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ARTICLE INFO ABSTRACT

Keywords: Background: Diagnosing myocarditis relies on multimodal data, including cardiovascular magnetic resonance
Cardiovascular magnetic resonance (CMR), clinical symptoms, and blood values. The correct interpretation and integration of CMR findings require
Generative Pre-trained Transformer 4 radiological expertise and knowledge. We aimed to investigate the performance of Generative Pre-trained
Artificial intelligence Transformer 4 (GPT-4), a large language model, for report-based medical decision-making in the context of

Large language models

° cardiac MRI for suspected myocarditis.
Myocarditis

Methods: This retrospective study includes CMR reports from 396 patients with suspected myocarditis and eight
centers, respectively. CMR reports and patient data including blood values, age, and further clinical information were
provided to GPT-4 and radiologists with 1 (resident 1), 2 (resident 2), and 4 years (resident 3) of experience in CMR
and knowledge of the 2018 Lake Louise Criteria. The final impression of the report regarding the radiological as-
sessment of whether myocarditis is present or not was not provided. The performance of Generative pre-trained
transformer 4 (GPT-4) and the human readers were compared to a consensus reading (two board-certified radi-
ologists with 8 and 10 years of experience in CMR). Sensitivity, specificity, and accuracy were calculated.

Results: GPT-4 yielded an accuracy of 83%, sensitivity of 90%, and specificity of 78%, which was comparable to
the physician with 1 year of experience (R1: 86%, 90%, 84%, p = 0.14) and lower than that of more experienced

Abbreviations: Al, artificial intelligence; CK, creatine kinase; CK-MB, creatine kinase-MB; CRP, C-reactive protein; GPT-4, Generative Pre-trained Transformer 4;
Hs-cTn, high-sensitive cardiac troponin; LGE, late gadolinium enhancement; LLC, Lake Louise Criteria; LLM, large language model; LVEF, left ventricular ejection
fraction; CMR, cardiovascular magnetic resonance; ROC, receiver operating characteristic; LV, left ventricular; EDV, end-diastolic volume; ESV, end-systolic volume;
EF, ejection fraction; CO, cardiac output; CI, cardiac index; HR, heart rate; CT, computed tomography; LV EDD, left ventricular end-diastolic dimension; BSA, body
surface area; ED, end-diastole
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physicians (R2: 89%, 86%, 91%, p = 0.007 and R3: 91%, 85%, 96%, p < 0.001). GPT-4 and human readers
showed a higher diagnostic performance when results from T1- and T2-mapping sequences were part of the
reports, for residents 1 and 3 with statistical significance (p = 0.004 and p = 0.02, respectively).

Conclusion: GPT-4 yielded good accuracy for diagnosing myocarditis based on CMR reports in a large dataset
from multiple centers and therefore holds the potential to serve as a diagnostic decision-supporting tool in this
capacity, particularly for less experienced physicians. Further studies are required to explore the full potential
and elucidate educational aspects of the integration of large language models in medical decision-making.

1. Introduction

Myocarditis represents an important cause of cardiac morbidity and
mortality, leading to up to 20-40% of sudden cardiac deaths in patients
younger than 40 years [1,2]. Although an early and accurate diagnosis
of myocarditis is mandatory to reduce the risk of progression, the
correct diagnosis still poses a challenge in modern cardiology because
of the variety of clinical representations and laboratory findings of
myocarditis [3].

In this context, cardiac cardiovascular magnetic resonance (CMR)
has evolved as a reliable non-invasive diagnostic tool in patients with
suspected myocarditis [4]. The diagnosis of myocarditis using CMR
requires a high level of radiological expertise and the ability to interpret
various image characteristics in different sequences [5]. In 2009, the
Lake Louise Criteria (LLC) were introduced for the diagnosis of myo-
carditis and were supplemented by quantitative mapping techniques in
2018 [6]. According to the revised LLC, diagnosis of myocarditis can be
made when two main criteria are met: at least one T1-based criterion
(increased myocardial T1 relaxation time, increased extracellular vo-
lume fraction, or positive late gadolinium enhancement [LGE]) and at
least one T2-based criterion (increased myocardial T2 relaxation time
or visual myocardial edema/increased T2 signal intensity ratio) [6].
While proficient cardiovascular imaging experts can make precise di-
agnoses of myocarditis, inexperienced radiologists exhibit a much
lower level of accuracy in interpreting these distinct findings, leading to
a higher likelihood of incorrect diagnoses [7].

