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Abstract001

Accurate and timely diagnosis is essential for002
effective treatment, particularly in the context003
of rare diseases. However, current diagnos-004
tic workflows often lead to prolonged assess-005
ment times and low accuracy. To address these006
limitations, we introduce Hygieia, an adaptive007
AI agent system designed to support precision008
disease diagnosis by integrating diverse data009
sources, including phenotypic features, genetic010
profiles, and clinical records. Hygieia features011
a router-based and knowledge-enhanced frame-012
work that mitigates hallucination and tailors013
diagnostic strategies to different disease cate-014
gories. Notably, it prioritizes risk-related ge-015
nomic factors for rare diseases and provides016
confidence scores to assist clinical decision-017
making. We conducted a comprehensive evalu-018
ation demonstrating that Hygieia achieves state-019
of-the-art performance across multiple diagnos-020
tic benchmarks. In collaboration with clini-021
cal experts from Yale School of Medicine and022
Duke-NUS Medical School, we further vali-023
dated its practical utility by showing (1) Hy-024
gieia’s superior diagnostic performance com-025
pared to physicians and (2) its effectiveness in026
assisting clinicians with medical records for027
handling real-world cases. Our findings indi-028
cate that Hygieia not only enhances diagnostic029
accuracy and interpretability but also signifi-030
cantly reduces clinician workload, highlighting031
its potential as a valuable tool in clinical deci-032
sion support systems.033

1 Introduction034

Rare diseases are defined as conditions affecting035

fewer than 1 in 2,000 individuals, affecting over036

300 million patients worldwide (Valdez et al., 2016;037

Nguengang Wakap et al., 2020; Paul, 2013; Jonker038

et al., 2024; Zhao et al., 2026). Moreover, the diag-039

nosis and test recommendation of rare diseases are040

very challenging. Diagnosing rare diseases based041

on conventional medical methods typically takes042

4 to 5 years (Ghosh, 2025), which is known as043

“diagnostic odyssey". One reason is that the pheno- 044

types of rare diseases can sometimes be difficult to 045

distinguish directly from common diseases. This 046

also increases the likelihood of misdiagnosis by 047

physicians (Dong et al., 2020). 048

To overcome the challenges mentioned above, 049

researchers have begun to collect genotypes, phe- 050

notypes, and diagnosis plans for rare diseases, to 051

enrich our understanding of these diseases and to 052

design a better diagnosis and treatment plan. These 053

multimodal datasets provide valuable research ma- 054

terials for disease diagnosis. Moreover, data-driven 055

solutions, such as disease diagnosis methods based 056

on data mining, deep learning, and advanced ar- 057

tificial intelligence (AI), have also garnered sig- 058

nificant attention recently (Lee et al., 2022). Ex- 059

perts can train a model using the aforementioned 060

diagnostic data to predict diseases or prioritize dis- 061

ease risk genes, thereby improving diagnostic ac- 062

curacy. However, such models often face short- 063

comings in terms of generalization and deploy- 064

ment (Rossi and El-Sayed, 2025). To enhance 065

the model’s versatility and accessibility for physi- 066

cians, rare disease diagnostic tools based on Foun- 067

dation Models (such as Large Language Models 068

(LLMs) (Thirunavukarasu et al., 2023) and Visual 069

Language Models (VLMS) (Liu et al., 2025a)) have 070

also been developed. LLMs are pre-trained with a 071

large-scale text corpus and can generalize into dif- 072

ferent tasks in natural language processing (NLP) 073

with techniques of post-training. LLMs can process 074

electronic health records (EHRs) from patients and 075

make diagnoses accordingly (Sarker et al., 2024; 076

Liu et al., 2024b), and multiple LLMs with differ- 077

ent roles can also work together as an agent system 078

(Tran et al., 2025; Du et al., 2025). Such an AI 079

agent can make diagnoses by simulating the real 080

scenarios, leveraging prior knowledge, and provid- 081

ing recommendations and suggestions for physi- 082

cians as medical AI assistants (Liu et al., 2026a, 083

2025b). 084
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Several AI-based tools have been developed for085

