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Differential diagnosis is crucial for medicine as it helps healthcare providers systematically distinguish _ _ _ .
N o . Hematologic/Coagulation Disorders | Table 1: Comparative Accuracy and Mismatch Analysis of 300 predictions
between conditions that share similar symptoms*=. - | | . | | | Evaluation Agreement  Disagreement Alignment Percentage (%)  Variance Percentage
' ‘ ease assess the accuracy of our predicted diagnosis in comparison to the true diagnosis.
This study assesses the impact of lab test results on differential diagnoses (DDx) made by large language Aukeimmine.Bisonesss | !Consider whether the prediction matches the true diagnosis directly, represents a variant or specific form of the true diagnosis, or is (%)
| broadly correct but not exact. GPT-4 vs Clinician (First Scenario)
models (LLM:s). M ke SR EOER For the given diagnoses: Predicted diagnosis: [ ], True diagnosis: [ ] Claude 45 15 75 00 25 00
- B Evaluate the match according to the following criteria: GPT-3.5 43 17 71 .67 28.33
Clinical vignettes from 50 case reports from PubMed Central were created incorporating patient Taxlnlogles) Gontiiian=1 Exact Match: The predicted diagnosis is exactly the same as the true diagnosis - - | . ' '
Relevant: The predicted diagnosis is a variant, form, closely related or refer to the same condition with slight variations in wording or GPT4 44 16 73.33 26.67
demographics, symptoms, and lab results. Urological Conditions 1 captures the broad category or concept of the true diagnosis or broadly aligns with the true disease category but differs in specifics LLaMa?2 40 20 66.67 33.33
Incorrect: The predicted diagnosis does not accurately reflect the true diagnosis Mixtral 44 16 73.33 26.67
Five LLMs—GPT-4, GPT-3.5, Llama-2-70b, Claude-2, and Mixtral-8x7B—were tested to generate Top Renal Conditions - Please select the most a.pprop.riate option: [E)fact Match/Relevant/Incorrect] | ' '
Provide your evaluation in the following JSON format:\n\n{\"evaluation\": \"Choose from: Exact Match, Relevant, Average 72 28
10, Top 5, and Top 1 DDx with and without lab data. A comprehensive evaluation involving GPT-4, a Gastrointestinal and Hepatic Conditions Incorrect\",\"predicted_diagnosis\": \"[Your Predicted Diagnosis Here]\",\"true_diagnosis\": \"[Actual Diagnosis Here]\"} GPT-4 vs BKG (Second Scenario)
knowledge graph, and clinicians was conducted Claude 59 21 02.00 59.00
g g p ) . Neurological Disorders A GPT-35 52 8 8667 1333
Infectious Diseases A [ \ GPT-4 47 13 76.33 21.67
— ’ — Disbetic Neph ] LLaMa2 34 26 56.67 43.33
_ , or the given diagnoses:Predicted diagnosis: [Diabetic Nephropathy], .
AEmARAgPReogIe True diagnosis: [diabetic nephropathy with near-nephrotic range proteinuria] Mixtral 41 19 68.33 31.67
M et h Od S Average 71 29
R IRRE R 3 K Clinician vs BKG (Third Scenario)
B i Claude 48 12 80.00 20.00
Clinical case reports for this assessment were obtained from the PMC-Patients dataset. From 50 selected 2 ) GPT-3.5 49 11 8167 18.33
case reports, we manually generated clinical vignettes that included details such as patient age, gender, 5 : ; r 1 s = o . GPT-4 Predicti GPT-4 99 0 91.67 8.33
Number of Diseases " . e e . . NG s : patichon i . v ey ' S LLaMa2 44 16 73.33 26.67
symptoms, laboratory test results, and other relevant information, allowing the models to generate _ o _ _ _ o _ _ _ _ _ {\"evaluation\": \"Relevant\" \"predicted_diagnosis\": \ Dlat?etlc Nephropgthy} \"true_diagnosis\": \"diabetic nephropathy with near- Mixtral 51 9 85 00 15.00
_ o _ Figure 2. Distribution of diseases across medical categories in differential diagnosis evaluation. nephrotic range proteinuria\"} - -
differential diagnosis responses. Average 82.33 17.66
Clinician vs BKG-GPT(Fourth Scenario)
A specific prompt was designed to instruct the models to consider all relevant details and provide Resu ItS . / Claude 50 10 83 33 16.67
differential diagnoses, including Top 1, Top 5, and Top 10 DDx lists. Model predictions were reviewed Claude-2 GPT-35 oPT-4 Figure 3: Example of automatic evaluation differential diagnosis from LLMs using GPT-4 GPT-3.5 52 8 86.67 13.33
L . : A o u . GPT-4 o6 4 93.33 6.67
by clinicians and automatically evaluated using a knowledge graph and GPT-4, utilizing exact match, » — | DISCUSSIOn LLaMa2 48 12 30.00 20.00
relevance, and incorrect predictions. 0 Mixtral 52 8 86.67 13.33
e d uated 4] f ] | This study evaluated the impact of lab test results on the accuracy of differential diagnoses using five LLMs with published Average 86 14
The diagnostic accuracy was evaluated using exact and lenient accuracy metrics for Top 1, Top 5, an 06 » _ _ _ Through the evaluation of five LLMs (GPT-4, GPT-3.5, Llama-2, Claude2, and Mixtral-8x7B) on the clinical case reports
