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ABSTRACT

BACKGROUND: Modern large language models show potential for application in radiological diagnostics across a wide range
of routine tasks.

AIM: The work aimed to conduct a scoping review of the application of large language models in radiological diagnostics
by analyzing possible use-case scenarios and assessing the methodological quality of relevant studies.

METHODS: Two search strategies were employed: a primary search (PubMed and eLibrary) targeting full-text publications
with well-developed methodology, and a supplementary search (PubMed) aimed at broader coverage of large language model
use cases in radiological diagnostics during 2023-2025. Extracted data included bibliometric characteristics, study objectives,
use-case scenarios of large language models, nosological profiles, key methodological parameters, and both quantitative
and qualitative indicators of diagnostic performance—for both the models and the specialists involved, including their number
and experience. The quality was assessed using the modified QUADAS-CAD questionnaire.

RESULTS: The primary search yielded 9 studies for analysis; the supplementary search yielded 216. A total of 9 major use-
case scenarios for large language models in radiology were identified. The most common among them was the rephrasing
of radiology reports in order to improve their accessibility for patient understanding. Models predominantly used were GPT-4
and BERT, along with GPT-3.5, Llama 2, Med42, GPT-4V, and Gemini Pro. The large language model GPT-4 demonstrated high
diagnostic accuracy in identifying brain tumors (73.0%), myocarditis (83.0%), and in making decisions on invasive procedures
for acute coronary syndrome (86.0%). In turn, it demonstrated low diagnostic accuracy for nervous system disorders of various
etiologies (50.0%) and for musculoskeletal diseases (43.0%). The BERT model exhibited high diagnostic accuracy in detecting
pulmonary nodules (99.0%) and signs of intracranial hemorrhage (sensitivity and specificity: 97.0% and 90.0%, respectively),
as well as in report classification (accuracy: 84.3%).

Most articles (88.9%) carried a high risk of bias. The main reasons for this included small and imbalanced sample sizes, overlap
between training and test datasets, and insufficiently precise preparation and description of reference standards.
CONCLUSION: The diagnostic performance of large language models varies significantly across articles. Their clinical
implementation requires standardized, methodologically robust research, including larger and more balanced samples,
optimization of the structure and volume of datasets, separation of training and testing samples, thorough preparation
and description of reference standards, as well as the accumulation of empirical data for specific radiological tasks.
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AHHOTALLUA

06o0cHoBaHue. CoBpeMeHHbIe 6osbluKe A3bIKOBbIE MOAENM 06/1aal0T NOTEHLMANOM UCMOMb30BaHUA B IY4EBON AMArHOCTUKE
LNA PELLeHNs LUMPOKOro CNEKTPa PYTUHHbIX 334au.

Lenb nccneposanus. lposectn 0630p NpeaMeTHOrO Noas NPUMEHEHUS BONbLUMX A3LIKOBLIX MOJENEN B Ny4eBOM AMarHo-
CTUKE C aHaNM30M BO3MOHBIX CLIEHApUeB MX MCMOJb30BaHMsA W OLLEHKOW KayecTBa MeTOA0/10rMM COOTBETCTBYIOLLMX UCCTie-
A0BaHUIA.

Metoabl. [poBenu ABa BapuaHTa noucka — nepeuyHbIi (PubMed u eLibrary), opueHTUpOBaHHLIN Ha BbIABNEHWUE MOSTHOTEK-
CTOBbIX NY6/IMKaLMIA C MaKcUManbHO NpopaboTaHHO MeTo400rUeER, U fLonoNHUTENbHLIA (PubMed), HanpaBneHHbIN Ha LWKMpPo-
Kuii 0XBaT CLieHapueB NpUMeHeHUA BOMbLLMX A3bIKOBLIX MOfeNeii B Iy4eBoil AuarHocTuke 3a nepuog 2023-2025 rr. Ussne-
Kanu bubnunoMeTtpuyeckue aaHHble, hopMyNMPOBKY MCC/e0BaTeNIbCKOM 334K, CLIeHapUin NpUMeHEHUs BOMbLLINX A3LIKOBbIX
Mozenen, Ho3010rMYeCKUiA NPOdUb, KITKOYEBbIE METOLONIOMMYECKME NapaMeTphbl, @ TaKXKe KONIMYECTBEHHbIE U Ka4eCTBEHHbIE
MoKa3saTenu AuarHocTU4eckon aQMeKTUBHOCTY KaK MoJienen, TaK W y4acTBYHLUMX CMIELMANMCTOB, BKITIOYas UX YUCIIO U OMbIT.
KauecTBo nccnenoBaHuMin oLeHMBaM ¢ MCNoNb30BaHWEM MoauduumposaHHoro onpocHuka QUADAS-CAD.

