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Abstract

Recent advances in large language models (LLMs) have demonstrated their potential for 
a wide range of applications, including biomedical and clinical domains. Their ability 
to process and interpret large amounts of data, reason over clinical cases, and generate 
contextually relevant responses has created opportunities for their use in healthcare. In 
clinical settings, LLMs may assist clinicians in decision-making by generating and ranking 
potential differential diagnoses based on individual patient cases, thereby helping them 
consider a broader range of diagnostic possibilities. However, the rapid development of 
LLMs has resulted in an increasingly diverse range of models with different architectures, 
sizes, and capabilities, making it challenging to determine which models are most suitable 
for clinical diagnostic assistance tasks. Furthermore, clinical cases vary considerably in 
their characteristics and diagnostic complexity, potentially leading to differences in model 
performance across clinical conditions. This article evaluates 11 LLMs using 60 intensive 
care unit (ICU) patient cases covering a range of clinical conditions. Specifically, we assess 
the models’ ability to generate ranked differential diagnoses that align with reference 
diagnoses and compare their diagnostic performance across models and cases. The results 
demonstrate that LLMs, particularly recent-generation models, can generate differential 
diagnoses that align with the reference diagnoses under the evaluated benchmark conditions, 
while revealing notable differences in performance across models and cases. These findings 
highlight the importance of systematically evaluating and carefully selecting models when 
investigating their potential application in clinical diagnosis.

Keywords: LLM evaluation; LLMs for healthcare; clinical decision support; artificial intelligence 
in healthcare; clinical case reasoning

1. Introduction
The application of computational methods to biomedical and clinical problems has a 

long history, with early efforts to support medical diagnosis predating the emergence of 
modern artificial intelligence (AI). Researchers explored mathematical, statistical, and prob-
abilistic approaches, including Bayes’ theorem, to support medical decision-making [1,2]. 
These efforts were followed by the development of computer-based systems for processing 
clinical information and supporting diagnostic decisions. As AI emerged as a distinct field, 
research increasingly focused on applying AI methods to represent medical knowledge 
and reason about clinical problems. This led to the development of knowledge-based and 
rule-based systems, commonly known as expert systems, that attempted to capture aspects 
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of expert clinical reasoning. These systems represented an important transition from purely 
statistical and algorithmic approaches toward systems that used inference mechanisms to 
generate diagnostic assessments based on stored domain knowledge [3,4].

Although knowledge-based expert systems demonstrated the feasibility of AI for clini-
cal decision support, their adoption was constrained by several limitations. These systems 
typically relied on manually encoded rules and domain specific knowledge, requiring 
substantial effort from medical experts to develop, maintain, and update their knowledge 
bases. Their ability to generalize beyond the conditions and knowledge for which they were 
explicitly designed was also limited [5]. As increasing amounts of clinical data became 
available, particularly through the growing adoption of electronic health records (EHRs), 
machine learning (ML) introduced data-driven approaches that could learn patterns from 
clinical data rather than relying exclusively on manually specified rules [6,7]. This transition 
enabled the development of increasingly advanced models for a variety of clinical decision 
support tasks.

The emergence of deep learning further advanced these capabilities by enabling mod-
els to learn complex representations from large scale data. In particular, the development of 
large language models (LLMs) has expanded the potential applications of AI in healthcare. 
LLMs can process clinical text and generate responses that integrate information from 
different parts of a clinical case [8,9]. Their ability to process and interpret large amounts 
of information, reason over clinical cases, and generate contextually relevant responses has 
attracted increasing attention in biomedical and clinical research. LLMs have the potential 
to support clinical decision-making by generating and ranking potential differential diag-
noses from a patient’s clinical case [10–12]. Such capabilities may help clinicians consider a 
broader range of diagnostic possibilities. This capability is particularly relevant in complex 
clinical environments, where patients may present with multiple interacting conditions 
and symptoms associated with a wide range of diseases. However, the rapid emergence of 
LLMs has resulted in an increasingly diverse range of models with different architectures, 
sizes, and capabilities, making it challenging to determine which models are most suit-
able for clinical diagnostic support [10]. Furthermore, clinical cases vary considerably in 
their characteristics and diagnostic complexity, potentially leading to differences in model 
performance across models and clinical conditions.

To address these challenges, this article evaluates a diverse set of LLMs for differential 
diagnosis generation, including recent-generation models and older, relatively lightweight 
models suitable for local deployment. We use 60 intensive care unit (ICU) patient cases 
from the TREC Clinical Decision Support (CDS) 2014 and 2015 tracks [13,14], covering a 
range of clinical conditions. We assess the models’ ability to generate differential diagnoses 
that align with the provided ground truth diagnoses and compare their performance across 
models and clinical cases. The results demonstrate that LLMs can generate differential 
diagnoses consistent with the reference diagnoses under the evaluation settings considered, 
while also revealing notable differences in performance across models and cases. These 
findings provide insights into the capabilities and limitations of LLMs for differential 
diagnosis generation and motivate further investigation of their potential role in clinical 
decision support.

The remainder of this article is organized as follows. Section 2 provides background 
on computational methods for clinical diagnosis and reviews related research employing 
AI based approaches. Section 3 describes the methodology and introduces the LLMs used 
in this work. Section 4 presents the results of evaluating the selected LLMs and provides 
an analysis and discussion of the findings. Finally, Section 5 extends our discussion and 
concludes the article by outlining directions for future research.
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2. Related Work
2.1. Early Work on Computer-Based Clinical Diagnosis

The application of computational methods to clinical diagnosis predates the emergence 
of modern AI approaches. We note the early work of Ledley and Lusted [1,2], which 
conducted pioneering work examining how symbolic logic, probability theory, and value 
theory could provide formal foundations for medical diagnostic reasoning. Their work also 
highlighted the potential of computers to assist physicians in processing clinical information 
and generating diagnoses based on a set of patient symptoms. This work provided an 
important foundation for the following research in computer-assisted diagnosis and clinical 
decision support systems (CDSSs).

Later studies explored knowledge-based expert systems for clinical diagnosis. Shortliffe 
et al. [3] developed MYCIN, a rule-based system that used patient information and expert-
derived rules to diagnose bacterial infections and recommend appropriate antimicrobial 
therapy. Evaluation studies, such as [4], reported that MYCIN could produce diagnostic and 
therapeutic recommendations comparable to those of physicians in selected cases. Similarly, 
Miller et al. [15] extended knowledge-based approaches by developing INTERNIST-I, a 
system designed to provide diagnostic capabilities across a broader range of general internal 
medicine cases. Its development demonstrated the potential of knowledge-based systems 
for complex clinical reasoning while also highlighting challenges associated with acquiring, 
representing, maintaining, and applying large-scale medical knowledge.

Researchers also investigated probabilistic approaches to medical diagnosis. Bayesian 
methods provided a mathematical framework for combining prior knowledge about dis-
eases with observed clinical findings and updating diagnostic probabilities as new evidence 
became available [16]. For instance, de Dombal et al. [17] investigated the computer-
assisted diagnosis of acute abdominal pain using clinical information and probabilistic 
methods. Their findings demonstrated that such methods could achieve diagnostic per-
formance comparable to, and in some cases better than, that of clinicians for this specific 
medical condition.

These early studies established important foundations for clinical AI while also reveal-
ing challenges associated with the adoption of such systems. Particularly, knowledge-based 
systems typically relied on manually encoded rules and domain specific knowledge, re-
quiring substantial effort from medical experts to develop, maintain, and update their 
knowledge bases [5]. These limitations motivated the development of data-driven ML 
approaches for clinical diagnosis as discussed in the following section.

2.2. The Emergence of ML and LLM Methods
Various studies have investigated the use of data-driven ML approaches for clinical 

diagnostic tasks. Many of these approaches have focused on diagnosing specific diseases 
or groups of diseases. For example, Palaniappan and Awang [18] investigated several ML 
algorithms, including naïve Bayes, decision trees, and neural networks, for heart disease 
diagnosis by estimating the likelihood of disease based on a set of patient findings. Similarly, 
Ferreira et al. [19] examined several ML techniques for diagnosing jaundice in newborns and 
reported that these models could be effectively applied to this diagnostic task. More recently, 
Liu et al. [20] investigated liver disease prediction using a range of ML methods, including 
neural networks, convolutional neural networks (CNNs), long short-term memory (LSTM) 
networks, support vector machines (SVMs), and XGBoost. Their results demonstrated the 
effectiveness of several of these approaches, with XGBoost achieving particularly strong 
performance for liver disease diagnosis. This category of research has been later extended 
through applying conventional ML methods to the diagnosis of a wide range of diseases, 
including cancer [21], respiratory syndromes [22], and cognitive impairments [23].
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Although the studies in [18–23] demonstrated the potential of data-driven ML meth-
ods, many of these approaches were designed for relatively well-defined diagnostic tasks, 
typically focusing on distinguishing among a subset of predefined diseases. This limitation 
motivated research into more general approaches capable of considering a broader range of 
clinical information and generating multiple possible diagnoses. The recent emergence of 
LLMs has introduced a new paradigm for clinical diagnostic support, in which models can 
process clinical text and generate candidate diagnoses or differential diagnoses in natural 
language. Recent advances in LLMs, including models such as GPT [24], Gemini [25], 
and Claude [26], have demonstrated strong capabilities in understanding and generating 
natural language, enabling them to process complex and unstructured clinical information.

