT 70B also clearly outperformed HuatuoGPT O1451

70B and exceeded GPT-OSS 120B on ICU-REACT and ER-Reason. The fact that rel-452

atively lightweight fine-tuning could produce models that matched or surpassed much453

larger and more heavily trained systems suggests that the gains came from the quality454

of ICU-REACT and the reasoning-refinement training approach, rather than model455

size or training scale alone.456

Beyond information retrieval, Clin-REACT models also improved on downstream457

diagnosis and treatment tasks. In our task-level analysis, Clin-REACT models458

achieved the strongest or highly competitive performance across all three categories.459

Clin-REACT 31B had the highest scores for information retrieval (41.4) and diagnosis460

(56.1), while Clin-REACT 14B achieved the highest treatment score (44.9) (Fig. 4A).461

Relative to their backbones, Clin-REACT models improved information retrieval and462

diagnostic performance at all four scales. This pattern is reinforced by the moderate-463

to-strong correlations we observed among task categories (information retrieval and464

diagnosis, ρ = 0.85; diagnosis and treatment, ρ = 0.85; information retrieval and465

treatment, ρ = 0.63) (Fig. 4B). One possible explanation for these gains is that better466

identification and prioritization of clinically relevant information gives models stronger467

evidence for subsequent diagnostic and treatment decisions. This may help explain why468

Clin-REACT training improved not only information retrieval, but also diagnostic per-469

formance on external benchmarks such as MedRBench and VivaBench. Models that470

more effectively recognize which findings are relevant may also be better positioned471

to reach the correct diagnosis or treatment decision. Although these associations do472

not establish that improved retrieval directly causes better downstream performance,473

they suggest that the benefits of Clin-REACT training extend across multiple stages474

of clinical decision-making rather than being limited to information extraction alone.475

The reasoning-refinement approach seemed to play an important role in these476

results. Among the training tasks we tested, asking models to improve a flawed initial477

response had the best results, outperforming alternatives such as variable selection478

and context or question generation (see ablations in Supplemental Section S5). One479

possible explanation is that models learn more from correcting imperfect reasoning480

than from simply imitating correct answers, since the refinement process exposes them481

to failure modes and the steps needed to fix them [32, 33]. Our t-SNE analyses support482

this interpretation, showing greater diversity among refined reasoning texts than initial483

reasoning texts (Supplementary Fig. S2), suggesting that refinement provides a richer484

training signal. More broadly, these findings support a framework in which clinician-485

curated reasoning serves as the foundation, LLM-based augmentation amplifies that486

signal, and fine-tuning teaches models reasoning and information-selection skills that487

transfer across clinical tasks.488

Our analyses also revealed meaningful limitations of existing LLMs on ICU clin-489

ical reasoning that ICU-REACT was able to surface. Across ICU topics and rubric490

dimensions, general-purpose and medical models frequently struggled, whereas Clin-491

REACT models showed consistent improvement. A Clin-REACT variant achieved492

the highest reasoning score across all nine ICU topic categories, with pronounced493

advantages in critical domains such as sepsis, hemodynamic instability/shock, res-494

piratory failure, and renal failure (Fig. 5). The evaluation-dimension analysis was495
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especially informative in areas where many models still struggle. For safety, general-496

purpose models scored 34.2-76.1 and medical models 51.6-67.1, showing that even497

strong baselines sometimes produced recommendations or overlooked considerations498

that could raise safety concerns. In contrast, Clin-REACT models performed better499

(78.6-93.9) (Fig. 6A). Critical-anchor identification was even more challenging. This500

metric measured whether models recognized the most important clinical evidence sup-501

porting a decision. General-purpose models scored only 6.4-22.4 and medical models502

7.7-17.9, suggesting that many models failed to center their reasoning on the most503

relevant findings. Clin-REACT achieved the strongest performance (22.4-34.0), but504

scores remained relatively low across all models, highlighting reliable identification of505

the most consequential clinical evidence as an important remaining challenge.506

Clin-REACT models similarly improved on reasoning correctness, reasoning syn-507

thesis, and task faithfulness, and demonstrated more comprehensive information508

retrieval across clinical data categories, achieving the strongest F1 in three of eight509

categories, including laboratory measurements, scores and assessments, and imaging,510

and remaining competitive in other categories (Fig. 6B). Notably, general-purpose and511

medical models tended to rely more heavily on routinely documented data, such as512

laboratory results, physiology, and medications, while more often missing clinically513

interpretive information such as scores/assessments, and imaging. Clin-REACT train-514