both common and rare disease diagnosis. For086

example, a general baseline for disease diagno-087

sis will be prompting LLMs (Chen et al., 2024b).088

Researchers also consider developing AI agents089

for medical usage based on techniques such as090

knowledge-enhanced retrieval (Wang et al., 2025)091

as well as multi-agent communication (Dhatterwal092

et al., 2023; Chen et al., 2025). Although these mod-093

els are interesting in design and have some clinical094

significance, their shortcomings are still quite evi-095

dent. First, even advanced AI-based models used096

for rare disease diagnosis cannot distinguish be-097

tween common and rare diseases, which is the basic098

step to avoid misdiagnosis (Supplementary Figure099

1 (a)). This finding severely limits the applicability100

of rare disease diagnostic models. Second, due to101

the randomness that exists in the model training102

and inference, these models might not give consis-103

tent outputs based on the same input with different104

random seeds, which is also harmful for the trust-105

worthy output (Supplementary Figure 1 (b)). Third,106

current AI methods only focus on diagnosis, but107

lack the necessary steps and capacities for result108

interpretation and discovery of important causal109

genes of rare diseases. Finally, current studies (Lee110

et al., 2022; Zhao et al., 2026; Liu et al., 2026b)111

does not directly address how these AI models can112

be applied in diagnostic scenarios and collaborate113

with physicians. Moreover, recent studies have114

shown that over 80% of rare diseases are influenced115

by genetic factors and can be passed on to the next116

generation (Zhao et al., 2026), but how these ge-117

netic factors are incorporated into diagnosis and118

how to infer disease-related genes based on clini-119

cal presentation have not been well researched in120

AI-based methods. Therefore, there is a critical121

need to design an AI model that can simultaneously122

diagnose different types of diseases and provide123

explanations for the diagnostic results.124

In this manuscript, we introduce Hygieia, which125

is an AI agent for disease diagnosis and interpreta-126

tion. Our model breaks down the diagnostic process127

into multiple stages, first determining the disease128

type, then designing distinct diagnostic approaches129

for common and rare diseases. Diagnosing com-130

mon diseases is based on prompting LLMs. Mean-131

while, due to the complexity of rare disease di-132

agnosis, our agent utilizes multiple tools (such as133

website searching as well as patient retrieval) to134

leverage prior knowledge and make a decision. We135

have two innovations in the design of this agent.136

First, to resolve the inconsistency, our agent has a 137

verifier to monitor the outputs of the main body of 138

Hygieia and ensure the results converge. Second, 139

to improve the transparency of using AI agents for 140

making clinical decisions, we implement a frame- 141

work with a reasoning trajectory and confidence 142

estimation to help users understand and trust this 143

workflow. Hygieia can accept multiple modalities 144

or types of data as inputs, such as phenotype in- 145

formation, gene information, medical history, and 146

other information. We also provided an table in 147

Appendix B to distinguish Hygieia versus other AI 148

agents focusing on (rare) disease diagnosis, and the 149

unique components (case router, confidence esti- 150

mation, and multi-task capacity) of Hygieia further 151

enhance its novelty. 152

Overall, Hygieia can also interpret for the diag- 153

nosis results with trackable reasoning paths and 154

prioritize disease-associated risk genes, which pro- 155

vide more informative feedback as references for 156

helping physicians in making diagnoses. We in- 157

vite physicians from Yale School of Medicine and 158

DUKE-NUS Medical School to evaluate the contri- 159

bution of Hygieia as an effective medical AI assis- 160

tant, and explore new directions for the diagnosis 161

of rare diseases at the age of AI and digital health. 162

2 Methods 163

Problem definition. Here we intend to design a 164

specific agnetic system for disease-relevant anal- 165

ysis, including disease diagnosis and risk factor 166

(such as gene) prioritization. Our agent system A() 167

can take the following information as inputs, includ- 168

ing task-specific prompts R, phenotypes P , func- 169

tional and/or genetic information of risked genes 170

G, and context information C. For the problem 171

of diagnosis, this system makes inference with 172

Oi = A(Rd, Pi, Gi, Ci) for the patient i, and the 173

diagnosis result will be the output. Similarly, for 174

risk gene prioritization, we replace the task-specific 175

prompt Rd with Rg, and the output will be the prior- 176

itized gene. The model output not only contains the 177

expected diseases or genes (in string), but also the 178

confidence of making such a decision (in number). 179

Workflow of Hygieia. Our workflow contains 180

four main stages, including task-specific planning, 181

information retrieval and integration, and self- 182

reflection-based validation, and confidence estima- 183

tion. By default, all agents are implemented using 184

GPT-5-chat after considering the trade-off between 185

model performances and protection of patient pri- 186
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vacy. We have discussed the ablation studies in the187

Methods section.188

Regarding task-specific planning, we can inte-189

grate information proposed by known biomedi-190

cal databases and divide the main task into sev-191

eral steps, based on Biomni (Huang et al., 2025).192

The agent will parse the input information first,193

and search the current tool base developed based194

on both tools in Biomni and newly implemented195

searching functions. It will then determine the cor-196

rect tool for addressing the given task. We do not197

map phenotypes with HPO terms (Robinson and198

Mundlos, 2010) as we assume that our agent (based199

on advanced LLMs) already knows related infor-200

mation. Regarding the difference in diagnosing201

common and rare diseases, we train a classifier-202

based router to make more precise diagnoses and203

reduce cost based on a KNN classifier (Pedregosa204

et al., 2011). This stage is performed by the parser205

and the router component.206

Regarding information retrieval and integra-207

tion, we search the related information of pheno-208

types and possible gene functions based on web-209

searching tools, and the data sources including210

Google, Google Scholar, and PubMed (White,211

2020). We also allow the advanced searching tool212

in LLMs such as the web-searching tools in GPT-213

4o (Hurst et al., 2024) and GPT-5 (OpenAI, 2025).214

We also consider searching the top K = 5 patients215

from known databases with diagnosis information216

as references. After collecting the necessary in-217

formation, we will integrate the prior knowledge218

as inputs for the next component in this system.219

This task is finished by the knowledge-manager,220

web-searcher, and patient-retriever components.221

Regarding self-reflection-based validation, we222

provide the diagnosis decision as well as methods223

for validation. The summary agent in our system224

will utilize the information from the previous two225

stages and generate a clinical decision. After mak-226

ing the decision based on the summary agent, we227

introduce our verification agent, which takes the228

prior knowledge and the output of the summary229

agent as input and validates whether the result is230

correct or incorrect (Yao et al., 2022). If the result231

is incorrect, the prompt used for the summary agent232

will update, and the summary agent will make a233

decision again, until the verification agent agrees234

with the decision or we reach the limit of tries. The235

algorithm of this system is shown in Algorithm236

1, with the disease diagnosis task as an example.237

This task is finished by the summary-agent and238

verification-agent components. 239

Regarding confidence estimation, we refer to the 240

method introduced by (Xiong et al., 2024), and we 241

ask the summary agent s times to get s answers as 242

well as s paired confidence lists c1, c2, ..., cs. We 243

average the confidence levels and use the major vot- 244

ing result from these s answers as the final decision. 245

Therefore, the final confidence is cf =
∑s

k=1 ck
s . 246

We have tried other methods, including summariza- 247

tion of logprobs, self-evaluation (Kadavath et al., 248

2022), and thinking-twice-before-answering (Li 249

et al., 2024), but their performances are not good 250

enough to represent the confidence. Since most of 251

the advanced LLMs are closed-source and black- 252

box models, other approaches used for open-source 253

LLMs are not applicable. We have performed sta- 254

tistical tests to demonstrate that our current settings 255

can help us calibrate the model outputs. 256

Ablation studies. In Supplementary Figures 6 257

(a) and (b), we show the contributions of adjusting 258

the base models and the input information for these 259

tasks. In both cases, changing the base models from 260

GPT-4o to GPT-5 makes an obvious improvement, 261

and incorporating more context, such as detailed 262

phenotype descriptions, as well as having a verifier, 263

can help Hygieia determine diseases and gene sets. 264

We also find that providing disease information can 265

help Hygieia rank genes, however, since in real clin- 266

ical cases, physicians must know the results of the 267

genetic tests and then make a diagnosis, we do not 268

use this information as input for the prioritization 269

of risk genes. Details of our method are shown in 270

the Appendix section. 271

3 Results 272

Method overview. For each patient, we collect 273

the annotations from phenotypes, medical records, 274

and genetic test records as the input of Hygieia, 275

and then make a decision based on the prior knowl- 276

edge in medical research retrieved from the internet 277

and databases. To initiate the workflow, Hygieia 278

will first compute the probability of disease type 279

based on a router, and then determine the most 280

suitable pipeline for either common disease or rare 281

disease. The pipeline used for rare disease diagno- 282

sis is more complicated and involves several agents, 283

such as a knowledge-retrieval agent, an information- 284

extraction agent, a summary agent, and a verifica- 285

tion agent. Hygieia also infers the risk gene based 286

on patient-level phenotypes or medical records, as 287

an extra function for medical geneticists. Finally, 288
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b

Input information

Medical record

Phenotypes

Genomic test
Optional

Optional

Disease diagnosis

Gene prioritization

To determine the most likely disease, we need to follow:
1. Search for the implemented functions that can assist in diagnosing a
disease based on phenotypes.
2. Use a relevant function to perform a disease diagnosis based on the
provided phenotypes.
3. …
The final diagnosis is 46, XX Testicular Disorders of Sex Development.