Several studies have investigated the application of LLMs to clinical diagnosis tasks. 
Mykhalko et al. [27] conducted an empirical evaluation of ChatGPT-3.5 using 50 clinical 
cases and reported a diagnostic accuracy of 66.0%. Similarly, Eriksen et al. [28] evaluated 
GPT-4 on complex medical cases and reported that the model correctly identified the 
diagnosis in 57% of the cases considered. Because these studies used different clinical cases, 
evaluation settings, and definitions of diagnostic correctness, their reported accuracy values 
are not directly comparable. Other studies have focused specifically on differential diagnosis 
rather than requiring an LLM to provide a single diagnosis. For instance, Hirosawa et al. [10] 
evaluated GPT-3.5 and GPT-4 for generating differential diagnoses and introduced top-k 
diagnostic accuracy as an evaluation measure, assessing whether the correct diagnosis 
appeared among the model’s top-k candidate diagnoses. Likewise, Ríos-Hoyo et al. [11] 
examined the ability of GPT-4 to generate differential diagnoses and reported that the 
correct diagnosis appeared within the generated differential diagnoses for approximately 
two-thirds of the clinical cases considered.

Another direction of research has examined LLM performance in comparison with 
physicians or other clinical decision-support approaches. Ito et al. [29] compared GPT-
4 with three physicians on 45 clinical cases involving diagnosis and triage and reported 
comparable performance between the LLM and physicians on the diagnostic task considered. 
Kim et al. [30] examined ChatGPT-4.0 for identifying obsessive–compulsive disorder and 
compared its performance with that of medical and mental-health professionals. Their 
results indicated that ChatGPT-4.0 achieved higher performance than the professionals 
included in their evaluation. In contrast to studies that primarily evaluate whether LLMs can 
match or exceed clinician performance, McDuff et al. [31] introduced AIME, a fine-tuned 
LLM designed for medical applications, and investigated the use of LLMs as assistive tools 
for clinicians. Their findings demonstrated improvements in clinicians’ diagnostic accuracy 
when they were assisted by the LLM. Finally, Feldman et al. [32] compared ChatGPT-4.0 
and Gemini 1.5 with a traditional clinical decision-support expert system using a set of 
clinical cases. Their results indicated that the evaluated LLMs did not outperform the 
expert system, leading the authors to advocate for hybrid LLM-CDSS approaches rather 
than relying on standalone LLMs for clinical diagnostic tasks.

Despite the growing body of research on LLMs for clinical diagnosis, several aspects 
remain insufficiently explored. First, many previous studies have evaluated only one or a 
small number of LLMs, limiting comparisons across different models and providers. In 
contrast, this work evaluates 11 LLMs, including recent-generation models accessed through 
cloud-based services and relatively lightweight, locally deployable models. The inclusion of 
locally deployable models is particularly relevant to clinical applications, as local deployment 
may help support data privacy by allowing clinical information to be processed within a local 
environment. Second, this article evaluates 60 clinical cases covering a range of conditions 
and considers both long and short versions of the same cases, enabling an assessment of 
model performance with different levels of clinical detail. Third, beyond examining whether 
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the correct diagnosis appears among the top-k predictions, this work uses Mean Reciprocal 
Rank (MRR) to assess the ranking of correct diagnoses and Differential Diagnosis Coverage 
(DDC), where applicable, to measure the extent to which models identify the multiple 
reference diagnoses associated with each case. Finally, all models are evaluated under 
a common experimental setting, facilitating a systematic comparison of their differential 
diagnosis performance across clinical cases and levels of detail.

3. Methodology
This section presents the methodology used to evaluate the effectiveness of LLMs for 

generating differential diagnoses in response to patient clinical cases. First, we describe the 
data set used in the work. We then introduce the LLMs included in the evaluation, followed 
by a detailed description of the data processing procedures and prompt formulation. Finally, 
we describe the evaluation measures used to assess the performance of the models.

3.1. Dataset
We use the clinical cases provided by the TREC Clinical Decision Support (CDS) track 

for the 2014 and 2015 tasks [13,14]. Each year includes 30 clinical cases involving inten-
sive care unit (ICU) patients and covering a wide range of medical conditions, including 
tumor-related, neurological, abdominal, obstetric and gynecological, physical, and infec-
tious conditions. The TREC CDS track uses these cases as queries representing clinicians’ 
information needs when searching for relevant medical literature. Based on their underlying 
information needs, the cases are classified into three types: diagnosis, test, and treatment. 
In total, the dataset comprises 60 clinical cases.

For the 2014 cases, explicit diagnostic answers were not included with the original 
clinical cases, as the primary objective of the track was to evaluate information retrieval 
systems in clinical settings. However, we located the corresponding differential diagnoses in 
supplementary data provided by the track organizers. For most cases, physicians provided 
a list of differential diagnoses containing up to seven diagnoses, although some cases had 
only one reference diagnosis. On average, each case had 2.8 reference diagnoses.

In contrast, the 2015 dataset provides a single correct diagnosis for 20 of the 30 cases. 
For the remaining 10 cases, which are classified as diagnosis-type cases, we identified 
reference diagnoses using articles from PubMed Central (PMC) whose relevance had been 
assessed by physician assessors in the TREC CDS track. Specifically, we considered only 
articles assigned relevance label 2 (definitely relevant). We examined the articles associated 
with each case and identified diseases mentioned repeatedly across the relevant articles. To 
maintain consistency with the single-diagnosis format used for the other 2015 cases, we 
deliberately selected only one diagnosis per case. To support the verification of each selected 
diagnosis, we identified at least three PMC articles associated with the corresponding case 
that mentioned the same disease.

Although this procedure may not capture all possible differential diagnoses for a case, 
it provides a systematic approach to identifying a diagnosis mentioned across multiple 
highly relevant articles. The authors did not independently infer or generate additional 
diagnoses; instead, the selected diagnoses were based on recurring mentions in the examined 
articles. This identification process was conducted independently by the authors, rather 
than by physicians. The PMC identifiers of the supporting articles are provided in the 
supplementary data described in the Available Data section. Although these 10 cases are 
included in the overall evaluation presented in Section 4, their results are reported separately 
under the diagnosis case type in Table A5 in the Appendix A.

All clinical cases considered in this work are available in two formats: a long version 
containing detailed health related information about the admitted patient and a shorter 

https://doi.org/10.3390/app162110948

https://doi.org/10.3390/app162110948


Appl. Sci. 2026, 16, 10948 6 of 25

version containing key clinical information. Both versions are included in our evaluation 
to examine the impact of the amount of clinical information provided on model perfor-
mance. Table 1 presents an example of these clinical cases along with a corresponding set 
of differential diagnoses.

Table 1. Clinical cases set provided in two formats long and short with a set of differential diagnosis 
(one or more diagnoses).

No Clinical Case (Long) Clinical Case (Short) Differential 
Diagnosis

1

A 2-year-old boy is brought to the emergency 
department by his parents for 5 days of high fever 

and irritability. The physical exam reveals 
conjunctivitis, strawberry tongue, inflammation of 
the hands and feet, desquamation of the skin of the 
fingers and toes, and cervical lymphadenopathy 
with the smallest node at 1.5 cm. The abdominal 
exam demonstrates tenderness and enlarged liver. 

Laboratory tests report elevated alanine 
aminotransferase, white blood cell count of 

17,580/mm, albumin 2.1 g/dL, C-reactive protein 
4.5 mg, erythrocyte sedimentation rate 60 mm/h, 

mild normochromic, normocytic anemia, and 
leukocytes in urine of 20/mL with no bacteria 

identified. The echocardiogram shows moderate 
dilation of the coronary arteries with possible 

coronary artery aneurysm.

2-year-old boy with fever 
and irritability for 5 days. 
Physical exam findings 
include conjunctivitis, 

strawberry tongue, and 
desquamation of the 
fingers and toes. Lab 
results include low 

albumin, elevated white 
blood cell count and 

C-reactive protein, and 
urine leukocytes. Echo 

shows moderate dilation of 
the coronary arteries.

1. Kawasaki disease
2. Infectious 

exanthemas of 
childhood

3. reactions to drugs

2

A 28-year-old female with neck and shoulder pain 
and left hand and arm paresthesias three weeks 

after returning from a trip to California where she 
attended a stray animal recovery campaign. Her 

physical exam was unremarkable except for slight 
tremors and almost imperceptible spasticity. She 

was prescribed NSAIDS and a topical muscle 
relaxant. She was brought in to the ER three days 

later with spastic arm movements, sweating, 
increasing agitation and anxiety, malaise, difficul 
swallowing and marked hydrophobia, and was 

immediately hospitalized.

28-year-old female with 
neck pain and left arm 

numbness 3 weeks after 
working with stray animals. 

Physical exam initially 
remarkable for slight left 
arm tremor and spasticity. 

Three days later she 
presented with significant 
arm spasticity, diaphoresis, 

agitation, difficulty 
swallowing, and 

hydrophobia.

1. Rabies
2. Encephalitis

3. Delerium tremens
4. Diphtheria

5. Drug ingestion
6. Plant ingestion

7. Tetanus

3.2. Large Language Models Set
We consider a diverse set of LLMs from multiple vendors in our experiments. The 

models are divided into two groups based mainly on their generation and model size, 
which influence their capabilities, computational requirements, deployment options, and 
practical applicability to clinical environments. The first group contains recent-generation, 
relatively large-scale models accessed through cloud-based services. These models typically 
require substantial computational resources for inference and, in many cases, have closed 
weights, making local deployment infeasible. This group includes six models: Claude 
Fable 5.1 [26], GPT-6 Astra [24], DeepSeek V4 Pro [33], Gemini 3.8 Flash [25], Grok-4.6 [34], 
and Qwen 3.8 Max [35]. These models are accessed through cloud-based APIs using the 
LangChain library.