Several studies have highlighted the feasibility and potential of
utilizing artificial intelligence (AI) in medical decision-making, par-
ticularly in radiology [8,9]. These studies predominantly concentrate
on Al-based processing of visual information [10-13]. However, tex-
tual information is the cornerstone for documentation and commu-
nication in radiology [14,15]. Recent advances in large language
models (LLM) have opened new opportunities for processing such
text-based medical information [16-19]. One LLM that has shown
remarkable capabilities is the Generative Pre-trained Transformer
(GPT-4), developed by OpenAl (San Francisco, California, USA)
[20,21]. GPT-4 is a fourth-generation deep learning model able to
generate logical and semantically accurate responses to text-based
input information and questions [22]. GPT-4 has been trained using a
large collection of text data extracted from the World Wide Web and
has been optimized for various language-related tasks, such as text
completion, translation, and question answering. Experimental studies
indicated that the predecessor model GPT-3 showed promising results
in medical question-answering tasks, achieving passing scores in
medical licensing examinations [23]. The use of LLMs, such as GPT-4,
for immediate clinical decision-making based on radiology report
texts, could provide several benefits, such as improved diagnostic
accuracy and reduced variability in decision-making processes. With
the ability to analyze and integrate text-based information, such
models could aid in the interpretation of various image characteristics
in different sequences as well as clinical information and laboratory
results to identify cases of myocarditis.

The aim of this study was, therefore, to investigate the performance
of GPT-4 for diagnosing myocarditis using different styles of CMR re-
ports as well as clinical information and blood values from various
study centers, and to compare its performance to radiologists with
different levels of experience in cardiovascular imaging.

2. Materials and methods
2.1. Ethics

This retrospective study received ethical approval (23-1061-retro)
and informed consent was waived due to the retrospective design of the
investigation. Beyond the patient's aggregated age and sex, no personal
information about the patient was transmitted to the GPT-4 model,
especially no patient-identifying information was provided to the AL

2.2. Data acquisition

Radiology departments of eight tertiary care medical centers were
advised to each retrospectively screen their database and randomly
select a total of 50 CMR reports of patients who were referred for
suspected myocarditis. MRI examinations were performed according to
respective in-house protocols for myocarditis. Furthermore, the pa-
tient’s age, gender, clinical symptoms of the patients, and a board-
certified radiology report with a final diagnosis of the examination
needed to be available. Centers were advised to provide the patient’s
age, gender, and clinical symptoms. Additionally, laboratory results
were provided by the centers, if available. Laboratory results included
C-reactive protein (CRP), creatine kinase (CK), creatine kinase-MB (CK-
MB), and high-sensitive cardiac troponin (Hs-cTn).

The following data were retrieved from the reports as baseline
characteristics for the cohort: left ventricular ejection fraction (LVEF),
LGE pattern (subepicardial, mid-myocardial, subendocardial, trans-
mural, and absent LGE), mapping characteristics, additional image
findings, and final diagnosis of cardiomyopathies.

2.3. Data preparation

The final impression of the report was extracted from the texts.
Furthermore, reports were not included if significant artifacts or poor
image quality was reported hindering the ability to make a certain di-
agnosis. After assessment regarding inclusion and exclusion criteria by
the leading center (1), reports were excluded, if provided report data
were insufficient or afflicted with errors such as missing text informa-
tion.

The radiology report in [blinded for submission] language as well as
clinical symptoms, laboratory values (if available), and aggregated
patient age and gender were compiled into a text dataset in one Word
document (Microsoft Office, Redmond, Washington) per patient.

Furthermore, subgroups were established based on the availability
of (a) T1- and T2-mapping sequences, (b) laboratory values, and (c)
structured reports (Fig. 1). Laboratory results were defined as available
if all of the following were available: CRP, CK, CK-MB, and Hs-cTn (as
shown in Graphical Abstract).

2.4. GPT-4

GPT-4 was accessed via OpenAls (San Francisco, California, USA) web
interface platform ChatGPT (https://chat.openai.com/) within the time-
frame between March and July 2023 [21]. All text datasets were copied
separately to the platform using one chat per text dataset. GPT-4 was
prompted with evaluating each dataset using zero-shot prompting (Fig. 2).
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Free text report - incl. T1/T2 mapping

The pulmonary and abdominal sections are unremarkable. No pleural effusions.
Minimal pericardial effusion. No global and regional wall motion abnormalities. No
conspicuous valvular varices. Prolongation of T1 and T2 relaxation times with
epicardial accentuation, correspondingly detectable late enhancement along the
lateral wall. LV function: EDV: 142.36 ml ESV: 64.06 m| SV: 78.30 ml| EF: 55.00 %
CO: 5.29 I/min Cl: 2.90 I/min/m2 HR: 67.6/min Myo Mass (Diast): 87.81 g Phase

Diastole: 25

Free text report - no T1/T2 mapping

External CT and X-ray images from 04.04.2016 and 11.03.2016 available for

comparison.

In the Cine sequences in long and short axis slices reduced function of the left
ventricle with hypokinetic anterior wall. No LV hypertrophy, inferoseptal end-diastolic

wall thickness approx. 9mm. LVEDD 52mm.

