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Conceptual proposal for LLM-
generated FDG PET/CT follow-up
reports in melanoma: a pilot
study on model stability and
blinded expert evaluation
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'Department of Nuclear Medicine, Inselspital, Bern University Hospital, University of Bern, Bern,
Switzerland, ?Department of Nuclear Medicine, University Hospital of Munster, Munster, Germany,
*Department of Radiology, University Hospital of Mlnster, MUnster, Germany

Purpose: Oncological patients regularly undergo PET/CT re-staging, which
requires a report that outlines their current disease status and highlights
relevant changes compared to the previous PET/CT. Large language models
(LLMs) may be helpful with documentation in the future. This study is a pilot
on LLM performance, focusing on test—retest stability and reproducibility.
Methods: Three textbook melanoma follow-up cases of increasing complexity
(involving one to eight organs) were selected. From standardized text-only
prompts (no imaging data), follow-up reports were written by GPT-40, Claude
Sonnet 4 (each producing three independent revisions), and three nuclear
medicine residents. This yielded nine reports per case (27 in total). Six blinded
nuclear medicine experts (three internal, three external) performed test—retest
evaluations of report quality and authorship identification.

Results: The cosine similarity analysis revealed high intra-case coherence
(mean: 0.599-0.727) regardless of authorship. The external human readers
consistently rated reports higher than the internal human readers. The LLM-
generated reports received comparable or superior ratings to human reports,
with Claude achieving the highest external reader scores (mean 0.926,
standard deviation 0.263, on a 0-1 scale). Human performance declined with
case complexity, while Claude, in particular, improved. The external readers
significantly preferred the LLM impressions (Fisher's exact test, p =0.005).
Neither the human nor LLM readers reliably identified authorship (balanced
accuracy 0.343-0.500).

Conclusion: In this pilot, blinded expert evaluation demonstrated that current
LLMs can generate reports for melanoma [*®F]fluorodeoxyglucose PET/CT of
comparable quality to human-authored reports from text prompts in this
study. High test-retest stability was obtained. Larger future studies will be
required to confirm these findings.
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Introduction

While demand for medical imaging, particularly in oncology,
is expected to rise substantially, advances in artificial intelligence
(AI) and large language models (LLMs) offer promising
solutions to improve productivity and efficiency (1, 2). LLMs are
especially promising because they can support clinical staff in
documentation and administration. This is important, as
personnel cost accounts for more than 55% of hospital
expenditures in the United States, for example (3). A substantial
portion of staff time is currently dedicated to administrative
tasks (4), an area where LLMs can provide meaningful support
and streamline workflows (5, 6). In what form and to what
extent LLMs will contribute to medical processes remains to be
seen (7, 8).

Currently, the documentation required by nuclear medicine
specialists ~ for  positron tomography/computed
tomography (PET/CT) staff resources.
Human doctors view the acquired image data and manually
convert the contained information into text data, i.e., the PET/CT

emission

demands substantial

report, which is then sent to the referring physician. For this task,
they often rely on only basic technological aids such as speech
recognition software. Under the condition that they function
adequately, LLMs can potentially be well-suited to assist in this
process by generating PET/CT report texts, thereby reducing the
workload of clinical staff. The optimal format for future PET/CT
reports is subject to research itself, as evolving technologies and
clinical needs continue to shape reporting standards (9, 10).
A recent pilot study demonstrated that integrating retrieval-
with extensive PET/CT
databases can significantly enhance clinicians™ ability to reference
similar cases and generate more accurate differential diagnoses in