The second group consists of lightweight, open-weight and previous generation models 
that can be deployed locally on a user personal computer. Compared to the models in first 
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group, these models generally have more modest computational requirements, making 
local deployment more feasible. This group allows us to examine models that provide a 
more accessible deployment option for clinical environments where transferring sensitive 
patient information to external cloud services may be restricted by privacy regulations, 
institutional policies, or approval requirements. Local deployment allows clinical data to 
remain within the local computing environment, although appropriate privacy, security, and 
data-governance procedures are still required. Thus, the two groups allow us to investigate 
how difference model generation and size, along with their deployment options, relate to 
their performance and effectiveness in differential diagnoses generation task.

The second group includes DeepSeek R [36], Llama 3.2 [37], Qwen 3.0 [38], Gran-
ite 4.1 [39], and MedGemma 1.5 [40]. It is worth noting that MedGemma 1.5 is based on 
the Gemma 1.5 architecture and is specifically trained for medical applications. All models 
in this group were deployed locally using the Ollama framework [41]. All models in both 
groups were used with their default configuration settings. Table 2 summarizes the models 
included in this work, including their parameter sizes and weight status. Additionally, a 
summary of the default configurations used for both cloud-based and locally deployed 
models is provided in Table A1 in Appendix A.

Table 2. The LLMs considered in this work, showing their parameter sizes, deployment settings, and 
weight status. “n/d” indicates that the number of parameters was not disclosed by the vendor.

Model Parameters Deployment Weight Status

Claude Fable 5.1 n/d cloud closed weights
GPT-6 Astra n/d cloud closed weights

DeepSeek V4 Pro 49B (active) cloud open weights
Gemini 3.8 Flash n/d cloud closed weights

Grok 4.6 n/d cloud closed weights
Qwen 3.8 Max 95B (active) cloud closed weights
DeepSeek-R1 8B local open weights

Llama 3.2 3B local open weights
MedGemma 1.5 4B local open weights

Granite 4.1 3B local open weights
Qwen3 0.6B local open weights

3.3. Data Parsing and Prompt Formulation
Both the 2014 and 2015 clinical case sets are provided in XML format. We wrote a 

program code using the W3C Document Object Model (DOM) to parse the XML files and 
extract the clinical cases. For each case, we extracted the long version from the <description> 
tag, the shorter version from the <summary> tag, and the corresponding case identifier 
from the <topic number> tag. Each clinical case was evaluated by every LLM twice: once 
using the long version and once using the short version. Thus, each of the 60 clinical cases 
was evaluated 22 times across the 11 models and two case versions.

Our prompt formulation follows a zero-shot prompting approach, in which the LLMs 
are provided only with the clinical case and the relevant evaluation guidelines, without any 
examples or demonstrations. Specifically, the prompt instructs each model to analyze the 
given clinical case and generate a ranked list of potential differential diagnoses. Following an 
approach similar to that of Savage et al. [42], we also ask each model to assign a confidence 
score between 0 and 100 to each diagnosis to indicate its confidence in that prediction. These 
scores are primarily used as a validation aid to check whether the generated diagnoses are 
ranked in decreasing order of relevance to the given clinical case, as intended. However, 
they are not assumed to represent calibrated probabilities of diagnostic correctness and are 
therefore excluded from the quantitative evaluation. In addition, because some models tend 

https://doi.org/10.3390/app162110948

https://doi.org/10.3390/app162110948


Appl. Sci. 2026, 16, 10948 8 of 25

to provide explanations or reasoning for their diagnostic suggestions, the prompt explicitly 
instructs them not to include such explanations. This instruction simplifies the processing 
and analysis of the generated outputs. Figure 1a,b show examples of outputs generated by 
two of the evaluated models, DeepSeek V4 Pro and GPT-6 Astra, for the clinical case no. 
1 “A 2-year-old boy is brought to the emergency …,” which was presented previously in 
Table 1.

 
(a) (b) 

1. Kawasaki disease – 98   

2. Multisystem inflammatory syndrome in children (MIS-C) – 38   

3. Scarlet fever – 15   

4. Toxic shock syndrome – 12   

5. Systemic juvenile idiopathic arthritis – 8   

6. Adenovirus infection – 7   

7. Stevens-Johnson syndrome – 5 

1. Kawasaki disease (complete/classic), with coronary artery involve-

ment — 99/100 

2. Multisystem inflammatory syndrome in children (MIS-C) — 15/100 

3. Scarlet fever — 5/100 

4. Adenovirus infection — 4/100 

5. Toxic shock syndrome — 3/100 

6. Systemic juvenile idiopathic arthritis — 2/100 

Figure 1. Sample differential diagnosis output generated by two LLMs: (a) DeepSeek V4 Pro, and 
(b) GPT-6 Astra for a clinical case. In addition to condition/disease name, each model outputs a score 
(0–100) indicating the model prediction confidence for that diagnosis.

3.4. Evaluation Measures and Settings
Once an LLM generates a list of differential diagnoses for a clinical case, each generated 

diagnosis is matched against the corresponding reference diagnoses provided in the dataset. 
We implemented a simple matching procedure to determine whether each generated diag-
nosis corresponds to a reference diagnosis or an accepted abbreviation or alternative name 
listed in the TREC CDS reference data. The resulting matches identify correct predictions 
and provide the basis for calculating the evaluation measures described below.

Some cases required additional consideration to ensure accurate matching. For ex-
ample, an LLM might use an abbreviated disease name instead of its full name, include 
brackets or special characters, omit apostrophes, combine two distinct diagnoses into a 
single entry, or list both the full and abbreviated forms of the same diagnosis as separate 
entries in the ranked list. Such variations can complicate automated matching and result in 
incorrect matches or missed correspondences. To address these issues, we conducted an ad-
ditional manual validation step to review ambiguous cases and verify the matches between 
model-generated diagnoses and the reference diagnoses. Nevertheless, some matching 
decisions may involve interpretive judgment, and residual errors cannot be entirely ruled 
out. This limitation should be considered when interpreting the evaluation results.

Following prior work [31,32], we first evaluate the models using a top-k measure, 
which assesses whether at least one ground truth diagnosis appears among the model’s top 
k generated diagnoses. For a clinical case c, let Gc  denote the set of ground truth diagnoses 
and Pc k  denote the first k diagnoses predicted (i.e., generated) by the model. The Top-k 
measure for a clinical case c can be defined as: 

Top-𝑘(c) =
{


1, if 𝐺𝑐 ∩ 𝑃k
c ≠ ∅,

0, otherwise.
(1)

The overall Top-k performance is then calculated as the proportion of clinical cases for 
which at least one ground truth diagnosis appears within the top k generated diagnoses: 
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Top − 𝑘 =
1
𝑁

𝑁
∑
𝑐=1

Top − 𝑘(𝑐) (2)

where N is the total number of clinical cases evaluated. We consider k = 1, k = 3, k = 5, and 
k = max, where max represents the maximum number of diagnoses generated by the model 
for case c.

Although Top-k accuracy indicates whether a correct diagnosis appears within the 
top-k predictions, it does not account for its exact position in the ranked list. For example, a 
correct diagnosis ranked first receives the same Top-5 result as one ranked fifth, provided 
that both appear within the top five. To account for the ranking position of correct diagnoses, 
we use Mean Reciprocal Rank (MRR) [43,44]. First, the Reciprocal Rank (RR) for a clinical 
case c is defined as the reciprocal of the rank position of the first correct diagnosis in the 
model’s generated list. Let rc  denote the rank of the first generated diagnosis that matches 
any diagnosis in Gc . Then RR is defined as:

RR(𝑐) =
1
𝑟𝑐

(3)

If no ground-truth diagnosis appears in the generated list, then RR = 0. MRR is 
calculated as the mean reciprocal rank across all N clinical cases:

MRR =
1
𝑁

𝑁
∑
𝑐=1

RR(𝑐) (4)

Thus, MRR assigns higher scores when the first correct diagnosis appears near the top 
of the list and penalizes models when it appears further down.