Giff g : ). d y | | 0 and without lab clinical case reports. GPT-4 achieved the highest performance, with Top 1 accuracy of 55% (95% CI 0.41-0.69) and Top 10 J ( ) P
Top 10 differential diagnoses (DDx), derived from clinical vignettes with and without laboratory test v Il g . o Lab Test _ _ _ _ _ _ from PMC-Patients dataset, the study reports that the accuracy of differential diagnoses improves substantially when lab
0'5 eai S //’/k ) V:tshlb accuracy of 60% (0.46-0.74) when incorporating lab data with lenient accuracy reaching 79% (0.68—0.90). Holm-adjusted p- Y TeP y J P y
data. 5 - ¥ « o WithoutLab o - L _ _ _ _ _ test results are included, underscoring their critical role in accurate medical diagnosis. The inclusion of lab test results
E . . N values were all below 0.05, confirming statistically significant improvements with lab data with GPT-4 and Mixtral excelling,
3 Hama el R & & significantly enhances the accuracy and lenient accuracy of differential diagnosis predictions made by large language
BMC.Pati <08 ) Aceuracy- Type though exact match rates were low. J 4 y y J P y e Juag
-Patients T isaites > S A i .. : .- : : : i
Clinical Report e neees | s | models, especially in improving the exact match predictions. Lab data, such as liver function tests, toxicology/metabolic
. . . . LT ---+ Lenient.Accuracy
Including Lab test result Differential Diagnosis(DDX) Prompt 0.7 — | d loav/i Iy i d | hanci H dels' abill |
| Specifically mentioning a case with age The PubMed search highlights the rarity of the majority of the diagnoses, as 70% of them are reported in fewer than 100 panels, and serology/immune tests, were generally interpreted correctly, enhancing the models’ ability to generate relevant
' - < Imagine you are a Medical Professional 0.6 _ ] . o ) diaanoses
l tasked with providing a comprehensive and articles. Since these are such rare conditions, LLMs must possess specific knowledge of these diseases to make accurate g '
o0 Case Reports accurate differential diagnosis for a patient E— | _ _ o
presenting with following case report. Large Language Models 05 e —— diagnosis predictions.
4 ) i
Case Vignettes Generation Please consider the patient's Age, Gender, G%PTT?S 1 Refe re n Ces
- e —p S : N o Q N o QO - - . . . . .
Extraction from the clinical Yo len s anciE B oAt Llama2-70B & & & & & & Table 3. Disease Incidence Distribution Based on PubMed Literature Review for 50 Case Reports
case presentation section Report and any pertinent details to formulate Mixtral 8x7B-Chat St
yourresponse. Claude-2 : : : : o 1. Kanjee, Z., Crowe, B. & Rodman, A. Accuracy of a Generative Artificial Intelligence Model in a Complex Diagnostic
{Age: } - s J Figure 4. Effect of Lab Tests on Accuracy and Lenient Accuracy Across Scenarios. Disease incidence range Number of cases . Y ) P )
{Sex: } {Age: } 1-10 29 Challenge. JAMA 330, 78-80 (2023).
{Symptoms: } {Sex: } _ _ _ _ _ o _ _
{Case description: } Egympg’msi} - GPT-4 consistently showed the highest performance in generating differential diagnoses across various scenarios, 11-100 13 2. Berg, H. T. et al. ChatGPT and Generating a Differential Diagnosis Early in an Emergency Department Presentation. Annals of
{Lab tests: } ase aescription: . . ] ) . . ) . .
{Lab tests: } particularly excelling in lenient accuracy. Mixtral followed closely, especially in the Top 5 and Top 10 lists, while GPT-3.5 101-1000 10 Emergency Medicine 83, 83-86 (2024).
stood out for its high lenient accuracy in the Top 5 diagnoses. Claude-2 slightly outperformed LLaMa-2, particularly in 1001-10000 1
( PaRss Sciuston \ exact match rates and lenient accuracy across different differential diagnosis lists >10000 4
| 300 DDXx :
(£ Metrics N a ' 3 Clinicians - \ 4 AC k n OWI ed gl I l e n tS
Eéif;xf‘fh Eometicl Knog,',eﬁge S Do) Diagnosis Prediction Table 2. Top-k prediction accuracy comparison from Paired T-test and Holm’s method evaluating the impact of lab test data
Top 10 DDX
Incorrect E < BKG-GPT . ) 8
--------- N J T?f)’pSDDD[Z(X Top-k Prediction Comparison P-value Adjusted P-value This work was supported by the AHRQ grant R21HS029969 (P1: ZH). QJ and ZL were supported by the NIH Intramural Research
L Lenf;‘;lct”;igzracy P Full set Evaluation Top 1 with lab test data vs without lab test data 0.023 0.0483 Program, National Library of Medicine.
4 BKG.GPT Top 5 with lab test data vs without lab test data 0.016 0.0483
1500 DDXx Top 10 with lab test data vs without lab test data 0.018 0.0483

All adjusted p-values using Holm’s method are below 0.05, indicating statistically significant differences between models with

Figure 1. Study pipeline for evaluating large language models (LLMs) in and without lab data, even after correction for multiple comparisons.

differential diagnosis (DDX) generation.