Pesynbrartbl. [py nepBuyHOM noucKe Ans aHanusa otobpaHo 9 nybnukaumii, npu fononHutensHoM — 216. HangeHo 9 oc-
HOBHbIX CLieHapueB MpUMeHeHWs BOMbLIMX A3LIKOBLIX Mofenei B ny4yeBoW AuarHocTuke. Haubonee pacnpocTpaHéHHbIMM
U3 HUX BbiNo nepedopMynMPOBaHUE PEHTTEHONOMMYECKUX 3aKJIIOYEHMI C LIeNbI0 MOBBILLEHNUS WX GOCTYMHOCTM BOCMPUATUA
naumeHTamu. lpenmMyLecTBeHHO cnonb3osanu Moaenu GPT-4 u BERT, a takke GPT-3.5, Llama 2, Med42, GPT-4V 1 Gemini
Pro. bonblias asbikoBas Mopenb GPT-4 npoaeMoHCTpMpoBana BbICOKYH TOYHOCTb MpU AMArHOCTUKE OMyxonei rofoBHO-
ro mosra (73,0%), mmokapautoB (83,0%), a Take B Clyyae NPUHATUA PELLEHUI A O NPOBELEHUM WHBA3WBHOM NpoLeAypbl
Nnpu OCTPOM KOpoHapHoM cuHapoMe (86,0%). B cBoto ouepesb, OHa MPOAEMOHCTPUPOBANA HU3KYID AMarHOCTUYECKYID TOY-
HOCTb B OTHOLLEHWM NaTOJIOrMiA HEPBHOW cucTeMbl pasnindHon atnonorun (50,0%) m 3aboneBaHnin onopHo-ABUraTeNlbHOM
cuctembl (43,0%). Mogens BERT nokasana BbICOKYH AMarHOCTUYECKYH TOYHOCTb B 3afadvax AEeTEeKUMM NEFOYHBIX Y3eSIKOB
(99,0%) n npu3HaKoB BHYTPUYEPEMHOrO KPOBOM3NUSAHMA (YyBCTBUTENBHOCTL M cneumduyHocte — 97,0 n 90,0% cootseT-
CTBEHHO), a TaKKe NPy KnaccupuKaLmy 3akoyeHnin (TouHocTb 84,3%).

BonbwmHcTBO pabor (88,9%) conepiat BEpOATHOCTb CUCTEMATMHECKOM OLUMOKW. OCHOBHBIE NPUUMHBI 3TOT0: MaNeHbKUIA 00b-
€M U HecbanaHcMpOBaHHOCTL BhIBOPOK, NepeceyeHre 0byyaoLLmMX M TeCTOBbIX HABOPOB AaHHbIX, HELOCTATOYHO aKKypaTHas
MoAroToBKa W onucaHue pedepeHcHbIX CTaHAapToB.

3akuitoyeHue. [loKasaTenu OUArHOCTUYECKOM TOYHOCTW BOMbLUMX A3bIKOBLIX MOAENEN CUIbHO BapbUpYOT MeX/y pasHbiMu
uccneoBaHuAMK. [Ins x BHEAPEHUS B KIIMHUYECKYH NPaKTUKY HeobxoamMMo NpoBefieHne CTaHAapTM3MPOBaHHbBIX U METOA0-
NIOTMYECKM KaYeCTBEHHBIX MCCNe0BaHMIA, BKIKOYAIOLLMX YBeNUYeHWe 06bEMa M cbanaHcUpoBaHHOCTM BbIBOPOK, ONTUMU3a-
LMK CTPYKTYpbl M 06bEMa HabopOB [aHHbIX, POPMUPOBAHME HENEPEKPLIBAIOLLMXCA 0Oy4aloOLLMX W TECTOBbLIX BbIOOPOK, TLLa-
TeNIbHYI0 NOArOTOBKY U onucaHue pedepeHCHbIX CTaHAAPTOB, a TaKXKEe HaKOMIEHWe IMMMUPUYECKUX AaHHbLIX MO OTAENbHbIM
3ajiayaM Jy4eBon AMarHOCTUKY.

KnioyeBble cnoBa: MCKYCCTBEHHBIN MHTENNEKT; 6oNbLLMe A3BIKOBbIE MOAENW; Ny4eBas AUArHOCTUKA; PEHTIEHONOrMYeCKUIA
MPOTOKOJT; cUCTeMaTUYecKuid 063op.
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BACKGROUND

Large language models (LLMs) are artificial intelligence
(Al) models that use deep learning technologies to process
natural language, generate and interpret texts. Although
the first language models were developed several decades
ago, significant progress was only achieved with the release
of the architecture of Transformers architecture in 2018. This
architecture uses large amounts of text data to train models
and forms the basis for current LLMs [1-3].