augmented LLMs imaging report

nuclear medicine reporting (11). Domain-adapted LLMs have
demonstrated substantial improvements in classifying PET/CT
lymphoma reports, achieving up to 77.4% accuracy in predicting
five-point Deauville scores (12), surpassing vision-only models
and matching multimodal systems (13). Fine-tuned LLMs such as
PEGASUS (14) have demonstrated the ability to generate
personalized and clinically acceptable impressions for whole-body
PET reports, achieving an 89% clinical acceptability rate and
utility scores comparable to those of human physicians (15).
A recurring research topic is the ability of LLMs to pass (Board)
examinations. Due to the high inter-rater comparability when
answering closed questions, these studies allow an insight into the
evolution of LLMs over the last couple of years, which have seen
steady system improvements (16, 17). Adequate review of LLM-
generated texts remains a key aspect in LLM assessment,
requiring expert readers—human or LLM-based—and appropriate
quantitative evaluation methods (18). Thus, the above-mentioned
research follows the idea of the first AI thinkers (19) of
automating activities through the use of computers.
[18F]Flu0rode0xyglucose (["*F]FDG) PET/CT
substantial clinical benefits for patients with melanoma and

offers

holds strong promise for future advancements in oncologic care
(20, 21). Patients often undergo re-staging to assess their
response to therapy or detect relapse early, which results in the
need to write PET reports for follow-up examinations, especially
relevant in patients with melanoma. This task is generally
twofold: first, the changes in PET/CT findings between the
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examinations need to be objectified by measurement or
description by a nuclear medicine physician. Second, the
findings need to be integrated into a structured report that
compares the findings with the previous results and is
understandable by the referring physician.

In this study, we aim to make a contribution to our rapidly
evolving field by testing the ability of two currently available
LLMs to write adequate ['*F]JFDG PET/CT reports for patients
with melanoma from text-based prompts. Specifically, we
investigate model stability and test-retest reproducibility, with
nine revisions of text generation for each of three textbook
melanoma cases. Participating authors (human authors and
LLMs) received defined text-only prompts containing the
findings of a melanoma ["®FJFDG PET/CT examination
(Figure 1). To increase the level of required expertise, these
findings had to be interpreted as a follow-up in conjunction
with a previously provided ['*F]JFDG PET/CT examination. The
assessment by blinded readers follows a Python methodology
previously used for data extraction from imaging cases (22).

Methods and materials

Figure 1 shows the project steps defined for the current study.
Three genuine cases for the ["®F]FDG melanoma studies were
selected from the picture archiving and communication system
(PACS). Based on those, follow-up report texts were generated
by human authors and LLMs.

PACS input data and prompt definition

Three genuine melanoma ['®*F]FDG reports were selected from
the PACS as typical representations of this tumor entity. Imaging
was performed on a Biograph Vision Quadra PET/CT (Siemens
Healthineers, Knoxville, TN, USA). The texts served as the previous
examination. After anonymization (removal of the patient’s name
and changing of dates), one prompt per case was created.

The prompts contained the following:

1. the general report template for ['*F]JFDG PET/CT,
2. the
examination, and

anonymized report text of the previous

3. hypothetical changes to the previous examination.

The hypothetical changes were defined by the study authors. Case
selection and prompt definition aimed to provide the study with
of melanoma PET/CT of
complexity. To achieve increasing complexity, the number of

three typical cases increasing
affected organs increased from 1 (case 1) to 8 (case 3) and the
word count of the defined prompts increased from 415 (case 1)
to 826 (case 3, Table 1). This study relied exclusively on report

text. No image data were included.

[*8FIFDG PET/CT report text generation

The three prompts for report generation for cases 1-3
were given to two current open-access LLMs. The first
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Input 1: Previous report text
» Modality: [*8F]JFDG PET/CT
* Melanoma patients
» Source: Original PACS

reports

reported lesions

current study

Input 2: Changes in current exam as text
« Change in size, morphology etc. of previously

« Source: Hypothetical changes defined for the

Input 3: Reporting template
« Standard text with brackets /
drop-downs for [8F]JFDG PET/CT
* Source: Original used in hospital
EPIC

~

Prompt for
case 2

3 text prompts of increasing
complexity for follow-up report
generation (supplement 1):
Input 1: Previous report
Input 2: Changes in current exam
Input 3: Reporting template

Prompt for
case 1

}

~

Prompt for
case 3

Prompt complexity

analysis

| human

| GPT-40 | Claude |

3 sets of authors ‘

9 report texts per case

} }

blinded readers

b

!