ing helped shift attention toward these data types. Clin-REACT 31B achieved the515

highest F1 for scores and assessments (38.1), while Clin-REACT 70B performed best516

for imaging (26.6). This suggests that training with ICU-REACT encouraged mod-517

els to consider a broader and more clinically complete set of evidence, rather than518

defaulting to the information that is most readily available.519

A notable observation is that open-source medical LLMs generally underperformed520

on these clinical reasoning benchmarks, often having lower performance than general-521

purpose models of comparable or smaller size. This finding is consistent with recent522

results comparing general-purpose and specialized clinical models [34]. Because many523

medical LLMs are optimized on multiple-choice question-answering benchmarks, this524

pattern raises the possibility that such training incentivizes pattern recognition and525

answer memorization rather than the generative, multi-step reasoning required for526

realistic clinical decision-making [35, 36]. Our analysis comparing performance across527

medical multiple-choice and clinical-reasoning benchmarks further supports this inter-528

pretation, showing that stronger multiple-choice performance did not consistently529

correspond to stronger performance on clinically grounded reasoning tasks (see Supple-530

mental Section S9). If so, strong performance on multiple-choice medical benchmarks531

may not fully reflect a model’s clinical reasoning ability. Open-ended frameworks such532

as ICU-REACT, which require models to identify relevant information and reason533

through it, may provide a more realistic assessment of models intended for clinical use.534

Finally, our correlation analyses support ICU-REACT’s validity as a clinical535

reasoning benchmark. Model-level ICU-REACT performance correlated moderately536

to strongly with SCT-Bench (ρ = 0.76), ER-Reason (ρ = 0.78), and VivaBench537

(ρ = 0.80), and more moderately but still significantly with MedRBench (ρ = 0.51)538

(Fig. 7A). These relationships were also seen at the metric level, with ICU-REACT539

metrics being closely correlated with decision-factor identification, diagnosis, and540
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recall metrics across the external benchmarks. More broadly, the correlation pat-541

terns across metrics and datasets showed that models were ranked similarly across542

different evaluations (Fig. 7B). Together, these findings suggest that ICU-REACT543

captures a meaningful signal of clinical reasoning ability that is consistent with estab-544

lished benchmarks, while also testing ICU-specific skills that other benchmarks do not545

directly assess. The weaker or occasionally negative correlations among precision met-546

rics also highlight an important precision-recall trade-off in clinical reasoning, which547

a decision-focused benchmark such as ICU-REACT may help reveal.548

Our study has several limitations. First, our evaluation relied on automated met-549

rics and LLM-as-judge evaluations rather than direct expert review of Clin-REACT550

outputs. Although LLM-based evaluation can scale across many models and has shown551

reasonable agreement with human raters, it cannot fully replace clinician judgment of552

response quality, safety, and clinical appropriateness. A related concern is that GPT-553

5.2 was used both to generate training dataset and to evaluate selected endpoints,554

including ICU-REACT reasoning. This teacher-judge overlap could favor responses555

that resemble the model’s preferred reasoning style. However, this limitation does not556

apply equally across all of our evaluations. Clin-REACT also improved on indepen-557

dently scored outcomes, including agreement with human expert response distributions558

on SCT-Bench and deterministic measures of diagnosis, treatment, and information559

retrieval on MedRBench, VivaBench, and ICU-REACT. In addition, ICU-REACT560

reasoning was scored using rubrics derived from clinician ground-truth responses. The561

consistency of the results across these different evaluation approaches makes evaluator562

preference alone unlikely to explain the overall gains, although prospective evaluation563

by practicing clinicians will be essential.564

Second, the ICU-REACT test set is relatively small, with 71 questions. Although565

this is similar in scale to related benchmarks such as ER-Reason and covers nine com-566

mon critical-care topics, it cannot represent the full range of cases and edge conditions567

encountered in ICU practice. ICU-REACT should therefore be viewed as a measure568

of reasoning across representative ICU scenarios rather than a comprehensive assess-569

ment of critical-care reasoning. Third, Clin-REACT models were trained using LoRA570

fine-tuning alone. This lightweight approach was effective and allowed smaller mod-571

els to compete with or outperform much larger models. However, we did not explore572

more advanced approaches such as reinforcement learning from verifiable rewards or573

preference-based optimization methods such as Group Relative Policy Optimization574

(GRPO). These strategies may provide additional improvements in reasoning quality.575