Recently, there has been an increasing focus on using
LLMs in radiological diagnostics. Current models demonstrate
a high level of training and successfully pass assessment
tests in radiological diagnostics, providing answers with
accuracy comparable to, and sometimes exceeding, that
of radiologists [1, 2]. LLMs can assist

radiologists by generating structured radiology reports,
interpreting and using unstructured diagnostic scan protocols,
and identifying clinically significant changes [3, 4].

However, the practical application of LLMs in radiological
diagnostics and their accuracy and reproducibility rates for
various clinical cases have not been thoroughly evaluated.

AM

The work aimed to conduct a scoping review
of the application of LLMs in radiological diagnostics by
evaluating possible use-case scenarios and assessing
the methodological quality of relevant studies.

METHODS

This paper was prepared in accordance with the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews (PRISMA-ScR) guidelines [5].

Search Strategy

The primary search [6] was performed using two search
engines: PubMed and eLibrary. The publication search
spanned 2023-2025.

The following search query was used in PubMed:
(((Large language models) OR (LLM)) OR (Natural language
processing)) AND (Radiology).

The following filter options were selected to identify
the most robust evidence: Free Full Text, Full Text, Classical
Article, Clinical Study, Comparative Study, Controlled Clinical
Trial, Multicenter Study.

The following keywords were used in the eLibrary search
query: bosbLuue a3viKogeie Modenu (large language models),
peHmeeHonozus (radiology).

Additionally, a manual search was performed using
the reference lists of the selected publications and two
reviews [3, 4].

The search strategy involved two steps.

» First, we analyzed the titles and abstracts of all the
publications that were found using the above search
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queries. Articles that met the objectives of this paper

were selected for further analysis. We excluded study

protocols, plans, and publications about the use of LLMs
in radiology examination questions, and publications that

did not describe the diagnostic performance of models.
 Second, we analyzed the full texts and their availability

from the pool of selected papers and then compiled

a sample for the primary analysis.

A supplementary PubMed search was conducted
without restrictions on text availability: (((Large language
models) OR (LLM)) OR (Natural language processing)) AND
(Radiology) NOT review[pt] NOT letter[pt] NOT editorial[pt]
NOT comment|pt].

The publication search spanned 2023-2025. The last
search was performed on May 26, 2025

and included only publications with English abstracts
in peer-reviewed journals. Exclusion criteria:

« Articles that were not original papers

« Articles not related to generative Al

 Articles that did not address the practical application
of LLMs in radiological diagnostics, including publications
on model performance in answering medical assessment
questions.

Eight experts selected the papers. Two experts further
assessed the final list of included publications. The experts
were researchers with more than 10 years of experience
in medical informatics.

Information Extraction and Paper Quality
Assessment

The following characteristics were extracted from the full
texts of the selected articles:

+ Bibliometric data such as the first author, title of
publication, year of publication, DOI, journal and its
impact factor, and country of study origin;

+ The aim of the study, the type of target condition, the
study area, and the main characteristics of the study (e.g.,
sample size, study design, external validation, and type
of LLMs used);

« Diagnostic performance metrics of models (sensitivity,
specificity, accuracy);

« Comparative diagnostic performance of Al models versus
medical professionals;

« Number of radiologists and their qualifications;

+ Information about conflicts of interest.

The quality of the selected publications was assessed
using a Quality Assessment of Diagnostic Accuracy Studies
Computer-Aided Detection (QUADAS-CAD) tool, which was
developed for studies using Al [7].

The following data was extracted to generate
supplementary search results:

« Bibliometric data

 Aims and methodology of papers

« Radiology modality

« Target condition
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» Type of LLM
 Characteristics of study populations
 Study design
» Number of radiologists and their experience
« Type of reference standard
» Type of data for LLM
 General conclusion of the study.
Quality for supplementary search results was not
assessed.

RESULTS

Primary Search Results
Fig. 1 shows the results of the primary systematic search.

Key characteristics of articles

Tables 1-3 summarize key characteristics of the selected
publications and related studies.

Three studies [8—10] used radiology reports, and one
of these studies used both text reports and images [8]. One
study focused on neuroradiology and the diagnosis of brain
tumors [9], another evaluated musculoskeletal diseases [8],
and the third evaluated myocarditis [10].

Two studies detected findings in radiology reports [11, 12].
Of these, one study focused on diagnosing lung cancer by
detecting pulmonary nodules [11], and the other evaluated
signs of intracranial hemorrhage [12].