Study evaluation

Study centers (n=8)
Volumes of the left ventricle: EDV 158ml, ESV 85ml. This results in an EF of 46%.
Structured report without free text - incl. T1/T2 mapping
1 @e quality: No limitation of image quality. \

Cardiac function and structure:
Quantitative parameters of LV (blood volume):

Myocardial mapping:

1090 ms

-

Body weight: 75 kg; Height: 172 cm; BSA: 1.89 m?, Hematocrit: 39 %

LV EDD: 59 mm (norm: 36 - 55 mm), 31.17 mm/m?2 (norm: 23 - 29 mm/m?) ...

T2 mapping: Prolonged corresponding to the LGE, exemplary apical lateral 30 ms
T1 mapping: Prolonged corresponding to the LGE, exemplary basal inferolateral

GPT-4

o

Structured report without free text - no T1/T2 mapping

Patient characteristics: Body weight: 97 kg; Height: 1.91 m

LV functional analysis (BSA 2.26 m?):

LV ejection fraction (LV EF): 69.08 % (norm: 56.00 - 78.00 %)

LV end-diastolic volume index (LV EDV/BSA): 69.53 ml/m? (norm: 47.00 - 92.00 mI/m2)
LV end-systolic volume index (LV ESV/BSA): 21.5 ml/m? (norm: 12.75 - 30.00 ml/m?)
LV ED mass normalized: 74.33 g/m2 (norm: 70.00 - 113.00 g/m?)

Fig. 1. Exemplary styles of reports being included in this study: free text with T1/T2-mapping, free text without T1/T2-mapping, structured report with T1- and T2-
mapping, and structured report without T1/T2-mapping. LV left ventricular, EDV end-diastolic volume, ESV end-systolic volume, EF ejection fraction, CO cardiac
output, CI cardiac index, HR heart rate, CT computed tomography, LV EDD left ventricular end-diastolic diameter, BSA body surface area, ED end-diastole, LGE late

gadolinium enhancement, GPT-4 Generative Pre-trained Transformer 4.
2.5. Human reader

To provide a comparison of the performance of GPT-4 to human
readers, the datasets were reviewed by three radiology residents with 1
(R.H.; resident 1), 2 (K.K.; resident 2), and 4 years (C.G.; resident 3) of
experience in cardiovascular MRI. Knowledge of the 2018 LLC was a ne-
cessary precondition to serve as a human reader [6]. The evaluations were
conducted independently and without a dedicated time limit (Fig. 2).

2.6. Prompting
The prompt for the human reader and GPT-4 was as follows:
“Please decide on the presence or absence of myocarditis based on the

radiological report, provided patient information and clinical para-
meters. Please respond with either ‘yes’ or ‘no’.”

2.7. Reference standard

The reference standard was established by the diagnosis of myo-
carditis based on the assessment of two board-certified radiologists with

8 (L.P.) and 10 (A.IL) years of experience in CMR who reviewed the
above-mentioned data and performed a consensus reading (Fig. 2).
Consensus refers to a general agreement among the members of a
particular group, each of whom has some level of autonomy in making
decisions [24]. All human readers strictly adhered to the 2018 Lake
Louise diagnostic criteria for myocarditis [6].

2.8. Statistical analysis

Statistical data analysis was performed using R version 4.4.1 (San
Francisco, California, USA). The accuracy, precision, recall (sensitivity), F1
score, and specificity of the performance of GPT-4 and the human readers
were calculated by comparing their evaluation to the reference standard
and assessed using contingency tables. Dichotomous performance data
were compared using McNemar's test or Pearson's chi-squared test. A p-
value < 0.05 was considered statistically significant. Figures were plotted
using the ggplot2 package (Hadley Wickham, New Zealand). Continuous
variables were reported as mean and standard deviation. Demographic
characteristics were compared using the chi-squared test for categorical
variables and the Mann-Whitney U test for continuous variables.



K. Kaya, C. Gietzen, R. Hahnfeldt et al.

er 3 erd

Center 1

er5

Journal of Cardiovascular Magnetic Resonance 26 (2024) 101068

ler8
er6 i

-

>

Exclusion (n = 4 patients)
2 patients due to artifacts
2 patients due to incomplete acquisition
of all sequences or insufficient image

/ a) Inclusion of n = 396 patients\

quality

( b) Human reader )

( c) Al Evaluation )

Y

evaluation (
Radiology report
A\
Reader 1
(resident)

Demographic Data

Reader 2
(resident)

A

Clinical Data

A\ 4

GPT-4

Reader 3
(resident)

N

No information regarding the
final radiology report or clinical
decision was provided to the

human reader or the Al model /

v

Final expert diagnosis on the presence or
absence of myocarditis

v

d) Reference
standard

Fig. 2. Workflow of the study design. The reference standard was established by the diagnosis of myocarditis based on the assessment of two board-certified
radiologists with 8 and 10 years of experience in cardiovascular imaging, respectively. GPT-4 Generative Pre-trained Transformer 4.