To identify potential genetic disorders, Let's outline the plan:
1. Confirm that the API key is correctly set up in your environment.
2. Prepare the query using the provided phenotypes.
3. Use the API to run the query and retrieve potential genetic disorders.
4. Analyze the results to identify potential genetic disorders…
The final gene rank for top 5 genes is A,B,C,D…

Reference

Toolbox
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Workflow of Hygieia:

Query
Information Digital Parser

Task
Router

If: gene identify

If: common
disease

If: rare
diseaseDiagnosis 

Agent
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Retriever

Pipeline for rare disease diagnosis&gene prioritization
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Self-Verification Diagnosis 
Result

Validation with both simulation 
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Details of Agents:
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…
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…
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PubMed
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…

Patient 
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…
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…
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Metric-
driven

Expert-
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Figure 1: Overall pipeline of Hygieia. (a) Here we
showcase how Hygieia can help physicians and clini-
cians working on two important problems in rare disease
analysis, including diagnosis and risk gene prioritization.
(b) The workflow of the AI Agent pipeline. We have
multiple components, first routing the AI agents with
correct models based on inferred disease type, and then
providing diagnosis outcomes as well as confidence. (c)
We provide the detailed information of each component
in our AI agent. (d) Our evaluation criteria, including
numerical evaluation and human evaluation, to support
mimicking the scenario of clinical application.

we provide the confidence level of the model out-289

put through a majority voting approach. The input290

data types, workflow, and application scenarios of291

Hygieia are summarized in Figure 1.292

Hygieia serves as a strong medical agent for293

disease diagnosis. We first demonstrate the strong294

capacity of Hygieia serving as a virtual physician,295

supported by validations conducted from various296

clinical datasets with different sources. The accu-297

racy of disease classification is much higher than298

using random guess or prompting LLMs (Supple-299

mentary Figure 2 (a)), which shows the advantages300

of having a router to set up a simpler pipeline for301

common disease diagnosis. Our classifier also pre-302

dicts accurately for the correct disease types not303

only in our held-out testing split, but also exter-304

nal validation datasets (MyGene2 and RareBench),305

shown in Supplementary Figure 2 (b). We also visu-306

alize the distribution of embeddings with Uniform307

Manifold Approximation and Projection (UMAP)308

(McInnes et al., 2018) in Supplementary Figure 2309

(c), colored by disease types, and we see a clear310

difference between samples with rare diseases and311

a b

c

d

Figure 2: Benchmarking results for Hygieia in rare
disease diagnosis. (a) Number of cases in our testing
datasets. (b) Number of diseases in our testing datasets.
(c) Top1 recall rate across different datasets. (d) Com-
parisons of different models with different recall rates
in MyGene2.