Fourth, although the seed examples used to build ICU-REACT were reviewed by clin-576

icians, the augmented training corpus itself was not clinically validated. The synthetic577

data may therefore contain factual errors, stylistic patterns, or biases inherited from578

the teacher model. This limits how strongly the augmented corpus can be described579

as clinically validated. Nevertheless, the consistent gains across independently devel-580

oped external benchmarks and different evaluation methods suggest that the training581

data captured useful and transferable reasoning signals rather than simply reinforcing582

patterns specific to the synthetic corpus.583

Finally, ICU-REACT has limitations related to annotation and clinical represen-584

tation. Although the dataset was reviewed by clinicians from several specialties, the585
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annotator pool did not include some sub specialties that are highly relevant to ICU586

care, including neurology, nephrology, and cardiology. This may limit the depth of587

validation in those areas. In addition, nearly all annotators came from a single insti-588

tution, with only one clinician from an external site. As a result, some aspects of589

the dataset may reflect institution-specific practices or conventions, which could limit590

generalization across health systems.591

These limitations point to several directions for future work. One important next592

step is to integrate Clin-REACT directly with EHR systems using our OMOP-aligned593

taxonomy of clinical variables, allowing models to retrieve and reason over structured594

patient data in real time. More advanced training strategies, including reinforcement595

learning approaches such as GRPO, may further improve reasoning beyond super-596

vised fine-tuning. Prospective evaluation with practicing clinicians will also be critical597

for assessing safety, usefulness, and performance in realistic clinical settings. Finally,598

developing ICU-REACT datasets tailored to specific ICU environments, such as medi-599

cal, surgical, cardiac, or neurological intensive care, could help train models that better600

reflect the patient populations, workflows, and decision-making needs of each setting.601

4 Methods602

4.1 Dataset603

We developed ICU-REACT, a clinician-supervised dataset designed to teach LLMs604

to perform context-aware clinical reasoning and information retrieval. The dataset605

creation had two main stages: seed dataset creation and dataset augmentation.606

4.1.1 Seed dataset creation607

We first create the ICU-REACT seed set through LLM-driven generation and clini-608

cian expert curation. Specifically, we first employ a multi-agent system responsible for609

generating diverse, clinically relevant decision-making questions and associated EHR610

retrieval tasks using controlled prompts and domain ontologies. These initial genera-611

tions were stored in an online MongoDB and subsequently refined through a structured612

annotation process conducted by 19 clinicians, including physicians, residents, and613

medical trainees. Clinicians conducted the review through our online annotation tool614

to ensure the clinical validity and relevance of the generated data to real-world ICU615

workflows. All EHR data elements were mapped to a manually crafted subset of stan-616

dardized concepts from the Observational Medical Outcomes Partnership (OMOP)617

Common Data Model to facilitate interoperability and reproducibility across EHR618

systems. The overall process is summarized on Fig. 8.619

Initial generation620

The first stage of dataset creation leveraged a multi-agent generation framework621

consisting of two GPT-4.1-based agents: a Brainstorming Agent and a Reasoning622

Agent. The GPT-4.1 model was selected for its state-of-the-art instruction-following623

performance at the time of initial generation.624
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Fig. 8 Seed dataset creation overview. (A) A brainstorming agent generates candidate ICU decision-
making questions that can be answered with data from an EHR database according to predefined
clinical criteria and topic categories. A reasoning agent then identifies the EHR retrieval tasks and
initial clinical reasoning needed to answer each question, with variables standardized using the OMOP
dictionary. (B) Clinical experts review generated questions for relevance, evaluate the completeness
and appropriateness of proposed retrieval tasks, add missing variables when necessary, and assess
the validity of the initial reasoning while providing written feedback. (C) Written clinician feedback
is incorporated by a refinement agent through distinct pipelines for the training and test seed sets.
For ICU-REACT-Train, feedback is first categorized as variable-selection, reasoning improvement,
context–question improvement, or unclassified. Feedback concerning variable selection and reasoning
improvement is then combined with the original patient context–question pair and initial reasoning
to generate both an explanation of required revisions and an improved reasoning response. The
resulting training samples contain the context, question, initial reasoning, refinement explanation, and
improved reasoning. For ICU-REACT-Test, approved questions, retrieval tasks, and written clinician
feedback are directly provided to the refinement agent to generate complete reasoning responses
incorporating all required EHR variables.

