
Künstliche Intelligenz kann helfen, seltene Krankheiten 
schneller zu erkennen 

Bei seltenen Erkrankungen dauert es oft viele Jahre, bis die richtige Diagnose gestellt wird. Das 
liegt daran, dass die Symptome häufig ungewöhnlich sind und Ärztinnen und Ärzte solche 
Krankheiten nur selten sehen. Künstliche Intelligenz (KI), also Computerprogramme, die Sprache 
und Texte verstehen können, könnten dabei helfen, schneller die richtige Spur zu finden. 

Studie mit zwei KI-Systemen 
Ein Forschungsteam der Vanderbilt University in den USA wollte herausfinden, ob KI bei besonders 
schwierigen Fällen helfen kann. Dafür wurden 90 Patientinnen und Patienten aus dem 
sogenannten „Unbekannte-Krankheiten-Netzwerk“ (UDN) untersucht. Diese Menschen hatten 
Erkrankungen, bei denen die Ursache lange unklar blieb. 

Die Forschenden nutzten zwei verschiedene KI-Programme: 

 ChatGPT (Version 4o) 
 Llama 3.1 8B Instruct 

Im Durchschnitt traten die ersten Krankheitszeichen bei den Betroffenen mit etwa 8 Monaten auf. 
Bis zur richtigen Diagnose vergingen im Mittel über 7 Jahre. 

Ergebnisse 
Mit ChatGPT konnte in 13,8 % der Fälle die richtige Diagnose gefunden werden – deutlich häufiger 
als bei einer rein ärztlichen Beurteilung ohne KI (5,6 %). 
Beide KI-Modelle gaben außerdem oft hilfreiche Hinweise auf mögliche andere Erkrankungen, die 
in Betracht gezogen werden sollten. 

Ein weiterer Vorteil: Die Programme arbeiteten sehr schnell (ChatGPT brauchte im Schnitt nur 5 
Sekunden) und waren sehr günstig in der Anwendung. 

Bedeutung der Ergebnisse 
Da es sich um eine Rückblick-Studie handelt, sind die Ergebnisse noch mit Vorsicht zu bewerten. 
Wenn sich die Ergebnisse aber in weiteren Untersuchungen bestätigen, könnte KI wie ChatGPT in 
Zukunft eine wichtige Unterstützung für Ärztinnen und Ärzte sein – besonders bei der Suche nach 
seltenen Krankheiten. 
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Introduction

Large languagemodels (LLMs) demonstrated strong diagnostic performance on expert-curated case
challenges,1 but their ability to assist in rare disease diagnosis is underexplored. Medical conditions
of patients referred to the Undiagnosed Diseases Network (UDN) are among themost challenging to
diagnose. We assessed whether LLMs can identify the final diagnosis for UDN patients based on
available clinical information, whichmay be incomplete and less structured than expert-curated
cases, and compared themwith historical clinical review.

Methods

This cohort study included 90 Vanderbilt University Medical Center (VUMC) UDN cases diagnosed
between November 15, 2016, and April 26, 2024 (see eTable 1 in Supplement 1 for structured
phenotypes). For LLMs, we selected ChatGPT (Chat Generative Pre-trained Transformer), version 4o
(August 6, 2024; Open AI [hereafter, LLM1]), because of its predecessor’s diagnostic performance,1

and Llama 3.1 8B Instruct (December 18, 2024;Meta [hereafter, LLM2]) for its open-source efficiency.
We used secure instances of both LLMs to ensure patient privacy. We iteratively developed our
prompt using established principles.2 For each patient, we prompted the LLMs to generate a
differential diagnosis based on their clinical summary (Table), a standardized UDN intake document
for diagnostic evaluation (eAppendix in Supplement 1). Written informed consent was obtained.
This study was approved by the VUMC institutional review board and followed the STROBE
reporting guideline.

+ Supplemental content

Author affiliations and article information are
listed at the end of this article.

Table. Prompt and Example of an LLM-Generated Differentiala

Prompt LLM-generated differential
Instructions: given the information provided below about a patient with an undiagnosed rare disease,
generate a list of the most plausible and specific disease diagnoses.
1. First, generate genetic diagnostic hypotheses based on the patient’s medical history, prior genetic
test results (if any), and clinical presentation. Avoid general categories like “mitochondrial disorders”
or “endocrine disorders.” Instead, provide specific genetic disease names that could explain the
patient’s condition. Output the genetic hypotheses in a numbered list with detailed reasoning and
next-step recommendations for each to help confirm or rule it out. Rank the list of hypotheses from
most to least likely.
2. After generating the genetic diagnostic hypotheses, provide a separate list of nongenetic
diagnostic hypotheses. Consider the clinical presentation and any other nongenetic factors that could
be contributing to the patient’s condition. Avoid general categories like “endocrine disorders.”
Instead, provide specific nongenetic disease names that could explain the patient’s condition. Output
the nongenetic hypotheses in a numbered list with detailed reasoning and next-step recommendations
for each to help confirm or rule it out. Rank the list of hypotheses from most to least likely.
Patient information: [insert patient’s clinical summary here]b