While Top-k accuracy and MRR evaluate whether and how highly a correct diagnosis 
is ranked, they do not indicate how comprehensively the model covers the full set of 
differential diagnoses associated with a clinical case. We therefore use Differential Diagnosis 
Coverage (DDC), inspired by diversity and novelty measures in information retrieval and 
ranking [45–48], to assess the extent to which a model’s generated differential diagnosis 
list covers the reference diagnoses. DDC is conceptually similar to recall, as both measure 
the proportion of reference diagnoses identified by a system. However, DDC emphasizes 
coverage of distinct diagnostic alternatives and accounts for synonymous terms referring to 
the same underlying condition, preventing such terms from artificially inflating the coverage 
score. For a clinical case c, let Gdc  denote the set of distinct ground truth diagnoses, and 
Pdc  denote the set of distinct diagnoses generated by the model. DDC is defined as:

DDC(𝑐) =
|Gd𝑐 ∩ Pd𝑐|

|Gd𝑐|
(5)

The overall DDC is calculated as the mean coverage across all clinical cases:

DDC =
1
𝑁

𝑁
∑
𝑐=1

|Gd𝑐 ∩ Pd𝑐|
|Gd𝑐|

(6)

A DDC value of 1 indicates that the model identified all ground-truth differential 
diagnoses for a case, whereas a value of 0 indicates that none were identified. However, 
similar to recall, DDC may increase with the number of diagnoses generated, as longer 
lists provide more opportunities to cover the reference diagnoses. Therefore, a higher DDC 
should not be interpreted in isolation as evidence of better diagnostic performance. Instead, 
it should be considered alongside other evaluation measures, such as Top-k and MRR, to 
provide a more comprehensive assessment of diagnostic performance.
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4. Results and Analysis
Having described our methodology in the previous section, this section presents the 

results of our evaluation of LLMs in generating differential clinical diagnoses. As described 
in Section 3.1, we consider 60 clinical cases from the TREC CDS 2014 and 2015 tracks. 
Tables 3 and 4 present the results for the 2014 and 2015 case sets, respectively, using several 
evaluation measures: Top-1, Top-3, Top-5, Top-max, Mean Reciprocal Rank (MRR), and 
Differential Diagnosis Coverage (DDC). Tables A2–A5 in the Appendix A provide additional 
details on these results. Because the ground-truth data for the 2015 case set contain only a 
single diagnosis for each case, DDC is not applicable to this set and is therefore omitted. To 
guide our exploratory analysis, we investigate the following research questions (RQs):
• RQ1: How effectively do the evaluated LLMs generate clinically relevant differential 

diagnoses for the clinical cases?
• RQ2: How comprehensively do these LLMs cover the reference diagnoses provided 

by physicians?
• RQ3: How does diagnostic performance vary across the evaluated LLMs?
• RQ4: How does the amount of clinical information provided to the LLMs affect their 

diagnostic performance?

Table 3. Effectiveness of LLMs for generating differential diagnoses on the 30 TREC CDS 2014 
clinical cases, evaluated using Top-k, Differential Diagnosis Coverage (DDC), and Mean Reciprocal 
Rank (MRR). Underlined values indicate the highest-performing model(s). Additional analyses, 
including confidence intervals and performance by topic type, are provided in the Appendix A 
(Tables A2 and A4).

Recent Generation LLMs

LLM Model Case Type Top-1 Top-3 Top-5 Top-Max MRR DCC

Claude Fable 5.1 Long 0.63 0.90 0.97 1.00 0.78 0.82
Claude Fable 5.1 short 0.70 0.90 1.00 1.00 0.82 0.82

GPT-6 Astra Long 0.70 0.87 0.90 0.93 0.79 0.75
GPT-6 Astra short 0.80 0.87 0.90 0.90 0.84 0.73

DeepSeek V4 Pro Long 0.73 0.93 0.97 0.97 0.83 0.75
DeepSeek V4 Pro short 0.67 0.83 0.90 0.97 0.76 0.74
Gemini 3.8 Flash Long 0.63 0.87 0.93 0.93 0.76 0.71
Gemini 3.8 Flash short 0.70 0.87 0.93 0.93 0.79 0.78

Grok 4.6 Long 0.77 0.87 0.93 0.93 0.83 0.69
Grok 4.6 short 0.77 0.93 0.97 0.97 0.84 0.76

Qwen 3.8 Max Long 0.63 0.93 0.93 0.97 0.77 0.83
Qwen 3.8 Max short 0.77 0.90 0.93 0.93 0.84 0.83

Previous Generation LLMs

DeepSeek-R1 Long 0.23 0.30 0.30 0.30 0.27 0.21
DeepSeek-R1 short 0.13 0.27 0.30 0.30 0.21 0.18

Llama 3.2 Long 0.57 0.70 0.77 0.77 0.64 0.52
Llama 3.2 short 0.70 0.80 0.83 0.90 0.77 0.65

MedGemma 1.5 Long 0.73 0.90 0.90 0.90 0.81 0.62
MedGemma 1.5 short 0.60 0.80 0.80 0.87 0.71 0.60

Granite 4.1 Long 0.60 0.77 0.80 0.80 0.68 0.52
Granite 4.1 short 0.63 0.80 0.80 0.80 0.71 0.59

Qwen3 Long 0.43 0.50 0.57 0.57 0.48 0.37
Qwen3 short 0.47 0.73 0.73 0.73 0.59 0.48
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Table 4. Effectiveness of LLMs for generating differential diagnoses on the 30 TREC CDS 2015 clinical 
cases, evaluated using Top-k, and Mean Reciprocal Rank (MRR). Underlined values indicate the 
highest-performing model(s). Additional analyses, including confidence intervals and performance 
by topic type, are provided in the Appendix A (Tables A3 and A5).

Recent Generation LLMs

LLM Model Case Type Top-1 Top-3 Top-5 Top-Max MRR

Claude Fable 5.1 Long 0.90 0.97 0.97 1.00 0.94
Claude Fable 5.1 short 0.83 0.90 0.97 0.97 0.88

GPT-6 Astra Long 0.90 0.97 0.97 0.97 0.93
GPT-6 Astra short 0.80 0.90 0.97 0.97 0.86

DeepSeek V4 Pro Long 0.87 0.93 0.97 0.97 0.90
DeepSeek V4 Pro short 0.80 0.90 0.93 0.93 0.85
Gemini 3.8 Flash Long 0.87 0.97 0.97 0.97 0.91
Gemini 3.8 Flash short 0.80 0.90 0.97 0.97 0.87

Grok 4.6 Long 0.87 0.93 0.97 0.97 0.91
Grok 4.6 short 0.80 0.87 0.97 0.97 0.85

Qwen 3.8 Max Long 0.90 0.93 0.97 0.97 0.93
Qwen 3.8 Max short 0.83 0.93 0.97 1.00 0.89

Previous Generation LLMs

DeepSeek-R1 Long 0.10 0.17 0.17 0.17 0.13
DeepSeek-R1 short 0.23 0.30 0.30 0.30 0.26

Llama 3.2 Long 0.43 0.57 0.67 0.73 0.52
Llama 3.2 short 0.67 0.73 0.77 0.80 0.71

MedGemma 1.5 Long 0.47 0.70 0.77 0.87 0.59
MedGemma 1.5 short 0.60 0.73 0.73 0.87 0.68

Granite 4.1 Long 0.40 0.67 0.73 0.73 0.53
Granite 4.1 short 0.53 0.73 0.80 0.80 0.64

Qwen3 Long 0.27 0.37 0.43 0.43 0.33
Qwen3 short 0.40 0.47 0.53 0.53 0.44

4.1. RQ1: The Effectiveness of LLMs in Generating Relevant Diagnoses
RQ1 examines the effectiveness of the evaluated LLMs in generating relevant diagnoses 

for the given clinical cases. As shown in Tables 3 and 4, the results indicate that the 
considered LLMs were generally able to identify at least one correct diagnosis for many of 
the clinical cases, particularly when considering the Top-3 and Top-5, Top-max measures. 
For the recent-generation models, the average Top-1 performance across the long and 
short case versions was approximately 0.71 for the 2014 cases and increased to 0.85 for the 
2015 cases. When considering the Top-5 measure (i.e., moving down a bit in the ranked 
list), the average performance increased to approximately 0.94 and 0.96 for the 2014 and 
2015 cases, respectively. When all diagnoses generated for each case were considered 
(Top-max), the performance reached approximately 0.95 for the 2014 cases and 0.97 for the 
2015 cases. Notably, Claude Fable 5.1 identified at least one correct diagnosis for all cases 
in both the 2014 and 2015 sets. Overall, these results indicate that, for most clinical cases, 
at least one reference diagnosis appeared among the first few diagnoses generated by the 
recent-generation models.

The MRR results provide an additional perspective on the quality of the generated 
ranked diagnoses. MRR accounts for the rank position of the first correct diagnosis and 
introduces a penalty if it appears down in the ranked list. Across the long and short case 
versions, the average MRR for the recent-generation models was approximately 0.80 for the 
2014 cases and 0.89 for the 2015 cases. These results suggest that the first correct diagnosis 
was generally ranked relatively high in both case sets, and particularly in the 2015 cases. 
Although the models achieved high Top-5 and Top-max scores, their lower Top-1 scores 
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indicate that the first prediction (i.e., the first generated diagnosis) was not always correct, 
and additional predictions were sometimes needed to identify a correct diagnosis. MRR 
complements these measures by distinguishing between cases in which the first correct 
diagnosis appears near the top of the list and those in which it appears at a lower rank.

In comparison, the lightweight earlier-generation models exhibited substantial varia-
tion in performance across both models and clinical cases. Their average Top-1 performance 
was approximately 0.51 for the 2014 cases and 0.41 for the 2015 cases, while the corre-
sponding Top-5 performance increased to approximately 0.68 and 0.59, respectively. When 
all generated diagnoses were considered (Top-max), the average performance reached 
approximately 0.69 for the 2014 cases and 0.62 for the 2015 cases. Their average MRR was 
approximately 0.59 for the 2014 cases and 0.48 for the 2015 cases, indicating that the first 
correct diagnosis tended to appear lower in the generated rankings than for the recent 
generation models. DeepSeek-R1 performed particularly poorly in this group, with MRR 
values of 0.27 and 0.21 for the long and short versions of the 2014 cases, respectively, and 0.13 
and 0.26 for the corresponding 2015 cases. Thus, although these models identified relevant 
diagnoses for a substantial subset of the cases, their performance was less consistent than 
that of the recent generation models. DeepSeek-R1, in particular, exhibited consistently 
weak performance across both case sets relative to the other models in its group.