The Brainstorming Agent was prompted to generate n example decision-making625

questions that could be answered using structured or unstructured EHR data626

(Fig. 8A). Each question was required to meet specific criteria: it must represent a627

clinically actionable decision (for example, initiating or adjusting therapy, ordering628

diagnostics, or assessing patient trajectory), it must be answerable using available EHR629

data, and it must fall within nine ICU decision domains: Nutrition and Metabolic Sup-630

port, Sepsis and Severe Infections, Hemodynamic Instability / Shock, Sedation, Pain,631

and Delirium Management, Respiratory Failure, Neurological Emergencies, Renal632
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Failure / Electrolyte Disorders, Cardiac Emergencies, Hematologic / Coagulation633

Issues.634

For each generated question, the Reasoning Agent determined which EHR vari-635

ables would be needed to answer it (Fig. 8A). Variable selection was constrained to a636

manually crafted subset of standardized terms within the OMOP dictionary (see Sup-637

plemental Section S11), ensuring consistency and reproducibility across datasets. The638

Reasoning Agent produced a structured list of EHR retrieval tasks (for example, heart639

rate, creatinine, or SpO2) along with a concise reasoning paragraph explaining why640

those variables were required to address the clinical question. These outputs (decision-641

making questions, variable retrieval targets, and reasoning explanations) formed the642

preliminary set of EHR retrieval tasks for expert review.643

Clinician annotation644

The second stage involved clinical expert annotation and validation conducted by a645

team of 19 clinicians across critical care, general surgery, emergency medicine, inter-646

nal medicine, anesthesiology, and orthopedics. This process ensured the relevance,647

completeness, and reasoning validity of all generated samples (Fig. 8B).648

To facilitate efficient data review and collection, we developed a custom web-based649

annotation platform (see Supplemental Section S1) that served as the primary inter-650

face between clinicians and the data engineering team. The tool provided an interactive651

environment for reviewing each sample, including the hypothetical patient context,652

decision-making question, retrieved variables, and model-generated reasoning. Clini-653

cians had the option to approve, reject, or modify each sample, as well as provide654

written feedback explaining their decisions. All annotations were automatically stored655

in a centralized MongoDB database on Google Cloud, ensuring version control and656

traceability.657

Clinicians independently reviewed each generated question within the platform to658

determine its clinical relevance and clarity. To minimize bias, we ensured that each659

sample was reviewed by two clinicians. Questions that were classified as irrelevant by660

at least one clinician were excluded, while approved questions proceeded to evaluation661

of retrieval accuracy. Annotators verified whether the variables identified by the model662

were relevant for answering each question. Variables that were considered relevant by663

at least one clinician were kept, while variables that were considered irrelevant by both664

clinicians were removed. Clinicians then had the option to add missing variables from665

our manually crafted OMOP dictionary subset to maintain consistent terminology666

(Fig. 8B).667

Following this, clinicians assessed the reasoning explanations provided by the668

model. Each rationale was evaluated for logical coherence, clinical accuracy, and rel-669

evance to the decision-making task. Samples were marked as valid if the reasoning670

demonstrated appropriate clinical logic supported by the corresponding EHR vari-671

ables, or invalid if the reasoning was incomplete or clinically inconsistent (Fig. 8B).672

Approved samples were then split into two sets: an ICU-REACT train seed set for673

LLM-driven augmentation for model training and an ICU-REACT test set for evalua-674

tion of models. This separation ensured that augmented data would not overlap with675

test cases, mitigating data leakage and helping preserve the integrity of subsequent676
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model assessments. All validation results and written reviewer notes were collected677

through the annotation platform for subsequent feedback integration for both sets.678

Feedback integration679

To refine approved samples using written clinician feedback, we implemented a feed-680

back integration pipeline leveraging GPT-5.2 as a refinement agent. The GPT-5.2681

model was selected for its state-of-the-art status at the time of the experiments. Specif-682

ically, we used two different routes for feedback integration on both ICU-REACT683

seed sets. For the ICU-REACT test set, written feedback was directly inputted into684

the refinement agent along with the approved questions and EHR retrieval tasks to685

generate a complete reasoning response to each question including all EHR variables686

(Fig. 8C).687

For refinement of the ICU-REACT train seed set, clinician comments were first688

classified by the refinement agent into three feedback types: variable selection feedback,689

reasoning improvement feedback, and context-question improvement feedback, with690

remaining comments tagged as ’unclassified’ (Fig. 8C). Variable selection feedback691

captured issues related to missing, irrelevant, or incorrectly mapped EHR variables;692

reasoning improvement feedback identified gaps in clinical logic, completeness, or inter-693

pretability; and context-question improvement feedback described concerns about the694

clarity or alignment of the patient context and decision-making question.695

We focused on feedback related to variable selection and reasoning improvement,696

as these directly addressed the model outputs used for clinical reasoning supervision.697