One study evaluated the performance of LLMs
in answering clinical questions using text data and images [13].
Additionally, the analysis included various target conditions,
but the publication did not provide data on their distribution.

One study used text data from medical records
to diagnose nervous system diseases and identify clinically
significant changes based on radiological findings [14]. One

Vol. 6 (2) 2025
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study categorized head computed tomography (CT) reports by
their importance [15].

One study evaluated the feasibility of using clinical data
and CT protocol findings to make decisions on invasive
procedures in patients with acute coronary syndrome [16].

The review included publications describing five
multicenter studies [9, 10, 12-14] and four single-center
studies [8, 11, 15, 16]. No studies with external validation
were identified. Of the nine studies above, only one was
prospective [16], and the other eight were retrospective.

Three studies used large sample sizes:

« 101,703 CT reports [11]
» 34,188 brain CT reports [12]

3738 head CT reports [15].

Five studies used relatively small samples (86—
396 cases) [8-10, 14, 16]. One study did not specify
the sample size [13]. Four publications described
demographic characteristics [9-11, 16], but most of them
were not balanced, except for one study [11]. Seven studies
characterized the distribution of conditions within
the samples [8-12, 14, 15], but they were all imbalanced
in their representation of different diseases.

Two studies used MRI reports [9, 10], four used CT
reports [11, 12, 15, 16], and one used report obtained by
any available modality [8]. Two publications did not specify
the type of imaging [13, 14].

ChatGPT-based models were the most common Al
architectures, particularly GPT-4® (OpenAl, USA), which
was used in five papers [8-10, 13, 14, 16]. A BERT® model
(Google, USA) was used in three studies [11, 12, 15].

Three papers compared different LLMs [8, 12, 13]. For
example, Horiuchi et al. [8] compared the performance
of the GPT-4® model (OpenAl, USA) that processes text,
with GPT-4V, a multimodal model designed to process text

Publications identified
by the search query:
PubMed 31, eLibrary 0

'

Publications excluded after

Studies analyzed, n= 31

title and/or abstract review:
another application, 2;
do not use large language

v

models, 6; simulated

scenarios, 3; passing

Publications excluded after
full-text analysis:
No performance metrics, 5;

Publications selected
for full-text analysis, n= 17

passing the exam using
the model, 3; another
application, 2, n=10

v

Publications selected
in search engines, n=7

an exam using a model, 1;
study plan, 2; n= 14

Publications included
in the systematic review, n=9

Fig. 1. Flowchart of the primary systematic search for publications.
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Search in reference lists:
Articles selected in search
engines: 7; reviews: 2; n =2
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and imaging data. Han et al. [13] compared the performance
of four LLMs: GPT-4® and GPT-3.5® (OpenAl, USA), Llama 2@
(Meta, USA), Med42® (Hippocratic Al, USA) (the last two were
open source), and two multimodal models that process both
text and images: GPT-4V® (OpenAl, USA) and Gemini Pro
(Google DeepMind, UK). Khoruzhaya et al. [12] compared
the diagnostic performance of seven machine learning-based
models, their ensemble combinations, and the BERT® model
(Google, USA).

Four studies [8-10, 13] compared the diagnostic
performance of LLMs and radiologists.

Three papers declared conflicts of interest [10, 13, 15],
and six papers declared no conflicts of interest. The included
studies did not evaluate either the time required for clinical
implementation of LLMs or their potential cost-effectiveness.

Supplementary Search Results

Fig. 2 shows the results of the supplementary systematic
search. Supplement 1 summarizes key characteristics
of the selected publications and related studies. Most
of these studies (78 publications, or 36.1%) were conducted
in the USA, followed by Germany and Japan (23 publications
each, or 10.6%), and the People’s Republic of China
(20 publications, or 9.3%). The analysis included a total
of 216 publications from 25 countries.

The majority of the papers (185, or 85.6%) used text
information, which was the predominant type of data
in the included studies. Sixteen studies (7.4%) used medical
images, 14 (6.5%) used a combination of text and imaging
data, and 1 (0.5%) evaluated audio recordings.

CT was the most frequently used imaging modality
(80 publications, or 37.0%), followed by MRI (55 publications,
or 25.5%), and radiography (39 publications, or 36.1%). Some
studies also used findings from ultrasounds, mammograms,
positron emission tomography—computed tomography (PET/
CT), and scintigraphy.