The results also reveal a noticeable difference between the two TREC CDS case sets. 
The recent-generation models generally achieved higher performance on the 2015 cases 
than on the 2014 cases. This difference is evident in both Top-1 accuracy, which increased 
from approximately 0.71 to 0.85, and MRR, which increased from approximately 0.80 to 
0.89. In contrast, the previous generation models exhibited lower average performance on 
the 2015 cases than on the 2014 cases, with both Top-1 accuracy and MRR values decreasing. 
These differences suggest that the effectiveness of LLM-generated differential diagnoses 
may vary depending on both the characteristics of the clinical cases and the capabilities of 
the models being evaluated.

Compared with prior studies evaluating LLMs for clinical diagnosis generation [27–29,
31,32], our results indicate comparatively high performance, particularly among the recent-
generation models. Several factors may contribute to this difference, including variations in 
the clinical case sets, evaluation protocols, and models examined across studies. In addition, 
advances in LLM capabilities since the publication of earlier studies may have contributed 
to the higher performance observed in our experiments, as many previously evaluated 
models belong to earlier generations. Nevertheless, direct comparisons with prior studies 
should be interpreted cautiously because of differences in datasets, evaluation settings, 
and model selection. The performance differences observed between the two TREC CDS 
case sets in our own experiments further highlight the importance of accounting for case 
characteristics when comparing diagnostic performance.

4.2. RQ2: The Comprehensiveness of the Generated Differential Diagnoses
This RQ examines how comprehensively the evaluated LLMs cover the physician-

provided differential diagnoses. In other words, we aim to quantify how well these models 
identify the complete set of reference diagnoses provided for each clinical case. To address 
this question, we use the Differential Diagnosis Coverage (DDC) measure described in 
Section 3.3. Unlike the Top-k and MRR measures considered in RQ1, which determine 
whether at least one physician-provided diagnosis appears among the model’s generated 
diagnoses, DDC measures the proportion of physician-provided differential diagnoses 
identified by the model for each case. This analysis is conducted using the TREC CDS 2014 
cases, for which multiple physician-provided differential diagnoses are available.
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The DDC results in Table 3 show that the recent-generation models generally provided 
substantially more comprehensive differential diagnoses than the previous generation 
models. Across the six models in first group and considering both case versions, the average 
DDC was approximately 0.77. In comparison, the corresponding average for the five LLMs 
in second group was approximately 0.47. Thus, on average, the recent-generation models 
identified more than three-quarters of the physician-provided reference diagnoses, whereas 
the lightweight, earlier-generation models identified fewer than half.

Among the recent-generation models, Qwen 3.8 Max and Claude Fable 5.1, achieved 
relatively high coverage, with DDC values of 0.83 and 0.82, respectively, for both case 
versions. In contrast, Grok 4.6 obtained the lowest DDC among this group of LLMs for the 
long case version, with a value of 0.69. Among the lightweight, earlier-generation models, 
DDC values ranged from 0.18 to 0.65 across the two case versions, indicating considerable 
variation in their ability to cover the physician-provided reference diagnoses.

However, DDC should also be interpreted while considering the number of diagnoses 
generated by each LLM. Table 5 reports the average and maximum numbers of generated 
diagnoses for the TREC CDS 2014 and 2015 cases. Focusing on 2014 cases, the recent 
generation models are shown to generate an average of approximately 6.9 diagnoses per case, 
compared with approximately 5.6 for the previous generation models. A similar pattern 
was observed for the 2015 cases, with averages of approximately 7.0 and 5.6 diagnoses 
per case, respectively. Nevertheless, output length varied substantially among individual 
models. For example, Llama 3.2 generated an average of 7.1 diagnoses for the 2014 cases, 
exceeding the averages for several recent generation models, including Grok 4.6, GPT-6 
Astra, DeepSeek V4 Pro, and Gemini 3.8 Flash. These results suggest that differences in 
output length may contribute to differences in DDC, but list length alone does not fully 
explain the observed variation. Because longer lists provide more opportunities to identify 
reference diagnoses, DDC should not be interpreted in isolation as evidence of superior 
diagnostic performance.

Table 5. Average and maximum numbers of differential diagnoses generated by each LLM for the 
TREC CDS 2014 and 2015 clinical cases.

Model TREC CDS 2014 TREC CDS 2015

Avg 
Diagnoses

Max. 
Diagnoses

Avg 
Diagnoses

Max. 
Diagnoses

Claude Fable 5.1 9.8 19 9.8 18
GPT-6 Astra 5.5 12 5.7 10

DeepSeek V4 Pro 7.0 13 7.1 13
Gemini 3.8 Flash 5.8 10 6.0 12

Grok 4.6 4.7 9 5.0 8
Qwen 3.8 Max 8.5 20 8.5 16
DeepSeek-R1 4.6 15 4.4 25

Llama 3.2 7.1 11 7.5 17
MedGemma 1.5 7.9 20 8.0 21

Granite 4.1 4.6 8 4.5 12
Qwen3 3.6 7 3.7 7

It is also worth noting that, given the nature of the diagnostic task, the differential 
diagnosis lists generated in this work were generally relatively short. Although some 
models occasionally produced longer lists (e.g., Claude Fable 5.1 generated as many as 
19 differential diagnoses for a single case), these list lengths are not comparable to those 
used in conventional information retrieval and recommendation tasks, where ranked lists 
typically contain a much larger number of items (e.g., 100 or more).

https://doi.org/10.3390/app162110948

https://doi.org/10.3390/app162110948


Appl. Sci. 2026, 16, 10948 14 of 25

The DDC results also reveal that identifying at least one relevant diagnosis does 
not necessarily imply comprehensive coverage of the differential diagnosis. For instance, 
MedGemma 1.5 (from the second group) achieved a Top-1 score of 0.73 and MRR of 0.81 
for the long case versions but a DDC of only 0.62. Conversely, Qwen 3.8 Max (from the first 
group) achieved a Top-1 score of 0.63 and MRR of 0.77 for the long cases while obtaining 
a substantially higher DDC score of 0.83. This difference illustrates the complementary 
nature of these measures: Top-k can capture whether a model identifies at least one relevant 
diagnosis within a specified rank, MRR accounts for the rank of the first correct diagnosis 
in the generated list, whereas DDC can capture the proportion of the physician-provided 
differential diagnoses covered by the model’s generated output.

To sum up, the RQ2 analysis suggests that the evaluated LLMs differ not only in their 
ability to identify at least one relevant diagnosis but also in the comprehensiveness of 
the differential diagnoses they generate. The relatively higher DDC values observed for 
the recent-generation models indicate broader coverage of physician-provided diagnostic 
alternatives, while the greater variation among the lightweight, earlier-generation models 
highlights differences in their ability to cover these alternatives. These findings should be 
interpreted alongside the number of diagnoses generated and the results of Top-k accuracy 
and MRR to provide a more balanced assessment of diagnostic performance.

4.3. RQ3: Diagnostic Performance Across LLMs
RQ3 examines differences in diagnostic performance among the evaluated LLMs. 

In particular, this RQ focuses on differences among individual models and between the 
two model groups. We consider both the Top-k and MRR results across the 2014 and 
2015 clinical case sets and, where applicable, the DDC results for the 2014 cases.

The results show substantial variation in diagnostic performance across the evaluated 
LLMs. This variation is particularly noticeable between the recent-generation models and the 
previous-generation models. Across both case sets, the recent generation models generally 
achieve higher performance for Top-k, MRR, and DDC, whereas the lightweight previous 
generation models show greater variability in their results. However, performance also 
varies among models within each group, indicating that model generation alone does not 
fully explain the observed differences.

To examine performance variation within each model group, we apply two-way 
ANOVA without replication, treating the LLMs as columns and the clinical cases as rows. 
The results for MRR and DCC are reported in Tables 6 and 7, respectively. For the recent-
generation models, the ANOVA results show no statistically significant differences among 
models in MRR for either the 2014 or 2015 case set, regardless of whether the long or 
short case descriptions are used. These findings suggest that the evaluated models exhibit 
broadly comparable performance in ranking correct diagnoses, as measured by the recipro-
cal rank of the first correct diagnosis. Thus, with respect to MRR, the choice among these 
recent-generation models appears to have a relatively limited effect on performance for the 
cases examined.

However, the DCC results reveal a more different picture. For the 2014 cases, the 
differences among recent-generation models are statistically significant for the long case 
descriptions, but not for the short versions (as shown in Table 7). This finding suggests that 
differences in diagnostic coverage among these models may depend on the amount of clinical 
information provided. However, this interpretation cannot be directly examined using the 
2015 cases because their reference data do not contain multiple differential diagnoses for 
each case. Qwen 3.8 Max and Claude Fable 5.1 achieve the highest DDC values, suggesting 
that these models provide broader coverage of the physician-provided differential diagnoses 
than some of the other recent-generation models for the given cases.
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Table 6. Two-way ANOVA without replication results for the MRR measure across the TREC CDS 
2014 and 2015 clinical cases.

MRR Analysis Recent Generation Models Previous Generation Models
Long Short Long Short

TREC CDS 2014
#LLMs compared 6 6 5 5

#clinical cases 30 30 30 30
degrees of 
freedom 5, 145 5, 145 4, 116 4, 116

F-statistic 0.88 1.17 9.1 16.4
p-value 0.50 0.33 2.11 × 10−6 1.08 × 10−10 

conclusion not significant not significant significant significant
TREC CDS 2015

#LLMs compared 6 6 5 5
#clinical cases 30 30 30 30

degrees of 
freedom 5, 145 5, 145 4, 116 4, 116

F-statistic 1.16 0.78 10.6 9.42
p-value 0.33 0.57 2.38 × 10−7 1.24 × 10−6 

conclusion not significant not significant significant significant

Table 7. Two-way ANOVA without replication results for the DCC measure across the TREC CDS 
2014 clinical cases.