3. Results
3.1. Baseline characteristics

Of the available 400 reports, 4 patients were excluded due to arti-
facts or poor image quality and incomplete acquisition of all sequences
(Fig. 2). Consequently, 396 patients were included for further analysis.
Based on the final assessment in the reports, myocarditis was the most
frequent diagnosis with 163 of 396 patients (41.2%), followed by is-
chemic cardiomyopathy with 23 of 396 patients (5.8%). Table 1 pro-
vides detailed results for the final diagnosis of CMR studies from the
impressions of the individual reports by the respective centers. Re-

garding LGE, a subepicardial pattern was the most prevalent

localization in 143 of 396 patients (36.1%), followed by mid-myo-
cardial lesions. Table 2 lists the LGE pattern based on the reports. A
mean LVEF of 54.9 + 12.1% was observed.

3.2. Assessment by the expert reader

According to the assessment by the expert readers (consensus), 171
of 396 patients (43.2%) showed myocarditis (group 1), whereas 225 of
396 patients (56.8%) did not (group 2). Patients in group 1 were sig-
nificantly younger (38.6 = 17.7 vs 44.4 + 17.6years; p = 0.001) and
predominantly male (76.0% vs 56.9%; p < 0.001). Table 3 lists the
demographic values for each center.
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Table 1
Final diagnosis of CMR based on the final diagnosis of the reports from the
respective centers.

Final diagnosis n = 396 patients

Non-ischemic cardiomyopathies
Chemotherapy-induced toxicity
Dilated cardiomyopathy
Hypertrophic cardiomyopathy
Non-compaction cardiomyopathy
Myocarditis

Pericarditis

238/396 (60.1%)
1/396 (0.3%)
24/396 (6.1%)
12/396 (3.0%)
1/396 (0.3%)
163/396 (41.2%)
23/396 (5.8%)
3/396 (0.8%)
7/396 (1.8%)
23/396 (5.8%)

Sarcoidosis
Takotsubo cardiomyopathy
Ischemic cardiomyopathy

Valvulopathy 6/396 (1.5%)
Uncertain findings 6/396 (1.5%)
No finding 143/396 (36.1%)

CMR cardiovascular magnetic resonance.
Table 1: Data are numbers (%) of 396 cases with their final diagnosis.

Table 2
LGE pattern based on the reports.

LGE localization n = 396 patients

Subendocardial 24/396 (6.1%)
Mid-myocardial 78/396 (19.7%)
Subepicardial 143/396 (36.1%)
Transmural 35/396 (8.8%)

Absence of LGE 172/396 (43.3%)

LGE late gadolinium enhancement.
Table 2: Data are numbers (%) of 396 cases with their LGE
localization in the text reports.

3.3. Performance of GPT-4

Compared to the expert reading, GPT-4 had an accuracy of 83%,
specificity of 78%, and sensitivity of 90%. Table 4 provides detailed
results for the performance of GPT-4.

The re-test-evaluation within the timeframe between July and
August 2023 showed a 100% concordance between the results of the
first and second GPT-4 evaluations.

Table 3

Demographic characteristics of patients with myocarditis and without myocarditis.

Journal of Cardiovascular Magnetic Resonance 26 (2024) 101068

3.4. Performance of the radiologists

Compared to the expert reading, resident 1 showed an accuracy of
86%, resident 2 of 89%, and resident 3 of 91%. The performance of
resident 1 was comparable to GPT-4 (p = 0.14) whereas the more ex-
perienced readers showed superior results (p = 0.007 and p < 0.001,
respectively). Table 4 gives detailed results for the performance of the
radiologists. The experienced radiology residents (residents 2 and 3)
showed no significant difference in accuracy (p = 0.22). Fig. 3 depicts
confusion matrices for the performance of GPT-4 and radiologists
compared to the reference standard.

Fig. 4 provides two examples of text-based analysis created by GPT-
4 and the final assessment of GPT-4 and the human readers.

3.5. Subgroup analysis

3.5.1. Distribution of the subgroups

T1- and T2-mapping was available from 250 of 396 patients
(63.1%), laboratory values from 166 of 396 patients (41.9%), and
structured reports from 246 of 396 patients (62.1%). The distribution of
subgroups is presented in Table 5, as assessed by the expert reader.

3.5.1.1. Subgroup laboratory values. For the subgroup according to
laboratory values available vs unavailable, Table 6 gives detailed
results. For GPT-4 (accuracy 85% vs 81%), resident 1 (accuracy 84%
vs 89%), resident 2 (accuracy 87% vs 91%), and resident 3 (accuracy
89% vs 94%), no statistically significant differences in performance
were observed between the subgroups with or without available
laboratory values (p =0.44, p=0.22, p=0.34, and p =0.13,
respectively).