samples with common diseases, which works as an 312

explanation for our contribution. The diagnosis of 313

rare diseases is more difficult, and we collect seven 314

datasets in our evaluation pipeline. Figure 2 (a) 315

shows the distribution of case numbers across all 316

datasets, while Figure 2 (b) shows the unique num- 317

ber of diseases in different datasets. These figures 318

show that our selected datasets have obvious differ- 319

ences in data distribution, which helps us simulate 320

the clinical usage in the real-world setting. Among 321

these datasets, RAMEDIS, MME, HMS, and LIR- 322

ICAL are extracted from RareBench, which is a 323

public benchmark framework for evaluating the 324

performance of models for rare disease diagnosis. 325

MyGene2 (Rodrigues et al., 2022) contains family- 326

level information for patients with rare diseases, 327

which is also publicly available. Undiagnosed Dis- 328

eases Network (UDN) (Ramoni et al., 2017) covers 329

diseases that are hard to diagnose and it is not di- 330

rectly accessible by public researchers to protect 331

personal information. 332

Regarding baseline methods, we also consider 333

a group with strong diversity. Our baselines in- 334

clude LLMs with/without reasoning and search- 335

ing capacities, agents for biomedical research, and 336

LLMs finetuned with simulated patient-level data 337

from (Alsentzer et al., 2025) with the open-source 338

Qwen3 model (Yang et al., 2025a). Details of our 339

baseline methods can be found in the Methods sec- 340

tion. 341

During evaluation, we test the Recall rate by 342

4



comparing the observed diseases with the predicted343

diseases from different methods. Figure 2 (c) shows344

that Hygieia outperforms various baseline meth-345

ods across datasets from different resources. Fine-346

tuning LLMs for disease diagnosis also does not347

have strong generalization ability, and thus can-348

not outperform most of the agent-based solutions.349

Moreover, since some rare diseases have similar350

phenotypes or can be treated similarly (Griggs et al.,351

2009), we also test if increasing the size of pre-352

dicted targets (e.g., top 5 and top 10 diseases) can353

improve the Recall rate. Figure 2 (d) shows our re-354

sults based on the MyGene2 dataset, where Hygieia355

had a higher recall rate when we increased the test-356

ing size. At the same time, not all methods exhibit357

this phenomenon, which is counterintuitive. This358

might indicate that the approach of some models359

taken to clinical decision-making may still be pri-360

marily based on guesswork, with reasoning playing361

a secondary role. However, by integrating the prior362

knowledge and introducing the self-reflection de-363

sign, Hygieia achieves a better result in diagnosing364

rare diseases.365

We also test the reliability of estimated confi-366

dence, shown in Supplementary Figure 3 (a). Our367

expectation is that Hygieia has higher confidence368

for questions with correct answers. Our results369

demonstrate that 1. the confidence proposed by370

Hygieia is reliable as the answer group with higher371

confidence also has higher recall rate and 2. other372

confidence estimation methods are worse than the373

current design, shown in Supplementary Figure 3374

(b) as the rest of three methods cannot produce375

significant differences between these two groups.376

Case study of Hygieia for disease diagno-377

sis shows its unique and informative decision-378

making process. To understand the decision-379

making process of Hygieia and make an in-depth380

comparison with other baseline methods, we pro-381

vide a case study with MyGene2. In this sample,382

we provide phenotypes and detected genes as in-383

puts; the diagnosis is Distal arthrogryposis, type384

10. The full reasoning path of Hygieia can be found385

in Supplementary Figure 4 (a).386

Based on Figure 3 and among all evaluated meth-387

ods, Hygieia is the only model that correctly made388

the definitive diagnosis Distal arthrogryposis, type389

10, fully matching both the annotated answer and390

the genetic etiology (TTN mutation). In contrast,391

alternative baselines either provide incorrect diag-392

noses (e.g., Bethlem myopathy, Emery–Dreifuss393

muscular dystrophy, Flexion contracture, Arthro-394

Question: Make diagnosis for this patient. The phenotypes include: …, Flexion contracture of toe. 
Multiple local hospital evaluations failed to establish a definitive diagnosis. You should return the 
reasoning process with format <thinking></thinking> and return the top one diseases with format 
<answer></answer>.

Annotated answer: Distal arthrogryposis, type 10.  

Reason: I'm sorry, but I can’t share my detailed 
step-by-step reasoning. Here is a brief summary of 
the key factors considered: Suggested next steps: 
serum CK (often normal/mildly ↑)…
Answer: Bethlem myopathy (collagen VI–related 
myopathy; COL6A1/COL6A2/COL6A3).

o4mini

GPT-5 (search)

Reason: I can’t share my step-by-step internal 
reasoning, but here’s a concise clinical summary. 
The constellation of early/elusive flexion 
contractures—elbow, wrist, hip—with toe walking 
from tight Achilles tendons is most characteristic of 
Emery-Dreifuss muscular dystrophy (EDMD). 
Answer: Emery-Dreifuss muscular dystrophy.

Deepseek-v31

Reason: The patient presents with multiple joint 
contractures (elbow flexion, hip, wrist flexion, toe 
flexion, and toe walking), which are hallmark 
features of several congenital and neuromuscular 
conditions. Key considerations include:…This is a 
congenital condition characterized by…
Answer: Arthrogryposis Multiplex Congenita.

Reason: We have multiple congenital joint 
contractures (elbow flexion, hip, wrist, toe walking = 
plantarflexion). Evaluations inconclusive. Top 
consideration is arthrogryposis multiplex congenita 
(AMC), specifically …
Answer: Based on the noted constellation of 
findings—congenital…

GPT-4o (search)

Qwen3-8B

Biomni

Reason: The PubMed search did not return any 
results for the query combining all the 
phenotypes. This suggests that there might not 
be a specific, well-documented disease that 
exactly matches all of these phenotypes 
together in the available literature…
Answer: Flexion contracture

Hygieia

Reason: Step 1: Summarize key input data**  \n- **Phenotypes:**  \n  - Elbow flexion contracture  \n  - Hip 
contracture  \n  - Toe walking  \n  - Wrist flexion contracture  \n  - Flexion contracture (general)  \n  - Flexion 
contracture of toe  \n\n- **Risk gene:** TTN (Titin)…TTN mutations are known to cause several muscle-related 
disorders, including congenital myopathies and distal arthrogryposis syndromes.  \n  - Distal arthrogryposis 
syndromes are…DA10 specifically involves...  \n- TTN gene association strengthens the link to DA10…
Answer: Distal arthrogryposis type 10

Green means right info. Red means wrong info.

Reason: The patient presents with multiple flexion 
contractures affecting the elbows, hips, wrists, and 
toes, along with toe walking. These are 
characteristic features of a neuromuscular or 
musculoskeletal disorder. Multiple flexion 
contractures at multiple joints suggest a …
Answer: Distal Arthrogryposis.

Figure 3: Case study of Hygieia and other baselines in
disease diagnosis. We mask some phenotypes to protect
personal information.

gryposis multiplex congenita) or produce overly 395

broad, nonspecific conclusions. This demonstrates 396

that Hygieia not only retrieves the correct disease 397

category but is capable of fine-grained subtype res- 398

olution, as an essential requirement in precision 399

medicine. 400

Unlike other models, Hygieia has a multi-step 401

reasoning process that integrates phenotypic pat- 402

terns, risk gene associations, and syndrome speci- 403

ficity. This demonstrates a higher level of biomed- 404

ical causal interpretability. While several base- 405

lines refuse to show internal reasoning or default 406

to vague clinical summaries, Hygieia transparently 407

links phenotype, genotype, and nosology, exhibit- 408

ing a cognitively valid chain of inference. 409

This specific case intentionally includes multi- 410

ple phenotypes designed to confound rule-based 411

or pattern-matching systems. Models like o4-mini, 412

GPT-4o, and Qwen3-8B fail to integrate the con- 413

stellation of findings, instead overfitting to a single 414

clinical feature (e.g., toe walking, wrist contracture) 415

and outputting unrelated diagnoses. Hygieia, how- 416

ever, successfully recognizes that the multi-joint 417

congenital contracture pattern represents a diag- 418

nostic signature of distal arthrogryposis, showing 419

resilience to feature redundancy and phenotypic 420

noise. 421

Where competing models either offer no next 422

steps or suggest non-specific investigations, Hy- 423

gieia explicitly ties the diagnosis to a recognized 424
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molecular driver and its associated disease spec-425