### Genetic diagnostic hypotheses
1. **Frontotemporal dementia (FTD):**
- The patient’s personality changes, cognitive decline, and imaging
findings of frontal and temporal atrophy could suggest FTD. However, the
lack of a clear family history makes this less likely.
- **Next steps:** genetic testing for mutations in the MAPT, GRN, and
C9orf72 genes, which are associated with FTD.
2. **Amyotrophic lateral sclerosis (ALS):**
- The family history of ALS and the patient’s neurologic symptoms raise
the possibility of familial ALS. However, the patient’s presentation is
atypical for ALS.
- **Next steps:** genetic testing for ALS-associated genes such as SOD1,
TARDBP, FUS, and C9orf72.
### Nongenetic diagnostic hypotheses
1. **Chronic traumatic encephalopathy (CTE):**
- The patient’s history of concussions and cognitive and behavioral
changes could suggest CTE, which is associated with repeated head
trauma.
- **Next steps:** Neuropsychological testing and continued monitoring
of symptoms, as there is currently no definitive test for CTE.

Abbreviation: LLM, large languagemodel.
a For both LLMs, we used a temperature setting of 0.

b An example patient summary is provided in the eAppendix in Supplement 1.
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Our primary objective was to assess the LLMs’ diagnostic performance and compare it with
historical diagnoses made through clinical review by UDN physicians. The primary end point was the
proportion of cases in which the LLM-generated differential included the exact final diagnosis (ie,
score of 5 on the Bond scale,3 a 5-point system on accuracy and helpfulness). Secondary objectives
included assessing LLM helpfulness and resource efficiency. A secondary end point was the
proportion of helpful differentials, defined as the LLM differential including either the exact
(score = 5) or a closely related diagnosis (score = 4) in which the condition was identified correctly
but not the specific genetic subtype (eTable 2 in Supplement 1). Other secondary end points were
time and cost required to generate differentials.

LLM-generated differentials were randomized and independently scored by 2 blinded
physicians (T.A.C. and R.J.T.; a third [K.W.B.] resolved disagreements). We used Cohen κ to assess
interrater agreement. With 90 cases and an approximately 5% clinical review diagnostic rate, we
hypothesized an LLM diagnostic rate of 10%. Using precision analysis based on theWilson 95% CI,
the half-width of the CI was 6.3%.We used a 2-sided, 1-sample test of proportions at the P < .05 level
to compare LLMs and clinical reviews. Statistical analyses were performed using R, version 4.4.2.

Results

Among 90 cases (51.8% female, 48.2%male), the median age at symptom onset was 7.6months
(IQR, 1.0-82.3 months), and themedian length of diagnostic odyssey (age at evaluation completion
minus age at symptom onset) was 7.6 years (IQR, 4.0-11.9 years). LLM1 and LLM2 achieved diagnostic
rates of 13.3% (95% CI, 7.8%-21.9%) and 10.0% (95% CI, 5.4%-17.9%), respectively, with only LLM1
showing a statistically significantly higher rate than 5.6% from clinical review (P = .001) (Figure).3

LLM1 and LLM2 provided helpful differentials for 23.3% (95% CI, 15.3%-33.7%) and 16.7% (95% CI,
9.9%-26.3%) of cases, respectively. Estimated cost and processing time were $0.03 and 5 seconds
per case, respectively, for LLM1 and $0 and 120 seconds, respectively, for LLM2. Interrater
agreement for bothmodels was 88% or higher.

Discussion

LLM1 identified the final diagnosis in 13.3% of cases and provided a helpful differential in 23.3%.
Differential generation was resource efficient. These findings suggest that LLM1 can assist clinicians
by generating an initial differential and expediting downstream workup. This is the first study to
assess LLMdiagnostic performance at the UDN. It complements prior studies1,4-6 by providing insight
into the clinical applicability of LLMs. Study limitations include using clinical summaries rather than

Figure. Large LanguageModel (LLM) Differential Diagnostic Performance
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Scoring system by Bond et al3: 5 = the final diagnosis
was suggested in the differential; 4 = the suggestions
included something very close to the final diagnosis,
but not exact (specifically, this is defined as correctly
identifying the condition but not the specific genetic
subtype); 3 = the suggestions included something
closely related to the final diagnosis that might have
been helpful; 2 = the suggestions included something
related to the final diagnosis, but unlikely to be helpful;
0 = no suggestion was close to the final diagnosis. A
score of 1 is not part of this scoring system. LLM1
indicates ChatGPT (Chat Generative Pre-trained
Transformer), version 4o (August 6, 2024; Open AI);
LLM2, Llama 3.1 8B Instruct (December 18,
2024; Meta).
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full workups; the subjectivity of the outcomemeasure, which wasmitigated by standardized scoring;
and the retrospective design. Prospective studies are needed to further assess clinical impact.
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