3.5.1.2. Subgroup T1- and T2-mapping sequences. GPT-4 (accuracy 79%
vs 86%) as well as all residents, resident 1 (accuracy 79% vs 90%),
resident 2 (accuracy 85% vs 91%), and resident 3 (accuracy 86% vs
94%), had an improved performance when mapping sequences were
part of the reports. Residents 1 and 3 showed significant differences in
their diagnostic performance regarding the availability of mapping
sequences (p = 0.004 and p = 0.02, respectively). Table 7 summarizes
the results of the mapping subgroup analysis.

Myocarditis No myocarditis
N N Age Sex N Age Sex

Center 1 50 27 34.1 = 146 S5F, 22M 23 429 = 19.0 12F, 11 M
(18, 62) (18, 73)

Center 2 50 25 42.5 = 21.6 8F, 17M 25 52 + 21.3 14F, 11M
(16, 83) (9, 85)

Center 3 50 18 51.7 * 16.7 6F, 12M 32 52 + 18.2 7F, 25M
(19, 75) (26, 86)

Center 4 50 19 42.4 = 15.2 4F, 15M 31 38.9 £ 129 14F, 17M
(24, 71) (18, 62)

Center 5 50 21 35 + 15.8 7F, 14M 29 37.7 = 11.0 10F, 19M
(18, 77) (20, 60)

Center 6 48 16 29.8 = 16.3 4F, 12M 32 42.3 = 20.5 12F, 20M
(3, 61) (11, 84)

Center 7 48 24 36.8 = 18.4 2F, 22M 24 42.3 = 15.7 13F, 11M
(15, 77) (16, 77)

Center 8 50 21 37.8 = 155 5F, 16 M 29 47.2 * 16.4 15F, 14M
(20, 80) (19, 83)

All centers 396 171 38.6 = 17.7 41F, 130M 225 44.4 £ 17.6 97F, 128 M
(3, 83) (9, 86)

N number (ages are reported as means *+ standard), F female, M male.
Values in parentheses are ranges.

Table 3: Data of the respective centers with their means + standard deviation of age.
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Table 4
Performance of GPT-4 and radiology residents with 1 (resident 1), 2 (resident 2), and 4 years (resident 3) of experience compared to the reference standard.
Accuracy Precision Recall (sensitivity) F1 score Specificity
GPT-4 0.83 0.76 0.90 0.82 0.78
(330/396) (154/203) (154/171) (308/374) (176/225)
Resident 1 0.86 0.81 0.90 0.85 0.84
(342/396) (154/191) (154/171) (308/362) (188/225)
(p=0.14)
Resident 2 0.89 0.88 0.86 0.87 0.91
(352/396) (147/167) (147/171) (294/338) (205/225)
(p = 0.007)
Resident 3 0.91 0.94 0.85 0.89 0.96
(361/396) (146/156) (146/171) (292/327) (215/225)
(p < 0.001)

GPT-4 Generative Pre-trained Transformer 4, F1 score measurement of predictive performance.
The difference in accuracy between GPT-4 and radiology residents is shown as p values, bold indicates statistical significance.

3.5.1.3. Subgroup structured report. For GPT-4 (accuracy 81% vs. 85%),
Resident 1 (accuracy 86% vs. 87%), Resident 2 (accuracy 93% vs.
87%), and Resident 3 (accuracy 91% vs. 91%), no significant
differences were observed between structured and free-text
radiological reports (p = 0.49, p=0.99, p=0.09, and p > 0.99,
respectively). Please refer to Table 8 for detailed results.

4. Discussion

In this study, Al-assisted diagnosis of myocarditis solely based on
CMR reports, laboratory results, and clinical information using GPT-4
was compared to the assessment of radiology residents with different
levels of experience. Of note, neither the human readers nor GPT-4 had
access to any imaging data. Using a consensus reading of two CMR
experts as the reference standard, GPT-4 achieved a sufficient diag-
nostic performance, which was comparable to a first-year resident.
While the availability of laboratory values showed a lower accuracy for
GPT-4 based diagnosis, structured reports and available mapping

GPT-4

Myocarditis 17

True

IS
©

No Myocarditis

No Myocarditis
Myocarditis

Predicted

Resident 2

Myocarditis

N
N

True

No Myocarditis I
N
o

No Myocarditis

Myocarditis

Predicted

sequences improved its diagnostic performance, albeit without yielding
statistical significance.