Cosine similarity
analysis

}

surveyed

| NUC_internal | NUC_external | GPT-40 | Claude |

(supplement 2+3) 1 1

Do you agree with:
Q1. Findings? Yes / no

Q2. Impression? Yes / no

Q3. Language proficiency? Yes / no

Q4. Time savings? Yes / no
Report authorship

Q5. Report author? Human / LLM / both possible

FIGURE 1

Report ratings (supplement 6)

Project steps for report generation as a follow-up examination to a previous melanoma [*®FIFDG PET/CT.

b

Reader
assessment

LLM was ChatGPT (model GPT-40) (23) and the second LLM
was Claude Sonnet 4 (24). Both LLMs were run for three
revisions on each of the three text generation prompts to
compensate  for the LLM
answering patterns. In addition, three final-year nuclear

statistical ~ variations in
medicine residents were given the prompts for report
generation for cases 1-3. The three residents completed the
same tasks for text generation. Their texts serve as a reference
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group in the total, 27 texts
were generated.

To prevent bias in the blinded review, one distinct formatting

following analysis. In

feature was removed. The “+” bullet symbol originally used by
Claude was replaced by “” prior to evaluation to avoid
identification. An English translation of a sample text from
Claude is provided in Table 2. Supplementary material S1
contains the prompt for report text generation.
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TABLE 1 Complexity of prompts for report generation and cosine similarity between generated report texts (Figure 2).

Prompt Cosine similarity between generated reports

Organs involved Word count Mean Median Min Max 95% ClI
1 1 415 0.688 0.704 0.486 0.861 0.535-0.814 0.088
2 5 686 0.599 0.579 0.443 0.811 0.464-0.790 0.092
3 8 826 0.727 0.748 0.526 0.940 0.530-0.926 0.100
Inter-case — — 0331 0328 0.262 0.422 0.274-0.402 0.033

TABLE 2 Example of a report text generated in German and translated into English for case 3, written by Claude and redacted for anonymization.

English translation: case 3, author = Claude, iteration 3, redacted version for anonymization

Clinical Information and Question: Metastatic malignant melanoma [XXX].

Staging

PET-CT dated XXX

Device: Siemens Biograph Vision Quadra

Technique: Whole-body PET including low-dose CT, XXX minutes after administration via an intravenous access in the right hand

Blood glucose: XXX mmol/L

Premedication: none

Radiotracer: XXX MBq ['*F]JFDG

Findings: PET-CT from XXX available for comparison.

Head/Neck: Normal appearance of the imaged neurocranium with physiological tracer uptake. No evidence of suspicious FDG-avid cervical lymph nodes.

Thorax: Newly appearing, extensive, exophytic, highly FDG-avid soft tissue thickening anterolateral left, up to [XXX] wide (SUVmax [XXX]), confluent with previous

lesions on the left lateral thoracic wall. Newly appearing, FDG-intense lymphadenopathy axillary left (3 lymph nodes, up to [XXX], SUVmax [XXX]) as well as along the left

internal mammary artery (2 nodes up to [XXX]). No suspicious mediastinal or hilar lymph nodes. Increasingly extensive, metabolically active consolidations in both lungs,

right-predominant peribronchial in the upper and lower lobes, and newly in the left upper lobe (SUVmax [XXX]). Imaging consistent with immune-related pneumonitis

[...]. Progression of atypical FDG uptake in the right atrium extending to the interventricular septum, SUVmax currently [XXX] (previously [XXX]). No pleural or

pericardial effusion.[XXX]

Abdomen: Significant metabolic and morphologic progression with now multiple, partially confluent FDG-avid liver lesions (SUVmax up to [XXX]), newly also in the

caudate lobe and segment IVb. Several lesions with central photopenia, consistent with necrotic areas. Increase in size and FDG activity of both adrenal metastases (right

[XXX]; left [XXX]; previously [XXX]). No evidence of bleeding or capsule rupture. Physiological tracer excretion via both kidneys. No free air or fluid.