DCC Analysis Recent Generation Models Previous Generation Models
Long Short Long Short

#LLMs compared 6 6 5 5
#clinical cases 30 30 30 30

degrees of 
freedom 5, 145 5, 145 4, 116 4, 116

F-statistic 5.73 1.74 9.63 16.70
p-value 7.45 × 10−5 0.13 9.30 × 10−7 7.79 × 10−11 

Conclusion significant not significant significant significant

In contrast, the earlier-generation models exhibit statistically significant differences in 
diagnostic performance across all the examined measures. For MRR, the differences among 
models are statistically significant for both the 2014 and 2015 case sets, using both long 
and short case versions as shown in Table 6. The same pattern is observed for DDC in the 
2014 cases as shown in Table 7. Thus, unlike the recent-generation models, the previous gen-
eration models exhibit statistically significant differences in diagnostic performance across 
the evaluated measures. These findings indicate greater heterogeneity in the diagnostic 
performance of these models, including their ability to rank correct diagnoses near the top 
of the generated lists. Within this group, models such as MedGemma 1.5 and Llama 3.2 
demonstrate relatively strong performance compared with their group counterparts. Nev-
ertheless, their performance remains below that of the recent generation models on several 
of the evaluated measures.

These findings are consistent with previous research, such as Sandmann et al. [49], 
which highlights the importance of empirically evaluating individual LLMs for clinical 
decision-making rather than assuming that particular model characteristics guarantee 
better performance. Specifically, Sandmann et al. found that selected open-weight models 
performed comparably to proprietary, closed-weight models on the clinical tasks they 
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evaluated. However, differences in datasets, model selection, and evaluation methods 
should be considered when interpreting findings across studies.

Overall, the findings indicate that differences among LLMs depend on both the model 
group and the evaluation measure. The recent-generation models exhibit statistically 
comparable MRR performance, whereas their DCC performance differs significantly for 
long cases. The lightweight, earlier-generation models, by comparison, show statistically 
significant differences across both MRR and DDC. These findings highlight the importance 
of selecting models based on their performance across multiple measures and clinical cases. 
Model selection may be particularly consequential among the lightweight, earlier-generation 
models, while differences in diagnostic coverage also warrant consideration when choosing 
among recent-generation models.

4.4. RQ4: Amount of Clinical Information vs. Diagnostic Performance
This RQ examines whether the amount of clinical information provided to the LLMs 

affects their diagnostic performance. Specifically, we investigate whether providing longer, 
more detailed clinical cases improve diagnostic effectiveness compared with shorter versions 
of the same cases.

As shown in Table 3, the results for the 2014 case set reveal no consistent advantage 
for either long or short case descriptions. Among the recent-generation models, short 
descriptions result in higher Top-1 accuracy for several models, while the differences at 
higher k values are generally smaller. The MRR results follow a similar pattern: four of the six 
recent-generation models achieve higher MRR with short descriptions, whereas DeepSeek 
V4 Pro performs better with long descriptions. A similar pattern can be observed for the 
previous generation models, where four of the five models achieved higher performance 
with short cases. MedGemma 1.5 is the exception, achieving higher performance across all 
measures with long descriptions.

The results for the 2015 case set, presented in Table 4, show a clearer distinction among 
the two model groups. All six recent-generation models achieve higher MRR with long 
descriptions than with short descriptions. Their Top-1 accuracy also generally favors long 
descriptions, although the differences at higher k values are smaller. In contrast, all five 
earlier-generation models achieve higher MRR with short descriptions. Their Top-k results 
show a similar pattern, with short descriptions generally yielding better performance.

The DDC results for the 2014 cases provide an additional perspective. Across the 
recent-generation models, the average DDC was 0.76 for the long case versions and 0.78 for 
the short versions. Similarly, the previous generation models achieved an average DDC of 
0.45 for the long cases and 0.50 for the short cases. Thus, providing longer versions of the 
clinical cases did not result in higher average differential diagnosis coverage. Instead, the 
effect varied across models, with some models achieving higher coverage using the long 
versions and others using the short versions.

To summarize, these findings suggest that providing additional clinical information 
does not necessarily improve diagnostic performance. The effect appears to vary depending 
on the model and case set, with longer clinical descriptions providing benefits for some 
models and cases but not for others. Thus, the relationship between the amount of clinical 
information and LLM diagnostic performance appears to be model and case dependent 
rather than uniform across clinical cases.

An important consideration when interpreting these findings is that the short-form 
clinical cases used in this study are curated summaries that retain key clinical information. 
They do not represent the limited information that may be available during the early stages 
of a real-world clinical assessment. Consequently, good performance on short-form cases 
does not necessarily indicate that less clinical information is sufficient for clinical diagnosis.
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5. Further Discussions and Concluding Remarks
The findings of this work demonstrate that LLMs, particularly recent-generation mod-

els, can generate differential diagnoses that align with ground-truth diagnoses across a 
range of ICU clinical cases under the considered experiment settings. Across the evaluated 
cases, these models were generally able to generate at least one correct diagnosis within 
their top-ranked outputs and achieved relatively high coverage of the reference diagnoses 
provided. These results suggest that LLMs have considerable potential for interpreting 
complex clinical information and generating plausible diagnostic alternatives. At the same 
time, the observed variation across models and case sets indicates that their performance 
is not uniform, highlighting the importance of evaluating individual models rather than 
treating LLMs as interchangeable diagnostic systems.

An important observation is that the recent-generation models generally outperformed 
the lightweight, earlier-generation models across the evaluated measures. This difference 
may reflect the continuous evolution of LLMs through advances in model architecture, scale, 
training, and data. Although this work does not isolate the contribution of these individual 
factors, the results are consistent with the broader improvements in LLM capabilities across 
successive generations.

However, a notable limitation of this work is the relatively small sample of clinical 
cases included in the evaluation. Although the TREC CDS 2014 and 2015 collections are 
well-established benchmarks for clinical information retrieval systems, our evaluation relies 
on only 60 ICU cases. Consequently, this sample may not adequately represent the diversity 
of clinical conditions, patient demographics, and diagnostic complexities encountered in 
broader clinical settings.

Another limitation concerns the nature of the clinical cases used in this work. These 
cases represent clinical situations in which an initial assessment has already taken place 
and additional information has been obtained through physical examinations, laboratory 
investigations, imaging, and other diagnostic procedures. Consequently, the information 
provided to the LLMs may represent a relatively advanced stage of the diagnostic process 
rather than the limited information initially available when a patient first presents. Fur-
thermore, some of the reported clinical findings in those cases can be highly suggestive 
of, or closely associated with, the eventual diagnosis. Such findings may provide strong 
diagnostic clues that make it easier for an LLM to identify the corresponding condition, 
potentially resulting in an optimistic assessment of its diagnostic capabilities.

The examples presented in Table 1 illustrate this issue. By the time the complete 
case information is presented to an LLM, it includes findings obtained through multiple 
stages of clinical assessment, including physical examinations and diagnostic investigations. 
Some of these findings may be particularly informative or characteristic of the underlying 
condition, potentially making the correct diagnosis more apparent. However, obtaining such 
information is itself part of the diagnostic process. The attending physician must recognize 
which findings are relevant, decide which examinations to perform, and determine which 
laboratory or imaging investigations should be requested. The LLM, by contrast, receives 
the resulting clinical information and is then asked to generate a differential diagnosis. Thus, 
the model is evaluated primarily on its ability to interpret an already collected set of clinical 
evidence rather than on its ability to determine what information should be collected in the 
first place.

This experimental design makes the evaluated task less challenging than generating a 
differential diagnosis at initial patient presentation, which may lead to an optimistic assess-
ment of LLM diagnostic performance. Accordingly, these findings should be interpreted in 
the context of this experimental setting. While they support further investigation of LLMs 
as assistive tools for interpreting clinical evidence, this work did not evaluate LLM use in 
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prospective clinical practice, clinician–AI interactions, decision-making changes, workflow 
impacts, or patient outcomes. Consequently, these findings cannot establish whether inte-
grating LLMs into clinical practice would improve diagnostic accuracy, healthcare delivery, 
or patient care.

Another important consideration is clinical safety. While the evaluation assesses 
diagnostic accuracy in terms of the inclusion of correct diagnoses, it does not systematically 
account for the potential harm associated with incorrect diagnostic suggestions. Such 
suggestions may lead to unnecessary investigations, unsuitable treatments, or increased 
clinical workload, particularly when serious conditions are suggested without sufficient 
supporting evidence. Therefore, high performance in generating correct diagnoses does not 
necessarily imply clinical safety. Although evaluating the clinical consequences of incorrect 
LLM-generated diagnoses is beyond the scope of this work, these risks should be considered 
when interpreting the findings and warrant further investigation.

Future research should therefore examine LLMs under more realistic, progressively 
revealed information settings. For instance, an LLM could initially receive limited pa-
tient information, identify relevant follow-up questions and examinations or tests, and 
then update its differential diagnosis as additional information becomes available. Such 
an interactive approach would provide a more realistic assessment of LLMs as clinical 
information gathering and decision support tools, while also evaluating their ability to 
recognize missing information, select relevant investigations, and revise their diagnostic 
suggestions as new evidence emerges. In addition, future work involving clinicians is 
needed to determine whether LLM-generated differential diagnoses improve diagnostic 
decisions, how clinicians interpret and use model suggestions, and whether their integration 
affects workflow, efficiency, diagnostic errors, or patient outcomes. Such evaluations would 
help establish whether the capabilities observed in our benchmarked experiments translate 
into meaningful benefits in clinical practice.