There were nine main practical applications of LLMs
in radiological diagnostics. The most common application
involved rewording radiology reports to make them more

Publications identified
by a PubMed search query, n = 850

'

Studies analyzed, n =850

Vol. 6 (2) 2025
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accessible and understandable for patients (Table 4).
Additionally, 21 studies (9.7%) compared the performance
of different LLMs in various diagnostic applications. These
papers were included in the review because they help
determine optimal models for radiological diagnostics
applications. Note that their performance may depend
on the specific task, input data, and how well the model
is adapted to the clinical context. These studies suggest that
larger, more recent models tend to be more accurate.

A significant percentage of studies on the clinical use
of LLMs have poor methodology and result presentation.
Although several sets of recommendations are
available to standardize Al in healthcare research and
its reporting [17, 18], only 2.3% of the papers found
through a supplementary search complied with these
recommendations.

Diagnostic Accuracy of Models and Radiologists

The reviewed papers demonstrated the wide range
of target conditions and tasks that LLMs can perform
in radiological diagnostics. The diagnostic performance for
each application is discussed below.

Three studies [8-10] evaluated diagnoses based
on radiology reports. The obtained values of diagnostic
performance ranged from low to high. All three papers
evaluated the diagnostic performance of GPT-4® (OpenAl,
USA). Mitsuyama et al. [9] demonstrated that this model
performed relatively well in neuroradiology (for diagnosing
brain tumors), achieving accuracy rates of 73.0% for final
diagnosis and 94.0% for differential diagnosis involving three
possible options. Radiologists demonstrated comparably
high accuracy rates: 65.0%-79.0% and 73.0%-89.0%,
respectively. Horiuchi et al. [8] evaluated the use of GPT-4®
(OpenAl, USA) for diagnosing musculoskeletal diseases and
obtained lower accuracy rates: 43.0% for final diagnoses
and 58.0% for differential diagnoses involving three possible
options. Radiologists also demonstrated low accuracy rates:
£41.0%-53.0% and 58.0%—67.0%, respectively. The differences
in accuracy rates between the model and the radiologists

v

Publications selected
for full-text analysis, n = 402

Publications excluded after title and/or abstract analysis,
n=448

v

Publications included in the review,
n=216

Fig. 2. Flowchart of the supplementary systematic search for publications.

Studies excluded:
« Do not use large language models
« No practical application in radiological diagnostics
« Not an original study
« Answers to assessment questions
n=186
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Table 4. Applications of large language models in radiological diagnostics

Digital Diagnostics

Scenario

No. of
papers, n (%)

Positive effect

Limitations

Enhanced patient access to information and

+ Loss of accuracy and detail when simplifying

Simplifying radiology reports 76(352) reduced communication barriers complex medical information
ldentifications of abnormalities 31 (163) Early disease detection and higher diagnostic « False posfqvg and fqlse qegat|ve results
accuracy « Need for clinical verification
A differential diagnosis 277(125) Decision supportin co.mplex'cases + Risk of suggestmg_m_correctdmgnpses
and reduced time to diagnosis + Dependence on training data quality
Extraction of structured data 22(102) Accelerated anal‘y5|s of large datasets and « Emorsin automatchanr?otatlon
enhanced analytics + Need for expert validation of data
. ) Reduced report turnaround time, + Emors in complex cases and potential loss
Generation of radiology reports B 69) standardization, and increased productivity of an individualized approach
Classification of studies by data Improved accuracy of diagnostic . .
L o - + Risk of errors in non-standard cases
assessment systems (e.g., PI- [IRGR)] categorization and standardization of clinical Dependence on inout data qualit
RADS or BI-RADS) decisions P pu-Cata quatly
. . Automation of complex processing » Need for strict monitoring of the models’ operation,
Automation of data processing . . ; ) o .
: o : 6(28) of medical texts and images, improved work risk of misinterpretation because of errors
and interpretation in radiology ; o
efficiency in clinical data
. . . + Challenges with model generalizability across
Prognosis of disease outcomes 4(18) Improved treatment planning diverse populations; the need for big data
Detection of errors in radiology 3(14) Improved medical documentation » Not all errors can be detected automatically

reports

and reduced likelihood of errors

+ Risk of missing rare errors

Note. PI-RADS, Prostate Imaging Reporting and Data System; BI-RADS, Breast Imaging Reporting and Data System.

were not statistically significant (p = 0.78 and p = 0.99 for
a trainee radiologist, and p = 0.22 and p = 0.26 for a certified
radiologist; according to the chi-square test). In this study,
the multimodal GPT-4V® model (OpenAl, USA) proved
ineffective, achieving accuracy rates of 8.0% and 14.0%,
respectively. However, using GPT-4® (OpenAl, USA) as an
auxiliary tool increased radiologists’ accuracy by 3.0%—6.0%,
but the significance of this increase was not reported. Similar
use of GPT-4V® (OpenAl, USA) did not improve accuracy
in any case.