Each refinement sample was constructed from the original context-question pair and698

the initial reasoning generated by the GPT-4.1-based Reasoning Agent described in699

Section 4.1.1. This information, together with the clinician feedback, was provided to700

the refinement agent, which was prompted to produce two outputs: an explanation of701

how the initial reasoning should be improved and a corresponding improved reasoning702

response, both aligned with the clinician feedback (Fig. 8C).703

The train seed was then consolidated as samples containing the patient con-704

text, decision-making question, initial reasoning, explanation of the needed reasoning705

improvements, and improved reasoning (Fig. 8C). This structure preserved the original706

model rationale while adding clinician-guided supervision that explicitly teaches how707

clinical reasoning should be revised, providing the curated foundation for subsequent708

data augmentation.709

4.1.2 Dataset augmentation710

Following the construction of the ICU-REACT train seed dataset, we implemented711

an automated augmentation pipeline to expand the dataset’s size to allow for model712

training (Fig. 9).713

The objective of the augmentation process was to increase the diversity of clinical714

reasoning examples while maintaining the structure, terminology, and expert-aligned715

reasoning schema established in the original seed dataset. To achieve this, a GPT-716

5.2 augmentation agent was used to generate the new context-question pairs through717

carefully controlled prompting. Specifically, a clinician-guided ICU topic list was used718

to iteratively prompt the augmentation agent to produce diverse patient contexts and719
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Fig. 9 Dataset augmentation overview. Beginning with the clinician-validated ICU-REACT-Train
seed set, the pipeline iteratively sampled ICU topics together with topic-specific scenarios, patient
presentations, clinical modifiers, and decision types to guide generation of diverse context–question
pairs. At each generation stage, few-shot examples were randomly sampled from the train seed dataset
and incorporated into the corresponding prompts to preserve the expert-aligned structure, termi-
nology, and reasoning schema of the seed examples. A GPT-5.2 augmentation agent generated new
patient contexts and ICU decision-making questions, after which a GPT-4o-mini agent produced ini-
tial reasoning responses. A GPT-5.2 refinement agent then generated a refinement explanation and
an improved reasoning response from the initial reasoning, using additional seed-derived few-shot
examples to maintain consistency with clinician-validated reasoning patterns. To reduce redundancy,
augmented samples were vectorized, grouped through nearest-neighbor search, and compared within
groups using ROUGE-L; samples with ROUGE-L scores of at least 0.7 were removed. Finally, a GPT-
5.2 difficulty-judging agent categorized retained samples as easy, medium, or hard, and samples were
filtered according to difficulty level to construct training sets tailored to each model architecture and
scale, producing the final ICU-REACT-Train datasets.

decision-making questions, by sampling n topics at each augmentation iteration. To720

further improve diversity of the dataset, we used ChatGPT to create lists of patient721

scenarios, presentations, modifiers and decisions within each ICU topic, sampling n722

items of each category at each augmentation iteration. The full list of topics with723

their corresponding scenarios, presentations, modifiers and decisions can be found on724
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Supplemental Section S12. Following this, a GPT-4o-mini agent was used to gener-725

ate initial reasonings for each augmented pair, and subsequently, a GPT-5.2 agent726

was used to generate refined reasonings along with explanations for the refinement727

based on the initial reasonings, mirroring the schema and structure of the clinician-728

validated train seed dataset. At each generation stage, we randomly sampled few-shot729

examples from the ICU-REACT train seed dataset and incorporated them into the730

corresponding prompts to preserve the expert-aligned structure, terminology, and731

reasoning schema.732

To reduce redundancy among augmented samples, we applied a similarity filter733

by vectorizing samples and grouping them using nearest-neighbor search. Samples734

within each group were then compared pairwise using ROUGE-L, and samples with735

a ROUGE-L score of 0.7 or higher were removed. Finally, we further filtered samples736

by difficulty level. Specifically, a GPT-5.2 difficulty judge agent was used to classify737

samples in one of three difficulty categories: easy, medium, and hard. Subsequently,738

samples were filtered according to difficulty level to construct training sets tailored to739

each model architecture and scale, producing the final ICU-REACT Train Datasets.740