The integration of diverse data sources has become increasingly
important in the medical field. In this context, Al is playing a crucial
role in supporting decision-making by assisting in the analysis of
complex medical data and improving treatment planning [25-27].
Recently, GPT-4 has been widely recognized for its exceptional profi-
ciency in assessing textual information, representing a major stride
forward in natural language processing technology [21]. In a recently
published study, GPT-4 succeeded in presenting complex medical
findings in a simplified and understandable way for laypersons [28]. In
other previous studies, GPT-4 has already shown its potential for ap-
plications in radiology. In this context, GPT-4 was able to provide as-
sistance in the radiological workflow by enabling automated determi-
nation of radiologic study and protocol based on request forms [15],
standardizing radiology reports [29], detecting errors in radiology re-
ports [30], and transforming of free-text reports into structured re-
porting [31]. Furthermore, GPT-4 is capable of giving diagnostic

Resident 1

Myocarditis 17

(0]

Z

[ o

No Myocarditis 37
0 0
° °
© ©
o (6]
o o
> >
s s
O
Z .
Predicted
Resident 3

Z
0 0
° °
o ©
o (8]
(o] (o]
> >
s s
[e]
Z .

Predicted

Fig. 3. Confusion matrices for performance of GPT-4, residents 1, 2, and 3 compared to the reference standard. GPT-4: Generative Pre-trained Transformer 4.
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GPT-4 answer

Human reader

Mw concentrically hypertrophied left ventricle \
(LVEDV: 175 ml; LVEDV/BSA: 82 ml/m?; IVSD: 12.5 mm)
with normal LV function (LVEF: 62%).
Visually tricuspid valve insufficiency. Competent mitral

' . : B 44 Resident 1: no
' . y . valve. Competent aortic valve with degeneratively No, based on the given clinical symptoms, laboratory
: implantation of a spacer for aseptic loosening of thickened valve edges. Asymmetric contraction of the values, and MRI findings, there are no clear indications of )
the left knee TEP. Postoperative chest pain and p - P . < 5 i Resident 2: no
fatigue, elevated Troponin T. Myocarditis? left ventricular myocardium, with the right ventricle myocarditis. Although CRP, CK, and Hs-Troponin are
5 contracting before the left, likely due to its incomplete elevated, the MRI findings show no visual myocardial B
1 . CRP (mgfl): 1195 bundle branch block. No visual myocardial edema. No edema, no increased T2 signal intensity ratio, and normal B
CK (Ull): 224 increased T2 signal intensity ratio. No pericardial global T1 and T2 relaxation times. The diffusely patchy e A A aae

: . CK-MB(UN):86

Hs-Trop (ug/l): 0,224

effusion. Mild pleural effusions on both sides. Normal
global T1 relaxation time: 970 ms (center-specific
cutoff = 1000 ms). Normal global T2 relaxation time: 54
ms (center-specific cutoff = 55.9 ms). In the late

enhancement, diffusely patchy contrast uptake
midventricular to apical lateral, likely artifact re\atey

contrast uptake described in the late enhancement
is considered possibly artifact related.

intervention.

! CRP (mg/l): 0,67
H - CK(UN):92

N

Retrosternal pain radiating to the left arm and

INo comparable previous images available. Normally
dimensioned left ventricle (LVEDV: 167 ml;
LVEDV/BSA: 81 mi/m? IVSD: 12 mm) with mildly

in the basal inferior region and hypokinesia from the
imidventricular to apical septal region with
laccompanying visual myocardial edema from the
imidventricular to apical septal region. No pericardial
effusion. In the late enhancement, nearly transmural

impaired LV function, akinesia and hypokinesia in certain
areas of the heart muscle, as well as visual myocardial
edema and late enhancement uptake. Additionally, the Hs-
Troponin is significantly elevated. However, a final
diagnosis should be made by a doctor

. A

i:?:r::?;’ ::;g;g;w;riisgg :r (()) r;ozzzg-lmgi:rgy“’ impaired LV function (LVEF: 46%). Visually mitral Yes, the clinical symptoms, laboratory values, and MRI Resident 1: yes
three-vessel disease without need for valve insufficiency. Competent aortic valve. Akinesia findings suggest myocarditis. The MRI findings show mildly ReSae 2 e

Resident 3: no

Reference standard: no

S:__#E (:J")/:lf'g 405 subendocardial uptake in the basal inferior region and
H P oS, up to 75% transmural uptake in the midventricular to
: apical septal region.

\

Fig. 4. Proofreading examples by GPT-4 based on the given clinical data, laboratory values, and the radiology report compared to the assessment of the human
readers. CRP C-reactive protein, CK creatine kinase, CK-MB creatine kinase-MB, Hs-Trop high sensitive troponin. IVSD interventricular septum thickness. LV left
ventricular, EDV end-diastolic volume, EF ejection fraction, BSA body surface area, GPT-4 Generative Pre-trained Transformer 4, CMR cardiovascular magnetic
resonance .

Table 5
Distribution of the subgroups according to cases with myocarditis, no myocarditis, and all cases regarding the availability (yes = available, no = not available) of
mapping, laboratory values, and structured reports.