trum. This strengthens the translational value of426

its output, enabling downstream steps such as con-427

firmatory genetic testing, family counseling, and428

prognosis stratification. The output is not merely429

a label, but clinically operational knowledge, sur-430

passing the diagnostic passivity of baseline systems.431

Taken together, the evidence indicates that Hygieia432

demonstrates a substantially higher standard of di-433

agnostic precision, biomedical reasoning depth, and434

clinical applicability compared to both traditional435

LLM baselines and search-augmented systems. Its436

ability to unify phenotypic complexity with molec-437

ular knowledge exemplifies the next generation of438

AI-assisted medical decision systems, thereby posi-439

tioning Hygieia as the most reliable and clinically440

aligned model in this evaluation.441

Utilizing Hygieia as a medical assistant for442

physicians in solving complicated cases. One ma-443

jor objective of developing and deploying Hygieia444

is to make a virtual assistant (Copilot) for physi-445

cians and clinicians working on rare disease diagno-446

sis and treatment development, and thus, matching447

user requirements with the functionality of Hygieia448

is a crucial step. Previous medical AI agent de-449

velopment has not explored this area extensively,450

thereby limiting their specific deployment capabili-451

ties. In this work, we collaborated with physicians452

from Yale School of Medicine (YSM) and Yale453

New Haven Hospitals (YNHH) to define key stake-454

holders in disease diagnosis and chart a blueprint455

for human-AI collaboration, thereby providing a456

guidance framework for the concrete implementa-457

tion of Hygieia.458

Figure 4 (a) shows two expected functions of Hy-459

gieia from physicians to improve the efficiency and460

reduce the effort, including direct diagnosis based461

on physician input, and verification and refinement462

of physician judgments. The commonality between463

these two tasks is that both require interaction be-464

tween the physician and the AI agent, where the465

physician articulates the character’s needs, and the466

agent fulfills them. We also provide some examples467

here to showcase how we can use Hygieia to accom-468

plish these tasks. In Figure 4 (b), we illustrate that469

Hygieia can take the physicians’ instructions with470

patient phenotype information (free text format)471

and other relevant information as inputs, and inte-472

grate its different components to create a pipeline,473

call different tools, and communicate with different474

AI agents to produce a diagnosis result. In Figure 4475

(c), we showcase how Hygieia can take the physi-476

a
Please help me make diagnosis for 
this patient: …

Sure, based on 
the information, 
my diagnosis is 
…
Confidence: 0.9

We have one diagnosis record from
other teams, please validate it:…

Sure, based on 
the input data, 
the diagnosis is 
wrong and the 
most possible 
disease is…

b

Make diagnosis for this patient. The phenotypes include: Elbow flexion contracture… Multiple local hospital 
evaluations failed to establish a definitive diagnosis.

Digital Parser Task
Router

Web 
Searcher

Knowledge 
Manager

Summary
Agent

Verification
Agent

1 round till 
convergence 

The diagnosis process has provided a list of potential diseases that align with the given phenotypes. Now, I will clean the names of the top 
ten diseases and return them in the specified format. 1. [✓] Search for implemented functions to identify any relevant tools for disease 
diagnosis based on phenotypes. 2. [✓] Use the appropriate function to perform the diagnosis based on the given phenotypes. 3. [✓] Retrieve 
and clean the names of the top ten diseases linked to the provided phenotypes. 4. The final answer is: ….

c

We have one diagnosis record from other teams for one patient. The phenotypes include: Elbow flexion 
contracture… The diagnosis result is: Spastic Diplegia / Spastic Quadriplegia. Check if the conclusion is 
correct or not.

Planner Digital Parser Web 
Searcher

Knowledge 
Manager

Summary
Agent

Verification
Agent

3 round till 
convergence 

Based on the adjusted phenotype analysis, the proposed diagnosis of “Spastic Diplegia / Spastic Quadriplegia (Cerebral Palsy spectrum)” does 
not align with the phenotypic presentation. The corrected diagnosis is: Diagnosis Assessment: Incorrect Final Diagnosis: Distal Arthrogryposis 
Type 10 (DA10). Reasoning: - Key phenotype–diagnosis mismatch: 

Request

Process

Answer

Request

Process

Answer

Figure 4: Illustration of Human-AI collaboration for dis-
ease diagnosis and decision correction based on physi-
cians and Hygieia. We mask phenotype information to
protect patients’ privacy. (a) Explanations of two se-
lected tasks; (b) Illustration of the diagnosis of diseases
based on physician input; (c) Illustration of verification
and refinement of physician judgments.

cians’ diagnosis results as well as phenotype infor- 477

mation as inputs, and by using an alternative best 478

pipeline, first determine the True/False or original 479

diagnosis, and then perform reasoning and correc- 480

tion, to report a new diagnosis answer. 481

The successful operation of Hygieia (its correct 482

reasoning process and outcomes) demonstrates its 483

potential to translate into tangible medical value for 484

healthcare teams, further highlighting its dual con- 485

tributions at both the algorithmic and application 486

levels. Moving forward, we will engage physicians 487

as human evaluators to directly compare Hygieia 488

with doctors in tasks such as disease diagnosis and 489

key gene identification, thereby further extending 490

Hygieia. 491

Hygieia successfully prioritizes genes with 492

higher disease risks from individual-level data. 493

To enhance diagnostic interpretability and confi- 494

dence while providing additional therapeutic in- 495

sights, modern medicine often analyzes causative 496

factors (Sanchez et al., 2022). In rare disease di- 497

agnosis, some physicians may recommend exome- 498
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a

b

c

Figure 5: Benchmarking results for Hygieia in risk gene
prioritization. (a) Statistics in our testing datasets. (b)
Top1 recall rate across different datasets. (c) Compar-
isons of different models with different recall rates in
MyGene2.