4.2 Model training741

We developed Clin-REACT, a set of fine-tuned LLMs for decision-focused clinical742

reasoning and information retrieval in the ICU. Clin-REACT models were initialized743

from Llama, Gemma, and Baichuan base models and trained on the ICU-REACT744

Train Datasets using supervised fine-tuning (SFT) (Fig. 10A).745

4.2.1 Base models746

We trained Clin-REACT variants from four base models: Llama 3.1 8B, Llama 3.3747

70B, Gemma 4 31B, and Baichuan M1 14B. These models span different architectures748

and parameter counts, allowing to assess the robustness of ICU-REACT as a training749

dataset for improving decision-focused clinical reasoning beyond a single model family750

and size. Training multiple Clin-REACT variants also provided a set of models with751

different size-performance tradeoffs, supporting evaluation across both more efficient752

and higher-capacity deployment settings.753

4.2.2 Training strategy754

The models were trained with an assistant-only causal language modeling objective755

through parameter-efficient fine-tuning (PEFT). We used low-rank adaptation (LoRA)756

to fine-tune each base model by freezing the original model weights and learning small757

trainable low-rank update matrices for selected linear layers [37]. For a pretrained758

weight matrix W0 ∈ R
d×k, LoRA parameterized the adapted weight as:759

W = W0 +∆W = W0 +
α

r
BA,

where A ∈ R
r×k and B ∈ R

d×r are trainable low-rank matrices, r ≪ min(d, k)760

is the LoRA rank, and α is a scaling factor that controlled the magnitude of the761

learned update. During training, the pretrained weights W0 remained fixed, and only762

26



ICU-REACT 
Train Dataset

Reasoning

Reasoning Re�nement SFT

Patient Context

?

Decision Question

Clin-REACT 
8B

Clin-REACT 
31B

Initial 
Answer

Re�ned answers

ICU-REACT Test

SCT Bench

ER Reason

Evaluation Suite

Trained Models

Reasoning 
Score

MedRBench

VivaBench

A. Training

B. Evaluation

Evaluation Rubrics

GPT 5.2

Rubric Generator

GPT 5.2

Judge

GPT 5.2

Judge

GPT 4.1-mini

Scorer

GPT 4.1-mini

Scorer

Decision
Factors

Differential
Treatment 

Plan

Exam Rec.
Diagnosis

Treatment 
Plan

DiagnosisInformation
Seeking

Expert Agreement

Clin-REACT 
14B

Clin-REACT 
70B

Internal Test

Retrieval 
Metrics

SCT 
Score

Rationale 
Score

Retrieval 
Metrics
Diagnostic 
Accuracy

Treatment 
Accuracy

Retrieval 
Metrics

External Test

Diagnostic 
Accuracy

LoRA
Adapter

LoRA
Adapter

LoRA
Adapter

LoRA
Adapter

Trained Models

Clin-REACT 8B

Clin-REACT 31B

Clin-REACT 14B

Clin-REACT 70B

Gemma 4 
31B

Gemma 3 
27B

GPT OSS 
120B

GPT OSS 
20B

LLaMa 3.3 
70B

LLaMa 3.1 
8B

General Models

Medgemma 
27B

Medgemma 
4B

Meditron 
70B

Meditron 
8B

HuatuoGPT 
o1 70BHuatuoGPT 

o1 8B

Medical Models

Adelaide SCTOpen Medical 
SCT

LLaMa 3.1 8B
Instruct

LLaMa 3.3 70B
Instruct

Gemma 4 31B
Instruct

Backbones

Baichuan M1 
14B Instruct

Gemma 4 
E4B

Baichuan M1 
14B

Baichuan M2 
32B

Fig. 10 Model Training and Evaluation. (A) Supervised fine-tuning of four open-source backbone
models using the ICU-REACT-Train datasets. Low-rank adaptation (LoRA) adapters were trained
through reasoning-refinement supervision, with the patient context, decision-making question, and
initial response provided as model inputs, and the refinement explanation and improved reasoning
response used as target outputs. This process yielded Clin-REACT 8B, 14B, 31B, and 70B models.
(B) Evaluation of Clin-REACT models alongside open-source general-purpose and medical LLM
baselines. In-domain performance was assessed on the held-out ICU-REACT-Test set using automated
variable-retrieval precision, recall, and F1 metrics, together with GPT-5.2 rubric-based reasoning
scores. External evaluation included SCT-Bench, which measured agreement with expert response
distributions under clinical uncertainty; ER-Reason, which evaluated precision and recall of clinically
relevant concepts in acute-care rationales; MedRBench, which assessed examination recommendation,
diagnostic, and treatment performance; and VivaBench, which evaluated information-seeking and
final diagnostic accuracy in multi-turn clinical cases.

the LoRA parameters A and B were optimized, substantially reducing the number of763

trainable parameters while adapting the model to ICU-REACT reasoning refinement.764