Mapping Laboratory values Structured reports

No Yes No Yes No Yes
Myocarditis 58/396 113/396 74/396 97/396 65/396 106/396

(14.6%) (28.5%) (18.7%) (24.5%) (16.4%) (26.8%)
No myocarditis 88/396 137/396 156/396 69/396 85/396 140/396

(22.2%) (34.6%) (39.4%) (17.4%) (21.5%) (35.4%)
Total 146/396 250/396 230/396 166/396 150/396 246/396

(36.9%) (63.1%) (58.1%) (41.9%) (37.9%) (62.1%)

A structured report is a method of clinical documentation in standardized formats.

Table 6
Performance of GPT-4 and radiologists with 1 (resident 1), 2 (resident 2), and 4 years (resident 3) of experience regarding the availability (yes = available, no = not
available) of laboratory values.

Accuracy Precision Recall (sensitivity) F1 score Specificity
Laboratory values No Yes No Yes No Yes No Yes No Yes
GPT-4 0.85 0.81 0.71 0.81 0.91 0.90 0.79 0.85 0.82 0.70
(195/230) (135/166) (67/95) (87/108) (67/74) (87/97) (134/169) (174/205) (128/156) (48/69)
(p=0.44)
Resident 1 0.84 0.89 0.72 0.88 0.85 0.94 0.78 0.91 0.84 0.83
(194/230) (148/166) (63/88) (91/103) (63/74) (91/97) (126/162) (182/200) (131/156) (57/69)
(p=0.22)
Resident 2 0.87 0.91 0.81 0.94 0.79 0.91 0.80 0.92 0.91 0.91
(201/230) (151/166) (59/73) (88/94) (59/74) (88/97) (118/147) (176/191) (142/156) (63/69)
(p=0.34)
Resident 3 0.89 0.94 0.89 0.97 0.76 0.93 0.82 0.95 0.96 0.96
(205/230) (156/166) (56/63) (90/93) (56/74) (90/97) (112/137) (180/190) (149/156) (66/69)
(p =0.13)

GPT-4 Generative Pre-trained Transformer 4, F1 score measurement of predictive performance.
The difference in accuracy with and without the availability of laboratory values is shown as p values.
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Table 7
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Performance of GPT-4 and radiologists with 1 (resident 1), 2 (resident 2), and 4 years (resident 3) of experience regarding the availability (yes = available, no = not
available) of mapping.

Accuracy Precision Recall (sensitivity) F1 score Specificity
Mapping No Yes No Yes No Yes No Yes No Yes
GPT—-4 0.79 0.86 0.67 0.81 0.91 0.89 0.77 0.85 0.70 0.83
(115/146) (215/250) (53/79) (101/124) (53/58) (101/113) (106/137) (202/237) (62/88) (114/137)
(p = 0.08)
Resident 1 0.79 0.90 0.69 0.87 0.86 0.92 0.77 0.90 0.75 0.89
(116/146) (226/250) (50/72) (104/119) (50/58) (104/113) (100/130) (208/232) (66/88) (122/137)
(p = 0.004)
Resident 2 0.85 0.91 0.81 0.92 0.81 0.88 0.81 0.90 0.88 0.93
(124/146) (228/250) (47/58) (100/109) (47/58) (100/113) (94/116) (200/222) (77/88) (128/137)
(p = 0.08)
Resident 3 0.86 0.94 0.87 0.97 0.78 0.89 0.82 0.93 0.92 0.98
(126/146) (235/250) (45/52) (101/104) (45/58) (101/113) (90/110) (202/217) (81/88) (134/137)
(p = 0.02)

GPT-4 Generative Pre-trained Transformer 4, F1 score measurement of predictive performance.
The difference in accuracy with and without the mapping sequences is shown as p values, bold indicates statistical significance.

Table 8

Performance of GPT-4 and radiologists with 1 (resident 1), 2 (resident 2), and 4 years (resident 3) of experience regarding the availability of structured report (yes =
structured report, no = free-text report).

Accuracy Precision Recall (sensitivity) F1 score Specificity
Structured report No Yes No Yes No Yes No Yes No Yes
GPT-4 0.81 0.85 0.75 0.76 0.85 0.93 0.80 0.84 0.79 0.78
(122/150) (208/246) (55/73) (99/130) (55/65) (99/106) (110/138) (198/236) (67/85) (109/140)
(p = 0.49)
Resident 1 0.86 0.87 0.80 0.81 0.91 0.90 0.85 0.85 0.82 0.84
(129/150) (213/246) (59/74) (95/117) (59/65) (95/106) (118/139) (190/223) (70/85) (118/140)
(p = 0.99)
Resident 2 0.93 0.87 0.92 0.85 0.91 0.83 0.91 0.84 0.94 0.89
(139/150) (213/246) (59/64) (88/103) (59/65) (88/106) (118/129) (176/209) (80/85) (125/140)
(p = 0.09)
Resident 3 0.91 0.91 0.96 0.92 0.83 0.87 0.89 0.89 0.98 0.94
(137/150) (224/246) (54/56) (92/100) (54/65) (92/106) (108/121) (184/206) (83/85) (132/140)
(p > 0.99)

GPT-4 Generative Pre-trained Transformer 4, F1 score measurement of predictive performance.
The difference in accuracy with and without structured reports is shown as p values.

support by providing accurate differential diagnosis of imaging patterns
[14]. However, its performance to provide a final diagnosis is unknown.