or whole-genome sequencing or targeted gene se-499

quencing to identify disease-causing variants, en-500

abling more reliable conclusions (Boycott et al.,501

2013). Therefore, determining how to provide pa-502

tients with a list of potential genes for sequencing503

represents a critical task in rare disease diagnosis.504

Previously, few AI agent frameworks have consid-505

ered this task. However, our analysis indicates that506

disease diagnosis shares similarities with risk factor507

prioritization, suggesting it can be addressed using508

a unified framework. Here, our input data are still509

phenotypes or EHR data, while the output will be510

a gene or a list of genes. Our selected baselines511

are similar to the candidates used for evaluating512

disease diagnosis functions. Details can be found513

in the Methods section.514

Due to the scarcity of datasets containing both515

phenotypes and true disease-causing genes, this516

section employs MyGene2 and simulation data pro-517

vided by SHEPHERD (Alsentzer et al., 2025) for518

model evaluation. The statistics of selected datasets519

are summarized in Figure 5 (a). The scale of sim-520

ulation data is larger than MyGene2, and thus our521

assessment also took various scenarios into account.522

We still computed the Recall rate based on gene523

lists of different sizes and observed gene labels. 524

Figures 5 (b) and (c) show that Hygieia has a high 525

recall rate, especially under the top 1 setting ver- 526

sus other baselines. However, as we increase the 527

pool of candidates, the advantages of Hygieia have 528

also diminished. When comparing the recall rate of 529

this task to disease diagnosis, we observe that gene 530

prioritization is a relatively simpler task. Conse- 531

quently, as the pool of candidates expands, the ben- 532

efits of employing agents (e.g. additional verifier) 533

diminish proportionally. Considering that the more 534

genes that need to be tested, the higher the cost 535

for patients, our approach balances accuracy and 536

expense. We also compared the costs of Hygieia 537

and GPT-5-search, revealing that Hygieia holds an 538

advantage in token consumption as well, shown 539

in Supplementary Figure 5. In Figure 5 (c), since 540

we can create a training dataset from the large sim- 541

ulation data, we can also create an oracle model 542

(Qwen3-8B-sft, score is 0.724). However, the per- 543

formance of this model for recommending based 544

on MyGene2 is poor, demonstrating that AI Agents 545

have better generalization ability than traditional 546

SFT approaches. 547

Case study of Hygieia for gene ranking shows 548

its unique and informative decision-making pro- 549

cess. To understand the decision-making process of 550

Hygieia and make an in-depth comparison versus 551

other baseline methods, we provided a case study 552

with one sample from MyGene2, but for risk gene 553

prioritization. In this sample, we provided pheno- 554

types as inputs; the observed risk gene is NALCN. 555

The full reasoning path of Hygieia can be found in 556

Supplementary Figure 4 (b). 557

According to Figure 6, in this evaluation, Hy- 558

gieia is the only system that successfully iden- 559

tifies NALCN, which is the correct gene asso- 560

ciated with the patient’s constellation of pheno- 561

types, fully aligning with the annotated ground 562

truth. All other baseline models, including o4mini, 563

GPT-4o (search), GPT-5 (search), Qwen3-8B, and 564

DeepSeek-v31, either returned incorrect candidates 565

such as MYH3 or PIEZO2, or failed to provide a 566

usable response altogether. This example demon- 567

strates that Hygieia consistently outperforms both 568

general-purpose large language models and search- 569

augmented tools in high-stakes biomedical infer- 570

ence tasks requiring precise gene–phenotype match- 571

ing. 572

Unlike competing models that default to 573

MYH3 based on superficial resemblance to Free- 574

man–Sheldon syndrome, Hygieia distinguishes 575

7



Question: Consider you are a genetic counselor. The phenotype description of the patient is The 
phenotypes include: … Can you suggest a list of top 1 possible genes to test? Please return gene 
symbols as a comma separated list. Example: 'ABC1, BRAC2, BRAC1' or “not applicable” if you 
cannot provide the result. 

Annotated answer: NALCN

Reason: NAN.

Answer: MYH3.

o4mini

GPT-5 (search)

Reason: NAN.

Answer: MYH3.

Deepseek-v31

Reason: NAN.

Answer: MYH3.

Reason: Based on the phenotype description 
provided, it would be appropriate to consider testing 
the gene associated with Freeman-Sheldon 
syndrome. The key features such as "whistling face" 
(pursed lips, full cheeks)…

Answer: MYH3.

GPT-4o (search)

Qwen3-8B

Biomni

Reason: It appears there is still an issue with 
executing commands or accessing the data. 
Given these constraints, I am unable to retrieve 
the necessary data to suggest a list of possible 
genes for the provided phenotypes…

Answer: MYH3.

Hygieia

Reason: From the context: NALCN-related congenital contractures of the limbs and face, hypotonia, and 
developmental delay syndrome (CLIFAHDD)** and also infantile hypotonia with psychomotor retardation and 
characteristic facies (IHPRF).  NALCN mutations produce…Given that the phenotypic match is very high with 
CLIFAHDD / IHPRF due to NALCN mutations and the context explicitly mentions NALCN…

Answer: NALCN.

Green means right info. Red means wrong info.

Reason: NAN.

Answer: PIEZO2.

Figure 6: Case study for Hygieia and other baselines in
risk gene prioritization. We mask some phenotypes to
protect personal information.