To sum up, this article demonstrates the potential of LLMs, particularly recent-
generation models, in generating differential diagnoses for ICU clinical cases. However, the 
results should not be interpreted as evidence that LLMs can independently perform clinical 
diagnosis. Their performance depends on the model, the clinical case, and the information 
provided to them, and the cases evaluated in this work may contain substantially more 
diagnostic information than would be available at the beginning of a real clinical encounter. 
Furthermore, the evaluation was limited to 60 clinical cases from the TREC CDS 2014 and 
2015 datasets, which may limit the statistical precision and generalizability of the findings. 
Evaluations on larger and more diverse clinical benchmarks could strengthen the evidence 
regarding the diagnostic capabilities of LLMs. The findings therefore support further inves-
tigation of LLMs as assistive technologies integrated into a clinician diagnostic workflow 
rather than as standalone diagnostic systems.
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Appendix A 

Appendix A.1 
As described in Section 3.2, all models considered in this work were run using their 

default platform configurations. Table A1 summarizes the configuration parameters for 
both cloud-based and locally deployed models.

Table A1. Default platform configurations of the cloud-based and locally deployed LLMs evaluated 
in this study.

LLM Model Default Running Configuration

Claude Fable 5.1 Version = claude-fable-5-1, Effort = high, Context window = 1M tokens,
Max output = 128K tokens, number of inferences = 2, Access date = 20 September 2026

GPT-6 Astra Version = gpt-6-astra, Effort = medium, Context window = 1M tokens,
Max output = 128K tokens, number of inferences = 2, Access date = 20 September 2026

DeepSeek V4 Pro Version = DeepSeek-V4-Pro-0813, Effort = high, Context window = 1M tokens
Max output = 384K tokens, number of inferences = 2, Access date = 21 September 2026

Gemini 3.8 Flash Version = gemini-3.8-flash, Effort = medium, Context window = 1M tokens,
Max output = 65K tokens, number of inferences = 2, Access date = 21 September 2026

Grok 4.6 Version = grok-4.6, Effort = high, Context window = 500K tokens,
Max output = 64K tokens, number of inferences = 2, Access date = 21 September 2026

Qwen 3.8 Max Version = qwen3.8-max-0902, Effort = extra high, Context window = 1M tokens,
Max output = 64K tokens, number of inferences = 2, Access date = 21 September 2026

DeepSeek-R1 Version = DeepSeek-R1-0528, Temperature = 0.8, Top-p = 0.9, Context window = 8K tokens 
(ollama), Max output = 32K tokens, number of inferences = 2

Llama 3.2 Version = Llama-3.2-3B, Temperature = 0.8, Top-p = 0.9, Context window = 8K tokens 
(ollama), Max output = 128K tokens, number of inferences = 2

MedGemma 1.5 Version = google/medgemma-1.5-4b, Temperature = 0.8, Top-p = 0.9, Context 
window = 8K tokens (ollama), Max output = 8K tokens, number of inferences = 2

Granite 4.1 Version = granite-4.1-3b-base, Temperature = 0.8, Top-p = 0.9, Context window = 8K 
tokens (ollama), Max output = 8K tokens, number of inferences = 2

Qwen3 Version = Qwen3-0.6B, Temperature = 0.8, Top-p = 0.9, Context window = 8K tokens 
(ollama), Max output = 32k tokens, number of inferences = 2

Appendix A.2 
To further assess the performance results presented in Section 4, we calculated 95% 

confidence intervals (CIs) for each LLM’s performance on Top-1 accuracy, mean reciprocal 
rank (MRR), and differential diagnosis coverage (DDC), where applicable. These inter-
vals provide additional information about the uncertainty associated with the reported 
performance estimates. The analysis was conducted separately for the TREC CDS 2014 
and 2015 clinical case sets. The results for the 2014 and 2015 datasets are reported in 
Tables A2 and A3, respectively.

Table A2. Performance of LLMs on the 30 clinical cases from the TREC CDS 2014 dataset, measured 
using Top-1 accuracy, MRR, and DDC with corresponding 95% confidence intervals (CIs).

LLM Model Case Type Top-1 MRR DCC

Claude Fable 5.1 Long 0.63, 95% CI [0.46, 0.81] 0.78, 95% CI [0.67, 0.89] 0.82, 95% CI [0.72, 0.90]
Claude Fable 5.1 short 0.70, 95% CI [0.53, 0.87] 0.82, 95% CI [0.72, 0.92] 0.82, 95% CI [0.72, 0.90]
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Table A2. Cont.

LLM Model Case Type Top-1 MRR DCC

GPT-6 Astra Long 0.70, 95% CI [0.53, 0.87] 0.79, 95% CI [0.67, 0.91] 0.75, 95% CI [0.62, 0.86]
GPT-6 Astra short 0.80, 95% CI [0.65, 0.95] 0.84, 95% CI [0.72, 0.96] 0.73, 95% CI [0.60, 0.85]

DeepSeek V4 Pro Long 0.73, 95% CI [0.57, 0.89] 0.83, 95% CI [0.72, 0.94] 0.75, 95% CI [0.64, 0.86]
DeepSeek V4 Pro short 0.67, 95% CI [0.50, 0.84] 0.76, 95% CI [0.63, 0.89] 0.74, 95% CI [0.62, 0.85]
Gemini 3.8 Flash Long 0.63, 95% CI [0.46, 0.81] 0.76, 95% CI [0.64, 0.88] 0.71, 95% CI [0.58, 0.82]
Gemini 3.8 Flash short 0.70, 95% CI [0.53, 0.87] 0.79, 95% CI [0.66, 0.91] 0.78, 95% CI [0.66, 0.88]

Grok 4.6 Long 0.77, 95% CI [0.61, 0.92] 0.83, 95% CI [0.71, 0.95] 0.69, 95% CI [0.56, 0.80]
Grok 4.6 short 0.77, 95% CI [0.61, 0.92] 0.84, 95% CI [0.73, 0.95] 0.76, 95% CI [0.64, 0.86]

Qwen 3.8 Max Long 0.63, 95% CI [0.46, 0.81] 0.77, 95% CI [0.66, 0.89] 0.83, 95% CI [0.72, 0.92]
Qwen 3.8 Max short 0.77, 95% CI [0.61, 0.92] 0.84, 95% CI [0.72, 0.95] 0.83, 95% CI [0.71, 0.93]
DeepSeek-R1 Long 0.23, 95% CI [0.08, 0.39] 0.27, 95% CI [0.11, 0.42] 0.21, 95% CI [0.07, 0.34]
DeepSeek-R1 short 0.13, 95% CI [0.01, 0.26] 0.21, 95% CI [0.08, 0.34] 0.18, 95% CI [0.06, 0.31]

Llama 3.2 Long 0.57, 95% CI [0.39, 0.75] 0.64, 95% CI [0.49, 0.80] 0.52, 95% CI [0.36, 0.66]
Llama 3.2 short 0.70, 95% CI [0.53, 0.87] 0.77, 95% CI [0.63, 0.90] 0.65, 95% CI [0.51, 0.77]

MedGemma 1.5 Long 0.73, 95% CI [0.57, 0.89] 0.81, 95% CI [0.69, 0.93] 0.62, 95% CI [0.49, 0.75]
MedGemma 1.5 short 0.60, 95% CI [0.42, 0.78] 0.71, 95% CI [0.57, 0.85] 0.60, 95% CI [0.46, 0.73]

Granite 4.1 Long 0.60, 95% CI [0.42, 0.78] 0.68, 95% CI [0.53, 0.83] 0.52, 95% CI [0.37, 0.66]
Granite 4.1 short 0.63, 95% CI [0.46, 0.81] 0.71, 95% CI [0.56, 0.86] 0.59, 95% CI [0.44, 0.73]

Qwen3 Long 0.43, 95% CI [0.25, 0.61] 0.48, 95% CI [0.31, 0.65] 0.37, 95% CI [0.22, 0.52]
Qwen3 short 0.47, 95% CI [0.29, 0.65] 0.59, 95% CI [0.44, 0.75] 0.48, 95% CI [0.34, 0.63]

Table A3. Performance of LLMs on the 30 clinical cases from the TREC CDS 2015 dataset, measured 
using Top-1 accuracy and MRR with corresponding 95% confidence intervals (CIs). DDC is not 
reported because reference differential diagnoses were unavailable for this dataset.