Kaya et al. [10] demonstrated high performance of GPT-
4® (OpenAl, USA) in diagnosing myocarditis. The model
achieved sensitivity, specificity, and accuracy rates of 90.0%,
78.0%, and 83.0%, respectively. These rates were comparable
to those of radiologists with one year of experience (90.0%,
84.0%, and 86.0%, respectively; p = 0.14, chi-squared test).
However, they were statistically inferior to those of more
experienced medical professionals (86.0%—85.0%, 91.0%-
96.0%, and 89.0%—-91.0%, respectively; p < 0.01).

Two studies evaluated the automatic detection
of abnormal findings in reports using the BERT® model
(Google, USA) [11, 12]. In both cases, LLMs showed high
diagnostic performance. For example, Grolleau et al. [11]
reported that the model achieved a sensitivity, specificity,
and accuracy of 98.0%, 99.0%, and 99.0%, respectively,
in pulmonary nodule detection. Similarly, Khoruzhaya
et al. [12] found that the BERT® model (Google, USA) had
a sensitivity and specificity of 97.0% and 90.0%, respectively,
for identifying signs of intracranial hemorrhage. These
values were significantly higher than those obtained from

BOI: https://doi.org/10.17816/DD678373

other machine learning techniques that were trained using
the same data. For example, the median sensitivity and
specificity were 94.0% and 78.0% for all machine learning
models using different text vectorization techniques, and
94.0% and 84.0% for ensemble machine learning models.
The differences were significant (p < 0.05, McNemar's test).
Han et al. [13] evaluated the performance of LLMs
in answering clinical questions using text and images.
However, the article did not provide more detailed information
about the content of the questions used to test the models.
The comparative analysis used four LLMs: GPT-4® and
GPT-3.5¢ (OpenAl, USA); Llama 2® (Meta, USA), and Med-
42® (Hippocratic Al, USA), and two multimodal models that
process both text and images: GPT-4V® (OpenAl, USA) and
Gemini Pro® (Google DeepMind, UK). The results showed that
GPT-4V® (OpenAl, USA) achieved accuracy rates of 73.3% and
88.7% in answering 140 and 348 questions from the Journal
of the American Medical Assaciation (JAMA) and The New
England Journal of Medicine (NEJM), respectively. These
results were significantly better than those of other models
(median accuracy rates of 53.6% and 51.4%, respectively;
p < 0.05, t-test) and radiologists (51.4% for NEJM questions).
These high accuracy rates demonstrated by GPT-4V® (OpenAl,
USA) contrast sharply with the results of Horiuchi et al. [8].
Horiuchi et al. [14] reported low accuracy rates of GPT-4®
(OpenAl, USA) in diagnosing nervous system disorders
of various etiologies based on medical records and clinically
relevant findings in radiology reports. The accuracy rates
were 50.0% and 63.0% for establishing final and differential
diagnoses, respectively. These results are significantly
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lower than those reported by Mitsuyama et al. [9].
Horiuchi et al. [14] did not find any significant differences
in model accuracy rates based on the anatomical location
of the abnormal process (brain, spinal cord, or head and
neck region; p = 0.89, Fisher exact test). However, the authors
reported significant differences in accuracy rates depending
on the type of neoplasm. Accuracy rates for establishing
final and differential diagnoses were 16.0% and 26.0%,
respectively, for central nervous system tumors, and 62.0%
and 74.0%, respectively, for tumors of other sites (p < 0.01).

Wataya et al. [15] compared the ability of various Al
models to classify the clinical importance of brain CT reports
using a special five-level scale:

« category 0: no findings

« category 1: minor findings

« category 2: routine follow-up

« category 3: careful follow-up

« category 4: examination or therapy.
Four models were compared:

« logistic regression

« bidirectional long-short-term memory (BiLSTM)

« ageneral BERT® model (Google, USA) trained using non-
medical Japanese texts from Wikipedia

» a domain-specific BERT® model (Google, USA) trained
using Japanese medical records from the University of

Tokyo Hospital database.

The paper presented multiple paired comparisons
without adjusting the significance level for the multiple
tests. Both variants of the BERT® language model
(Google, USA) demonstrated significant superiority over
logistic regression (78.7%) and the BIiLSTM model (76.5%).
The general BERT® model achieved an accuracy of 81.6%,
whereas the domain-specific BERT® model achieved an
accuracy of 84.3% (p = 0.001-0.020 for different pairwise
comparisons; Mann-Whitney U-test). Although the difference
in accuracy rates between two BERT® models (Google, USA)
did not reach significance (p = 0.06), the authors reported that
the domain-specific model performed best.