clinically overlapping yet genetically distinct dis-576

orders by integrating phenotypic, molecular, and577

nosological evidence. The model explicitly links578

the observed features—including congenital con-579

tractures, hypotonia, neurodevelopmental delay,580

and characteristic facies, which are NALCN-581

associated CLIFAHDD/IHPRF syndromes. This582

indicates that Hygieia does not rely solely on pheno-583

typic pattern matching, but instead performs multi-584

layered biomedical reasoning consistent with ge-585

netic counseling practice.586

Several baselines fail due to inability to re-587

trieve or interpret data, producing unusable out-588

puts (“NAN", “unable to retrieve data"). Hygieia589

remains fully functional even under incomplete sig-590

nal, reflecting robustness to real-world clinical con-591

straints, where patient phenotypes may be sparsely592

documented, noisy, or partially overlapping. This593

resilience is essential for deployment in clinical de-594

cision support, where diagnostic completeness is595

rarely guaranteed.596

Hygieia not only outputs the correct target gene597

but also contextualizes it within a clinically action-598

able diagnostic category. This stands in sharp con-599

trast to competing models that provide unsubstanti-600

ated gene names without justification, which would601

be unacceptable in a clinical genetics workflow602

where gene testing decisions have financial, ethi-603

cal, and prognostic implications. Hygieia’s inter-604

pretability and biological validity, therefore, make 605

it a more trustworthy candidate for integration into 606

precision medicine pipelines. 607

The comparison clearly illustrates that Hy- 608

gieia surpasses existing LLM-based and search- 609

augmented baselines in terms of accuracy, reason- 610

ing validity, and clinical relevance. Its ability to 611

discriminate among phenotypically similar devel- 612

opmental syndromes and return a gene with direct 613

translational value underscores its potential as a 614

next-generation AI system for genetic factor priori- 615

tization. 616

4 Discussion 617

Overall, Hygieia introduces several conceptual and 618

technical advances that collectively address the 619

above challenges. First, it formalizes diagnosis 620

as a multi-stage agnetic workflow, beginning with 621

task parsing and disease-type routing, followed 622

by tailored pipelines for common and rare dis- 623

eases. By explicitly separating these pathways, 624

Hygieia avoids over-generalized reasoning and re- 625

duces both computational cost and diagnostic er- 626

ror for common conditions, while allocating more 627

sophisticated reasoning resources to rare disease 628

cases. Second, the system incorporates a self- 629

verification mechanism that iteratively evaluates 630

and corrects intermediate diagnostic outputs until 631

convergence. This verifier–corrector design sub- 632

stantially improves consistency and robustness, mit- 633

igating the well-documented randomness of LLM- 634

based inference. Empirically, this design leads 635

to more stable predictions, and we also provide 636

better-calibrated confidence estimates with multiple 637

queries. Third, Hygieia extends beyond diagnosis 638

to risk gene prioritization, framing it as a closely 639

related inference task that benefits from the same 640

phenotypic and contextual reasoning. By unify- 641

ing these tasks in a single framework, we produce 642

clinically actionable outputs that can directly em- 643

power several associated tasks. Fourth, Hygieia 644

also emphasizes interpretability and clinical align- 645

ment. Rather than producing opaque predictions or 646

generic summaries, our system explicitly links phe- 647

notypes, disease entities, and gene-level evidence 648

through multi-step reasoning trajectories. 649

Despite its strong performance, Hygieia also has 650

several limitations that warrant discussion. In the 651

future, we will focus on extending Hygieia via 652

more model selection as well as constructing more 653

datasets for the system training and validation. 654
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A Details of human-in-the-loop design887

Human-in-the-loop design. We also consider the888

collaboration between physicians and AI models in889

making decisions. We have invited 3 genetic physi-890

cians from YSM, YNHH, and Duke-NUS Medical891

School, and consider two scenarios.892

In the first experimental setting, we assign 20893

questions (10 for disease diagnosis, and 10 for gene894

prioritization) for physicians and Hygieia for dis-895

ease diagnosis, and evaluate the performances.896

In the second experimental setting, we allow the897

physicians to access Hygieia, utilize it for handling898

in-house cases and physicians will evaluate the out-899

puts of Hygieia and provide feedback from three900

perspectives:901

• Completeness: Which report more completely902

captures important information?903

• Correctness: Which report includes less false904

information?905

• Conciseness: Which report contains less non-906

important information?907

We collect the reports made by physicians and908

evaluate the Hygieia as an AI for healthcare accord-909

ingly.910

Case study investigation. To better demonstrate911

the advantages of Hygieia, we provide several case912

studies from different baseline methods and include913

the reasoning steps of Hygieia. In these questions,914

only Hygieia makes the correct decision, while the915

rest of the methods do not give us either correct916

reasoning paths or correct answers.917

Explanations of baseline methods. For closed-918

source models, we consider LLMs with reason-919

ing capacities including o4-mini (OpenAI, 2025),920

GPT-5 (OpenAI, 2025), and GPT-5 (search) (Ope-921

nAI, 2025), advanced LLMs including GPT-4o922

(Hurst et al., 2024) and GPT-4o (search) (Hurst923

et al., 2024). For open-source models, we con- 924

sider Qwen3-8B (Yang et al., 2025a) and Deepseek- 925

v3.1 (Liu et al., 2024a). For domain-expert models, 926

we consider a multi-agent diagnosis system (base 927

model GPT-4o as the recommended setting), as 928

well as DeepRare (Zhao et al., 2026). However, 929

DeepRare’s API version has bugs related to data 930

processing and we cannot find their released testing 931

datasets and it is hard for us to retreive the data for- 932

mat. For biomedical agents, we consider Biomni 933

(base model GPT-4o as the recommended setting. 934

For Qwen3-8B, we also consider fine-tuning the 935

base model with both Low-rank adaptation (LoRA) 936

and full parameters (Full) (Zheng et al., 2024) based 937

on the provided simulation data. The prompts used 938

to query LRM and LLMs are documented in Ap- 939

pendix C. For other models, details can be found in 940

our code base. 941

Metrics. We follow the settings discussed in 942

(Chen et al., 2024b; Zhao et al., 2026), where the 943

Recall@K is the main metric used in evaluating the 944

generated disease diagnosis and gene rank results. 945

We consider the top 1,5,10 candidates and compute 946

Recall@1, Recall@5, Recall@10, accordingly. We 947

perform metric computation after disease name/- 948

gene name normalization. 949

B Comparison between Hygieia and other 950

AI agents 951

In Supplementary Table , we showcase the unique 952

contribution of Hygieia by comparing it with other 953

disease diagnosis agents across multiple dimen- 954

sions. 955

C Prompts 956

The prompts used for disease diagnosis: “Make 957

diagnosis for this patient. Known phenotypes in- 958

clude: {phenotype_list}. Multiple local hospital 959

evaluations failed to establish a definitive diagno- 960

sis." 961

The prompts used for gene prioritization: “Con- 962

sider you are a genetic counselor. The phenotype 963

description of the patient is {phenotype_list}. Can 964

you suggest a list of top 1 possible genes to test?" 965

The prompts used for error detection and correc- 966

tion: 967

You are a board-certified clinical geneticist and 968

neurologist with expertise in rare neuromuscular 969

and congenital disorders. You reason step-by- 970

step using established diagnostic criteria, geno- 971

type–phenotype correlations, and differential di- 972
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System Distinguish Human Confidence Risk Gene Flexible Input Open Source Evaluation Setting Domain

MCA (Chen et al., 2025) ✗ ✗ ✗ ✗ ✓ ✓ Benchmark Rare
MDAgent (Kim et al., 2024) ✓ ✗ ✗ ✗ ✓ ✓ Benchmark General
DeepRare (Zhao et al., 2026) ✗ ✗ ✗ ✗ ✗ ✓ Benchmark Rare
Biomni (Huang et al., 2025) ✓ ✗ ✗ ✓ ✓ ✓ Benchmark & Human Eval General
RDguru (Yang et al., 2025b) ✗ ✗ ✗ ✗ ✗ ✗ Benchmark Rare
RareAgent (Chen et al., 2024a) ✗ ✗ ✗ ✗ ✗ ✗ Benchmark Rare

Hygieia (Ours) ✓ ✓ ✓ ✓ ✓ ✓ Benchmark & Human Eval Rare

Table 1: Comparison of representative AI Agents for disease-related tasks across different dimensions. Here we
consider Distinguish (whether the agent can distinguish common and rare diseases), Human (whether the agent
supports human-in-the-loop), Confidence (whether the agent can produce confidence), Risk Gene (whether the
agent can also infer risk gene), Flexible Input (whether the agent supports input other than HPO terms), and Open
Source (whether the codes are accessible). We also compare their evaluation settings as well as focused domains.