Each training example consisted of a patient context c, a decision-making question765

q, an initial reasoning response r(0), and a target assistant response a. The target766

response a corresponded to the reasoning refinement and contained two components:767

an explanation of how the initial reasoning should be improved and the final improved768

27



reasoning. The models were optimized only on the assistant response tokens, while the769

input tokens from the context, question, and initial reasoning were used as conditioning770

information:771

Lrefine(θ) = −
N
∑

i=1

|ai|
∑

t=1

logPθ

(

ai,t | ai,<t, ci, qi, r
(0)
i

)

where N is the number of training examples, ci denotes the patient context for772

example i, qi denotes the corresponding decision-making question, and r
(0)
i denotes773

the initial reasoning generated before refinement. The target assistant response ai =774

(ai,1, . . . , ai,|ai|) is the reasoning refinement sequence, consisting of both the explana-775

tion of the needed refinement and the improved reasoning. The term ai,t denotes the776

t-th target token, ai,<t denotes all preceding assistant-response tokens, and Pθ is the777

conditional token probability assigned by the model with parameters θ. Because the778

loss was computed only over the assistant response tokens ai, the model learned to779

use the patient context, decision-making question, and initial reasoning as input while780

being supervised to generate the refined reasoning output.781

4.3 Model evaluation782

We evaluated Clin-REACT models and compared their performance against open-783

source general-purpose and medical LLMs on internal and external benchmarks to784

measure their performance on clinical reasoning (Fig. 10B).785

4.3.1 Benchmarks786

We evaluated Clin-REACT on five clinical reasoning benchmarks that probe ICU-787

specific reasoning, general clinical reasoning, and acute care decision-making:788

• ICU-REACT Test (in-domain) (n = 71). A held-out test set drawn from789

the ICU-REACT distribution, used to measure in-domain generalization for790

both reasoning generation and structured variable retrieval. This benchmark791

directly reflects the target use case of ICU decision support. For evaluation, we792

measured automated retrieval metrics (i.e., precision, recall and F1 scores) for793

variable domains/categories and individual variables, as well as LLM-judge-based794

reasoning score using LLM-generated evaluation rubrics. Specifically, we used795

GPT-5.2 to first generate evaluation rubrics for each sample on the test dataset796

following similar methodologies from previous literature [38]. We then used a797

GPT-5.2-based judge which scored model responses strictly following the eval-798

uation rubrics. The final reasoning score was calculated from adding all points799

given on each rubric criteria and normalizing the score based on the maximum800

possible number of criteria points.801

• SCT-Bench (n = 174). [20] A script concordance test (SCT)-style benchmark802

assessing clinical reasoning under uncertainty. Specifically, we used the public803

set of this benchmark which contains the Open Medical SCT from the Univer-804

sity of Florida and the Adelaide SCT from Adelaide University. Performance805

was computed using the SCT scoring procedure that rewards alignment with806
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expert response distributions, emphasizing calibration rather than single-label807

correctness.808

• ER-Reason (n = 72). [23] An emergency medicine reasoning benchmark eval-809

uating acute care decision-making and prioritization in time-sensitive settings,810

providing an out-of-domain but clinically adjacent stress test. We focused on811

the rationale module of this dataset, which contains physician-written explana-812

tions for decision factors, differential diagnosis, and treatment planning across813

72 emergency room cases. To evaluate model outputs, we used a GPT-5.2-based814

LLM-judge approach to assess the quality of each generated rationale by quan-815

tifying recall and precision of relevant medical concepts present in the original816

physician-written rationales for each category.817

• MedRBench (n = 1,338). [21] A reasoning-focused benchmark built from818

publicly-available structured real-world clinical case reports, evaluating models819

across examination recommendation, diagnostic decision-making, and treatment820

planning, with explicit assessment of final clinical outputs. Prior to evaluation,821

we excluded samples that triggered Azure content-policy filters during processing822

with Azure-hosted GPT helper or judge models, and used the resulting filtered set823

consistently across all evaluated models to ensure an identical evaluation cohort.824

Performance of all models was measured following the same methodology as in the825

original paper [21], using GPT-4.1-mini instead of GPT-4o as the helper and judge826

model due to budget constraints. We focused on examination recommendation827

recall and precision, diagnosis accuracy and treatment accuracy.828

• VivaBench (n = 934). [22] A multi-turn benchmark that simulates viva829

voce-style clinical examinations built using clinical vignettes from publicly avail-830

able repositories, requiring models to iteratively gather relevant history, physical831

examination findings, and diagnostic investigations before synthesizing a final832

diagnosis. Prior to evaluation, we excluded samples that triggered Azure content-833

policy filters during processing with Azure-hosted GPT helper or judge models,834

and used the resulting filtered set consistently across all evaluated models to835

ensure an identical evaluation cohort. Performance of all models was measured836

following the same methodology as in the original paper [22], using GPT-4.1-mini837

instead of GPT-4.1 as the mapper and judge model due to budget constraints.838

We focused on information seeking recall and precision, and diagnosis accuracy.839