Cagnina et al. [16] evaluated the diagnostic performance
of GPT-4® (OpenAl, USA) in determining the need for invasive
procedures in patients with acute coronary syndrome, based
on clinical data and CT reports. The model demonstrated
high sensitivity and accuracy rates of 95.0% and 86.0%,
respectively, with moderate specificity of 64.0%.

Assessment of Study Methodology Quality

Table 5 presents the results of the methodological quality
assessment for the reviewed studies using a modified
QUADAS-CAD tool.

Most of the reviewed papers (88.9%) were susceptible
to risk of bias and overestimation of diagnostic performance
of LLMs (Fig. 3). The reasons were as follows.

« First, the size and composition of the samples should be

noted. A substantial percentage of the studies (66.7%)

used samples with a few cases. Additionally, the samples

Vol. 6 (2) 2025
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are often imbalanced in terms of both demographic

characteristics (88.9%) and the representation and

severity of target conditions (77.8%). One study does not
indicate which clinical conditions were used [13], which
suggests the risk of bias in domain D1 (Patient Selection).

Data selection criteria were unclear in 55.6% of the

studies because of poor reporting or complete absence

of information.

« Second, some studies (33.3%) that used open-source
data reported that the training and test samples may
overlap [8, 13, 15]. This obviously overestimates the
diagnostic performance of the relevant LLM. This is
a signal question in domain D2 (Index Test).

« Third, most studies did not justify the size of the included
datasets. Samples were typically selected at random or
based on the data availability.

« Fourth, the procedure for creating the reference standard
was not fully clear in several studies: 22.2% did not report
how the standard was obtained [8, 13], 44.4% did not
report whether a single standard was used [8, 12-14],
and 33.3% did not disclose the qualifications of the
medical professionals involved in preparing and verifying
the reference standard [8, 12, 13].

Six out of nine (66.7%) of the reviewed studies have a high
risk of a type | error, which occurs when statistically significant
differences are found between groups that do not actually
exist due to an absence of significance level adjustments
for multiple comparisons [19, 20]. None of the studies that
performed pairwise multiple comparisons [8, 10-15] made
such an adjustment.

DISCUSSION

Our two-stage search strategy (primary and
supplementary) provided both a detailed review of studies
with robust methodologies and transparent results and
a comprehensive overview of diverse LLM use case-scenarios
in radiological diagnostics.

Application of Large Language Models in
Radiological Diagnostics

Although only a few publications were selected for
the scoping review during the primary search, LLMs can
be used for various applications in radiological diagnostics.
The most common diagnostic strategy is to analyze radiology
reports, medical records, and clinically significant findings.
Additionally, the LLM was used for detecting clinically
significant findings in radiology reports, classifying reports,
making decisions about the need for invasive procedures
based on clinical data and reports, and assessing the accuracy
of answers to clinical questions. The range of diagnosed
conditions is also considerable. The reviewed studies included
diagnoses of nervous system disorders (including tumors and
intracranial hemorrhages), musculoskeletal diseases, lung
cancer, and myocarditis.
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Fig. 3. The risk of bias was assessed using a modified QUADAS-CAD
questionnaire; QUADAS-CAD, Quality Assessment of Diagnostic Accuracy
Studies-Computer-Aided Detection, a special, modified questionnaire
for assessing the risk of bias and the applicability of studies in artificial
intelligence technologies.
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This work uses predominantly two models: GPT-4©
(OpenAl, USA) and BERT® (Google, USA). Additionally,
the analysis used GPT-3.5® (OpenAl, USA), Llama 2® (Meta,
USA), and Med42® (Hippocratic Al, USA), and two multimodal
models that process both text and images: GPT-4V® (OpenAl,
USA) and Gemini Pro® (Google DeepMind, UK).

A supplementary search expanded the range of LLM
applications and estimated their frequency using a large
dataset. One of the most common applications in this case
is simplifying radiology reports to reduce communication
barriers between medical professionals and patients (for
example, by creating dedicated chathots). Applications
involving the identification of abnormalities and differential
diagnosis were reported less frequently and ranked
second. The least common use-case scenarios for LLMs
were predicting disease outcomes and identifying errors
in radiology reports. Each reviewed scenario has its own
limitations, including risks such as false positive and negative
results, reduced accuracy, and the potential loss of an
individualized approach. These limitations can be overcome
by applying a robust LLM methodology to each use scenario
and improving the methodological quality of the studies.