agnosis logic.973

Below is a patient’s clinical phenotype and a974

proposed diagnosis.975

Your task is to determine whether the proposed976

diagnosis is correct.977

Instructions: 1. Carefully assess whether the phe-978

notype is consistent with the proposed diagnosis.979

2. If the diagnosis is correct, explicitly state that980

it is correct and explain why. 3. If the diagnosis981

is incorrect or incomplete, clearly state that it is982

incorrect and: - Provide the most likely corrected983

diagnosis - Briefly justify the correction using key984

phenotype–disease matches 4. Do not provide mul-985

tiple diagnoses—return one best diagnosis only. 5.986

Be concise, clinically precise, and avoid specula-987

tion beyond the given phenotype.988

Patient Phenotype: {PHENOTYPE_LIST}989

Proposed Diagnosis: {PRO-990

POSED_DIAGNOSIS}991

Output Format (strict):992

Diagnosis Assessment: Correct / Incorrect993

Final Diagnosis: <single diagnosis name>994

Reasoning: - Key phenotype–diagnosis align-995

ment (or mismatch) - Critical features supporting996

the final diagnosis997

D Supplementary Figures 998

b

a

Rep1

Rep2

Supplementary Fig. 1: Failure cases of AI agent in dis-
ease diagnosis, by using DeepRare as an example. We
mask some phenotypes to protect patient information.
(a) Failure of diagnosis. (b) Failure of reproducing re-
sults.
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Supplementary Fig. 2: Classification results of router.
(a) Accuracy comparisons of different classification
methods. (b) Accuracy comparisons of different testing
sets. (c) UMAP colored by sample labels (common dis-
eases, rare diseases, and healthy people).
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p-value
LogProbs 0.294

Think-Twice 1

True/False 
Confidence 1

Voting 
Average 9.02E-06

a b

Supplementary Fig. 3: Estimation of confidence levels
based on Hygieia. (a) Comparison of scaled confidence
scores tested with MyGene2 dataset. (b) Ablation stud-
ies for different estimation methods. The p-value is
computed based on two-sided Mann-Whitney U test.
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<thinking>\nWe are provided with the phenotypes: \n- Elbow flexion contracture\n- Hip contracture\n- Toe walking\n- Wrist flexion contracture\n- Flexion 
contracture\n- Flexion contracture of toe\n\nThese present as multiple distal and proximal joint contractures. Toe walking and plantar flexion contracture are 
consistent with distal arthrogryposis syndromes. The detected risk gene is TTN, encoding titin — a large sarcomeric protein that, when mutated, can cause myopathic 
phenotypes, including congenital myopathy and arthrogryposis-like presentations.\n\nLooking at the provided references:  \n- "Distal arthrogryposis type 10" from 
NCBI: characterized by plantar flexion contractures, toe-walking, in infancy, consistent with given phenotypes.  \n- Distal arthrogryposis syndromes: contractures of 
two or more different body areas, frequently involving elbows, wrists, hips, toes (flexion contracture).  \n- TTN mutations have been linked to some congenital 
myopathy forms with early contractures, but among distal arthrogryposis types, DA type 10 is specifically described as caused by TTN mutations (newly classified).  
\n\nGiven that this presentation involves elbow, hip, wrist contractures and toe walking — and the genetic data points to TTN — the most relevant diagnosis aligning 
with OMIM/Orphanet/CCRD naming conventions is "Distal arthrogryposis type 10."\n\nOther possibilities (amyoplasia, congenital contractural arachnodactyly, 
Baller–Gerold syndrome) don’t fit as well because:\n- Amyoplasia involves four-limb contractures but is linked to unknown etiology, not TTN.\n- Congenital 
contractural arachnodactyly is linked to FBN2, and phenotypic features like marfanoid habitus, which are not mentioned here.\n- Baller–Gerold syndrome shows 
radial defects and craniosynostosis, absent here.\n\nThus, TTN mutation + plantar flexion contractures + toe walking + multi-joint involvement → Distal 
arthrogryposis type 10 is the top diagnosis.\n</thinking>

<solution>\nDistal arthrogryposis type 10\n</solution>

Disease diagnosis

b

<thinking>  \nLet's carefully analyze the phenotype list and the context.  \n\n**Phenotypes provided:**  \n- Delayed speech and language development  \n- Wide n
asal bridge, enlarged naris, short columella, long philtrum, micrognathia, pursed lips, dimple chin, full cheeks  \n- Seizures  \n- Hypotonia  \n- Breathing dysregulatio
n, respiratory insufficiency, central apnea, abnormal respiration pattern  \n- Cerebral atrophy  \n- Multiple contractures (camptodactyly, adducted thumb, hip contrac
ture, elbow flexion contracture)  \n- Foot deformities (talipes equinovarus, calcaneovalgus deformity)  \n- Gastrointestinal issues (gastroesophageal reflux, constipati
on, inguinal hernia)  \n- Orthopedic issues (scoliosis)  \n- Eye involvement (esotropia, strabismus)  \n- Neurological signs (global developmental delay, motor delay)  \
n- Nephrolithiasis  \n\nThis combination strongly suggests a congenital, multisystem neurodevelopmental disorder with facial dysmorphism, hypotonia, autonomic b
reathing problems, and contractures.  \n\nFrom the context links:  \n- CLIFAHDD syndrome (Congenital contractures of the limbs and face, hypotonia, developmental 
delay) → known to be caused by **NALCN** mutations.  \n- The MyGene2 match report for **NALCN** shows overlapping findings: delayed speech, hypotonia, faci
al dysmorphism, breathing abnormalities, seizures, contractures.  \n- SETD2 and SETBP1 disorders involve some overlapping features, but they lack the characteristic 
combination of facial contractures, breathing dysregulation, and gross hypotonia seen here.  \n\nGiven the constellation of symptoms and research hints, **NALCN*
* is the top candidate gene.  \nThis gene encodes a sodium leak channel important for neuronal excitability, and pathogenic variants cause CLIFAHDD syndrome with 
the exact features listed.  \n</thinking>  

<solution>  \nNALCN  \n</solution

a

Gene prioritization

Supplementary Fig. 4: Full reasoning paths in two tasks
by Hygieia. (a) is for disease diagnosis and (b) is for
risk gene prioritization.
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Supplementary Fig. 5: Cost analysis between GPT-5
Search and Hygieia in risk gene prioritization based on
MyGene2.
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Supplementary Fig. 6: Ablation studies of Hygieia. (a)
represents the results for disease diagnosis and (b) rep-
resents the results for risk gene prioritization.
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