Together, these benchmarks quantified (i) in-domain performance on ICU decision-840

making and variable retrieval (ICU-REACT Test), (ii) robustness to uncertainty and841

partial information (SCT-Bench and VivaBench), and (iii) generalization to broader842

clinical reasoning and acute-care workflows (ER-Reason and MedRBench).843

4.3.2 Baselines844

We compared Clin-REACT model variants against both open-source general-purpose845

LLMs and medical-domain LLMs. The general-purpose comparison models included846

GPT-OSS models (GPT-OSS 20B and GPT-OSS 120B) [39], Gemma models (Gemma847

3 27B and Gemma 4 31B) [29], and Llama models (Llama 3.1 8B Instruct and848

Llama 3.3 70B Instruct) [28]. The medical-domain comparison models included849
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Meditron models (Meditron 3 8B and Meditron 3 70B) [40], MedGemma models850

(MedGemma 4B and MedGemma 27B) [16], HuatuoGPT-o1 models (HuatuoGPT-o1851

8B and HuatuoGPT-o1 70B) [17], and Baichuan models (Baichuan M1 14B Instruct852

and Baichuan M2 32B) [18, 19]. This comparison set was designed to contextualize853

Clin-REACT performance against models spanning different parameter scales, model854

families, and degrees of medical specialization.855

4.3.3 Statistical Analyses856

We performed statistical analyses to compare Clin-REACT model variants against857

zero-shot baseline models across the five clinical reasoning benchmarks. Because all858

models were evaluated on the same benchmark instances within each dataset, model859

comparisons were treated as paired analyses. All benchmark metrics operated on the860

[0, 100] range, with higher scores indicating better performance.861

A non-parametric bootstrap procedure with 1000 iterations was employed to esti-862

mate the mean and 95% confidence intervals of the evaluation metrics across each863

benchmark. In each iteration, a resampled dataset equal in size to the test set of the864

benchmark being evaluated was generated via random sampling with replacement.865

For pairwise model comparisons, statistical significance was assessed using the two-866

sided Wilcoxon signed-rank test. For a given comparison, we calculated the paired867

difference in score between the two models across benchmark instances and tested868

whether the median paired difference differed from zero.869

5 Data availability870

The ICU-REACT dataset, including the seed training set, the ICU-REACT-871

Train-Small, Medium, and Large augmented training sets, and the held-out ICU-872

REACT-Test benchmark with its sample-specific evaluation rubrics, is publicly873

available through Hugging Face at https://huggingface.co/datasets/macontreras98/874

ICU-REACT. The external clinical-reasoning benchmarks evaluated in this study are875

available from their respective original sources. SCT-Bench is publicly available at876

https://github.com/SCT-Bench/sctpublic; MedRBench is publicly available at https:877

//github.com/MAGIC-AI4Med/MedRBench; and VivaBench is publicly available878

through Hugging Face at https://huggingface.co/datasets/chychiu/VivaBench. ER-879

Reason is available through PhysioNet at https://physionet.org/content/er-reason/1.880

0.0/. Access to ER-Reason requires PhysioNet credentialing, completion of the Col-881

laborative Institutional Training Initiative (CITI Program) “Data or Specimens Only882

Research” training module, agreement to the applicable data use agreement, and883

approval of a project-specific access request by the data contributors.884

6 Code availability885

The code for dataset processing and augmentation, model training and inference,886

benchmark evaluation, and all analyses reported in this study is freely available887

at https://github.com/iheallab/icureact. The trained Clin-REACT model check-888

points are publicly available through Hugging Face: Clin-REACT 8B at https://889
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huggingface.co/macontreras98/Llama-Clin-REACT-8B, Clin-REACT 14B at https:890

//huggingface.co/macontreras98/Clin-REACT-14B, Clin-REACT 31B at https://891

huggingface.co/macontreras98/Clin-REACT-31B, and Clin-REACT 70B at https://892

huggingface.co/macontreras98/Llama-Clin-REACT-70B. The model checkpoints are893

distributed subject to the respective licenses and terms of their underlying base models.894
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