LLM Model Case Type Top-1 MRR

Claude Fable 5.1 Long 0.90, 95% CI [0.79, 1.00] 0.94, 95% CI [0.86, 1.00]
Claude Fable 5.1 short 0.83, 95% CI [0.70, 0.97] 0.88, 95% CI [0.78, 0.98]

GPT-6 Astra Long 0.90, 95% CI [0.79, 1.00] 0.93, 95% CI [0.86, 1.00]
GPT-6 Astra short 0.80, 95% CI [0.65, 0.95] 0.86, 95% CI [0.76, 0.96]

DeepSeek V4 Pro Long 0.87, 95% CI [0.74, 0.99] 0.90, 95% CI [0.82, 1.00]
DeepSeek V4 Pro short 0.80, 95% CI [0.65, 0.95] 0.85, 95% CI [0.74, 0.96]
Gemini 3.8 Flash Long 0.87, 95% CI [0.74, 0.99] 0.91, 95% CI [0.82, 1.00]
Gemini 3.8 Flash short 0.80, 95% CI [0.65, 0.95] 0.87, 95% CI [0.76, 0.97]

Grok 4.6 Long 0.87, 95% CI [0.74, 0.99] 0.91, 95% CI [0.86, 1.00]
Grok 4.6 short 0.80, 95% CI [0.65, 0.95] 0.85, 95% CI [0.76, 0.97]

Qwen 3.8 Max Long 0.90, 95% CI [0.79, 1.00] 0.93, 95% CI [0.84, 1.00]
Qwen 3.8 Max short 0.83, 95% CI [0.70, 0.97] 0.89, 95% CI [0.80, 0.98]
DeepSeek-R1 Long 0.10, 95% CI [0.00, 0.21] 0.13, 95% CI [0.02, 0.24]
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Table A3. Cont.

LLM Model Case Type Top-1 MRR

DeepSeek-R1 short 0.23, 95% CI [0.08, 0.39] 0.26, 95% CI [0.11, 0.41]
Llama 3.2 Long 0.43, 95% CI [0.25, 0.61] 0.52, 95% CI [0.37, 0.68]
Llama 3.2 short 0.67, 95% CI [0.50, 0.84] 0.71, 95% CI [0.56, 0.87]

MedGemma 1.5 Long 0.47, 95% CI [0.29, 0.65] 0.59, 95% CI [0.45, 0.74]
MedGemma 1.5 short 0.60, 95% CI [0.42, 0.78] 0.68, 95% CI [0.53, 0.83]

Granite 4.1 Long 0.40, 95% CI [0.22, 0.58] 0.53, 95% CI [0.38, 0.68]
Granite 4.1 short 0.53, 95% CI [0.35, 0.71] 0.64, 95% CI [0.49, 0.79]

Qwen3 Long 0.27, 95% CI [0.11, 0.43] 0.33, 95% CI [0.17, 0.48]
Qwen3 short 0.40, 95% CI [0.22, 0.58] 0.44, 95% CI [0.27, 0.61]

Appendix A.3 
As described in Section 3.1, the clinical cases used in this work are drawn from the 

TREC CDS track and serve as queries representing clinicians’ information needs when 
searching for relevant medical literature. Based on the underlying information needs, the 
cases are classified into three types: diagnosis, test, and treatment. In this section, we report 
the effectiveness of the evaluated LLMs across these three case types. Tables A4 and A5 
present the results for the 2014 and 2015 datasets, respectively.

Table A4. Performance of LLMs on the 30 clinical cases from the TREC CDS 2014 dataset, measured 
using Top-k accuracy, MRR, and DDC. The results are categorized by clinical case type.

LLM Model Case 
Type Top-1 Top-3 Top-5 Top-

Max MRR DCC

Claude Fable 5.1 Diagnosis 0.80 0.90 1.00 1.00 0.87 0.76
Claude Fable 5.1 Test 0.50 0.80 0.90 1.00 0.68 0.68
Claude Fable 5.1 Treatment 0.60 1.00 1.00 1.00 0.77 1.00 1 

GPT-6 Astra Diagnosis 0.70 0.90 0.90 1.00 0.82 0.74
GPT-6 Astra Test 0.80 0.80 0.80 0.80 0.80 0.49
GPT-6 Astra Treatment 0.60 0.90 1.00 1.00 0.76 1.00

DeepSeek V4 Pro Diagnosis 0.90 0.90 1.00 1.00 0.92 0.76
DeepSeek V4 Pro Test 0.50 0.90 0.90 0.90 0.68 0.48
DeepSeek V4 Pro Treatment 0.80 1.00 1.00 1.00 0.88 1.00
Gemini 3.8 Flash Diagnosis 0.80 0.90 1.00 1.00 0.87 0.62
Gemini 3.8 Flash Test 0.50 0.80 0.80 0.80 0.63 0.48
Gemini 3.8 Flash Treatment 0.60 0.90 1.00 1.00 0.78 1.00

Grok 4.6 Diagnosis 0.90 0.90 0.90 0.90 0.90 0.60
Grok 4.6 Test 0.60 0.70 0.90 0.90 0.70 0.44
Grok 4.6 Treatment 0.80 1.00 1.00 1.00 0.88 1.00

Qwen 3.8 Max Diagnosis 0.70 0.90 0.90 1.00 0.80 0.78
Qwen 3.8 Max Test 0.50 0.90 0.90 0.90 0.68 0.67
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Table A4. Cont.

LLM Model Case 
Type Top-1 Top-3 Top-5 Top-

Max MRR DCC

Qwen 3.8 Max Treatment 0.70 1.00 1.00 1.00 0.83 1.00
DeepSeek-R1 Diagnosis 0.20 0.30 0.30 0.30 0.25 0.10
DeepSeek-R1 Test 0.10 0.10 0.10 0.10 0.10 0.02
DeepSeek-R1 Treatment 0.40 0.50 0.50 0.50 0.45 0.50

Llama 3.2 Diagnosis 0.30 0.50 0.70 0.70 0.45 0.34
Llama 3.2 Test 0.60 0.70 0.70 0.70 0.63 0.30
Llama 3.2 Treatment 0.80 0.90 0.90 0.90 0.85 0.90

MedGemma 1.5 Diagnosis 0.80 0.90 0.90 0.90 0.85 0.51
MedGemma 1.5 Test 0.60 0.90 0.90 0.90 0.73 0.45
MedGemma 1.5 Treatment 0.80 0.90 0.90 0.90 0.85 0.90

Granite 4.1 Diagnosis 0.60 0.80 0.90 0.90 0.72 0.37
Granite 4.1 Test 0.50 0.60 0.60 0.60 0.53 0.27
Granite 4.1 Treatment 0.70 0.90 0.90 0.90 0.78 0.90

Qwen3 Diagnosis 0.50 0.60 0.60 0.60 0.55 0.16
Qwen3 Test 0.30 0.30 0.40 0.40 0.33 0.26
Qwen3 Treatment 0.50 0.60 0.70 0.70 0.58 0.70

1  The clinical cases under “Treatment” category have a single diagnosis on their physician-provided 
differential diagnoses.

Table A5. Performance of LLMs on the 30 clinical cases from the TREC CDS 2015 dataset, measured 
using Top-k accuracy and MRR. The results are categorized by clinical case type.

LLM Model Case Type Top-1 Top-3 Top-5 Top-Max MRR

Claude Fable 5.1 Diagnosis 0.80 0.90 0.90 1.00 0.86
Claude Fable 5.1 Test 0.90 1.00 1.00 1.00 0.95
Claude Fable 5.1 Treatment 1.00 1.00 1.00 1.00 1.00

GPT-6 Astra Diagnosis 0.80 0.90 0.90 0.90 0.85
GPT-6 Astra Test 0.90 1.00 1.00 1.00 0.95
GPT-6 Astra Treatment 1.00 1.00 1.00 1.00 1.00

DeepSeek V4 Pro Diagnosis 0.70 0.80 0.90 0.90 0.775
DeepSeek V4 Pro Test 0.90 1.00 1.00 1.00 0.95
DeepSeek V4 Pro Treatment 1.00 1.00 1.00 1.00 1.00
Gemini 3.8 Flash Diagnosis 0.70 0.90 0.90 0.90 0.78
Gemini 3.8 Flash Test 0.90 1.00 1.00 1.00 0.95
Gemini 3.8 Flash Treatment 1.00 1.00 1.00 1.00 1.00

Grok 4.6 Diagnosis 0.70 0.90 0.90 0.90 0.80
Grok 4.6 Test 0.90 0.90 1.00 1.00 0.92
Grok 4.6 Treatment 1.00 1.00 1.00 1.00 1.00

Qwen 3.8 Max Diagnosis 0.80 0.90 0.90 0.90 0.85
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Table A5. Cont.

LLM Model Case Type Top-1 Top-3 Top-5 Top-Max MRR

Qwen 3.8 Max Test 0.90 0.90 1.00 1.00 0.93
Qwen 3.8 Max Treatment 1.00 1.00 1.00 1.00 1.00
DeepSeek-R1 Diagnosis 0.00 0.20 0.20 0.20 0.08
DeepSeek-R1 Test 0.00 0.00 0.00 0.00 0.00
DeepSeek-R1 Treatment 0.30 0.30 0.30 0.30 0.30

Llama 3.2 Diagnosis 0.30 0.40 0.40 0.50 0.35
Llama 3.2 Test 0.40 0.40 0.60 0.70 0.46
Llama 3.2 Treatment 0.60 0.90 1.00 1.00 0.76

MedGemma 1.5 Diagnosis 0.40 0.60 0.70 0.70 0.49
MedGemma 1.5 Test 0.40 0.70 0.70 0.90 0.57
MedGemma 1.5 Treatment 0.60 0.80 0.90 1.00 0.72

Granite 4.1 Diagnosis 0.40 0.50 0.60 0.60 0.47
Granite 4.1 Test 0.20 0.60 0.70 0.70 0.41
Granite 4.1 Treatment 0.60 0.90 0.90 0.90 0.72

Qwen3 Diagnosis 0.30 0.40 0.50 0.50 0.38
Qwen3 Test 0.20 0.30 0.40 0.40 0.26
Qwen3 Treatment 0.30 0.40 0.40 0.40 0.35
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