The present study evaluates a new approach that utilizes GPT-4 as a
text-processing Al model to aid in the decision-making process for the
diagnosis of myocarditis. Furthermore, demographic data and clinical
symptoms as well as laboratory values, if available, were provided to
GPT-4 to reflect the real-world clinical scenario for the assessment of
the presence of myocarditis.

Based on these findings, GPT-4 showed potential as an auxiliary tool
for text-based diagnosis of myocarditis for inexperienced readers by
yielding comparable accuracy. However, its performance was inferior
to experienced readers, who showed a higher diagnostic accuracy. Of
note, the availability of T1- and T2-mapping sequences as part of the
reports improved the diagnostic performance of GPT-4 and of the
human readers, for first- and fourth-year residents with statistical sig-
nificance. These findings underline the necessity of mapping sequences
for myocarditis diagnosis as indicated in previous studies comparing
the original and 2018 LLC, which showed a higher diagnostic perfor-
mance when implementing mapping sequences [32,33]. Interestingly,
GPT-4 showed a lower specificity when laboratory values were avail-
able potentially due to increased cardiac biomarkers not associated
with myocarditis misleading the LLM into a wrong diagnosis, indicating
necessary improvement of GPT-4 in the future. Despite not yielding
statistical significance, GPT-4 had a higher diagnostic performance re-
garding the diagnosis of myocarditis when assessing structured reports.

These findings emphasize the usefulness of structured reporting in
radiology, leading to enhanced communication and facilitating colla-
boration among physicians [34].

Previous studies investigating the usefulness of GPT-4 in radiology
mainly focused on data from a single center [14,15,18,19,31]. How-
ever, LLMs tend to show dependency on textual information and the
language style of text information reports [35]. Furthermore, as shown
in this study, there is a large variance in study protocols for CMR in
suspected myocarditis. To this end, we decided to conduct the present
study as a multi-center investigation by incorporating data sets from
eight different institutions, including different styles of reporting and
study protocols. Consequently, the present study gives insight into the
real-world application of mapping sequences for suspected myocarditis
5years after the introduction of the 2018 LLC with a third of ex-
aminations still being performed without the acquisition of mapping
sequences [6]. Furthermore, despite not including image data, this
work highlights the potential of incorporating the clinical setting
(symptoms, laboratory results) for the final radiological assessment in
terms of Al-supported combined diagnostics.

5. Limitations
The aforementioned strengths of this study are offset by some lim-

itations, mostly related to the AI model itself. Al-based aspects, e.g.
GPT-4, are considered language models that merely provide
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information but are not capable of critically questioning, under-
standing, and interpreting facts [18,19]. Another limitation is due to
the uncertain sources of the GPT-4s training dataset. This problem can
lead to inconsistent and contradictory results. Future research should
focus on LLMs with built-in capabilities to transparently disclose the
exact sources or guidelines underlying their decision-making processes
enabling the verification and critical evaluation of these references.
Furthermore, the restricted access of GPT-4, potentially requiring the
sharing of sensitive data with third parties, represents an additional
limitation of the model. In contrast, competing models, e.g. Large
Language Model Meta AI, Meta Platforms, Menlo Park, California, USA
(LLaMA) [36], offer hospitals the potential to be applied within their
infrastructure, abolishing the necessity to transfer data to external
servers. Furthermore, the retrospective design and the binary diagnostic
approach have to be regarded as limitations of this study since the latter
does not reflect a real-world scenario with radiology reports occasion-
ally including differential diagnosis. The chosen dichotomous yes or no
approach regarding the presence of myocarditis most likely led to a
selection bias potentially influencing the results. As in every study in-
vestigating Al-based diagnostic tasks, the chosen reference standard can
be seen as a limitation of the study design. Despite implementing a
consensus reading by two experts in cardiovascular imaging and given
that the diagnostic criteria for myocarditis in terms of the 2018 LLC are
somewhat straightforward, there still was a slight disagreement in 2%
of cases between the official reports and the consensus reading, un-
derlining the complexity of correct text-based interpretation. As an-
other possible limitation of the study design, T1- and T2-mapping as
well as an LGE may be described in ways that are suggestive of myo-
carditis, thus biasing GPT-4 and human readers.

In conclusion, this proof-of-concept study indicates the potential use
of GPT-4 to assist radiology residents and radiologists inexperienced in
cardiovascular imaging in diagnostic tasks, assuming the information in
the body of the report is correct. However, future research, improve-
ments, and specifications of LLMs are required to improve diagnostic
performance and serve as a daily support or training tool.
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