In most cases, LLMs primarily use text-based data,
whereas the use of images or multimodal inputs is less
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common. Audio data is rarely used. In terms of modality
distribution, CT leads, followed by MRI and radiography.
Ultrasound, mammography, PET/CT, and scintigraphy are less
common. This distribution is typical of studies in radiological
diagnostics.

Diagnostic Accuracy of Large Language Models
in Radiology

The diagnostic accuracy of LLMs can vary significantly
across studies. Even the same model may perform differently
when addressing different tasks. For example, the GPT-4®
model (OpenAl, USA) demonstrated high diagnostic accuracy
in identifying brain tumors and myocarditis based on radiology
reports. The GPT-4® model (OpenAl, USA) showed high
sensitivity and accuracy in making decisions about the need for
invasive procedures in patients with acute coronary syndrome,
based on clinical data and radiology reports, but its specificity
was relatively low. However, the model demonstrated low
diagnostic performance in identifying nervous system
disorders of various etiologies (based on patient medical
records and imaging data) and musculoskeletal diseases
(based on imaging reports). GPT-4V® (OpenAl, USA) showed
particularly low accuracy when diagnosing musculoskeletal
diseases and was significantly inferior to GPT-4® (OpenAl,
USA). In contrast, GPT-4V® (OpenAl, USA) was found to have
the highest performance among the six models tested,
including GPT-4® (OpenAl, USA), in terms of the quality
of answers to clinical questions.

All studies using the BERT® model (Google, USA)
demonstrated high diagnostic accuracy in detecting pulmonary
nodules and signs of intracranial hemorrhage and classifying
brain CT reports according to their clinical significance.

Two studies compared the diagnostic accuracy of BERT®
(Google, USA) with that of other machine learning models
in detecting signs of intracranial hemorrhage and classifying
brain CT reports. BERT® demonstrated higher accuracy
in both applications.

Four studies compared the diagnostic accuracy
of the LLMs and radiologists. Two of these studies involved
radiologists with various qualifications. In diagnosing
myocarditis, the model performed comparably to novice
radiologists but was outperformed by highly experienced
medical professionals. In diagnosing musculoskeletal
disorders, GPT-4® (OpenAl, USA) performed similarly
to trainee and board-certified radiologists. In two other studies
that did not specify the experience level of the radiologists,
GPT-4® (OpenAl, USA) demonstrated comparable accuracy
in diagnosing brain tumors, and GPT-4V® (OpenAl, USA)
outperformed radiologists when answering clinical questions.

One study found that the diagnostic accuracy of GPT-4%
(OpenAl, USA) varied greatly depending on the type of nervous
system disorder being diagnosed. For example, the accuracy
of diagnosing central nervous system tumors using radiology
reports was significantly less accurate than diagnosing
tumors in other sites.

280



281

SYSTEMATIC REVIEW

Evaluation of Methodological Quality of Studies
on Using Large Language Models in Radiological
Diagnostics

An assessment of the risk of bias in the selected papers
based on the primary search revealed that most of them
(88.89%) are at risk of bias and overestimation of diagnostic
performance for various reasons.

Most studies used small samples. Additionally,
the samples were imbalanced in terms of demographic
characteristics and condition representation. In some cases,
the distribution of conditions in samples is unclear.

Overlapping of training and test samples can lead to an
overestimation of the models’ diagnostic performance. When
using open-source data, it is important to create samples that
exclude cross-sections and avoid including cases present
in both the training and test samples.

Many of the reviewed studies only reported accuracy
rates, which are the least informative metric of diagnostic
performance, and did not report other key metrics, such
as sensitivity and specificity. Without these parameters,
it is difficult to estimate the percentage of correctly classified
true positive and true negative results, which is crucial for
clinical practice.

Most papers presented pairwise comparisons
of diagnostic performance metrics for different models,
models and radiologists, and different target conditions.
However, none of these papers adjusted the significance
level for multiple comparisons. This may substantially
overestimate the significance level of the differences found.
At least, the results should be reported and interpreted with
statistical adjustments for multiple comparisons. Additionally,
the number of comparisons varied across papers, which
made it difficult to generalize and compare their results.

Compliance with the relevant recommendations and
checklists [21-25] for evaluating the diagnostic accuracy
of Al tools can help address these issues and greatly improve
publication quality.

A review of the 216 studies identified in the supplementary
search revealed that most of them were of low methodological
quality in terms of compliance with current standards for
studies of LLMs and result presentation.

Limitations of Systematic Review

Studies were searched using two search and analysis
engines in two languages (English and Russian), as well
as the reference lists of the chosen articles. This approach
did not cover all relevant publications. Instead, it provided
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