Skeleton/Extremities: Widespread involvement with now markedly more sclerotic lesions, especially in the sacrum and C1 vertebra. SUVmax in bone lesions tends to be

decreasing (e.g., [XXX] vs. previous study [XXX]), consistent with partial metabolic remission. Status post dorsal spondylodesis of the thoracolumbar junction with cement

augmentation. Status post left hip prosthesis. No new fractures or fracture-prone areas. Newly appearing, FDG-avid nodular lesion intramuscular in the left gluteus medius

(SUVmax [XXX]).

Impression:

- Significant tumor progression of metastatic malignant melanoma with pronounced hepatic, adrenal, and cutaneous/subcutaneous metastases, as well as newly appearing
axillary and paramammary lymphadenopathy left

- Partial metabolic remission of bone metastases despite morphologically increasing sclerosis

- Suspicion of cardiac metastasis vs. immune-mediated myocarditis in the context of progressive FDG uptake in the right atrium extending to the interventricular septum

- Immune-related pneumonitis cannot be clearly distinguished from pulmonary tumor infiltration - further follow-up and interdisciplinary evaluation recommended

Reader assessment

The generated 27 report texts for the three defined cases were
assessed by blinded humans and by blinded LLM readers. Three
internal nuclear medicine experts (NUC_internal) and three
external nuclear medicine experts (NUC_external) read and
graded the 27 report texts. For this purpose, the texts were
provided in an online survey for the human readers (https://
www.limesurvey.org). The 27 texts were shown in three blocks
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of 9, case by case. Within each block of nine, the order of the
texts was randomized per reader. The readers were all
board-certified nuclear medicine specialists/radiologists with a
mean work experience of 10.5+4.9years [mean + standard
deviation (SD)].

In addition, GPT-40 (23) and Claude (24) were given the texts.
Three revisions were obtained due to the already mentioned
statistical variations of LLMs. The corresponding prompt for
using the LLMs as readers is given in Supplementary material S2.
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Cosine similarity on and above the main diagonal between the generated 27 report texts.

Cosine similarity

o
0

-0.4

0.3

case_2_cGPT 2-

case_2 cGPT_3-

ase_2 _Claude_1 -

case_2_Claude_3 -

case_3_human_1 -

case_3_human 2 -

case_3_human_3-

case_3 cGPT_1-

case_3 cGPT 2-

case_3_cGPT_3-

case_3 Claude_1 -

case_3_Claude_2 -

case_3_Claude_3

case 2 cGPT 1-

case 2 Claude 2-

%€
D
©
]
A

All readers, human and LLM, had to answer the following five
questions with defined answering options for each of the 27 texts:
Do you agree with

QI. Findings? Yes/no

Q2. Impression? Yes/no

Q3. Language proficiency? Yes/no
Q4. Time savings? Yes/no

Report authorship

Q5. Report author? Human/LLM/both possible

Questions 1-4 dealt with text quality. Question 5 asked the
blinded reader about the text’s authorship. Questions 1-4 were
answered on a binary scale (positive/yes or negative/no).
Although text quality can be assessed on a wider scale (25),
larger scales often increase inter-reader variability, for example,
due to differing interpretations of intermediate steps. The main
interest in this study was whether a report could be sent to the
referring physician or not. The readers were therefore asked to
label each report as either suitable or unsuitable with respect to
the quality requirements for a nuclear medicine report. This
places the reader in the clinical workflow scenario where a
senior doctor has to confirm a report text as final. Potential
time savings were not quantified further; this study’s evaluation
relied on positive/negative reader assessment for a hypothetical

Frontiers in Nuclear Medicine

routine clinical application of the tested software. Question 4
relates to perceived rather than measured efficiency. Question 5
had a third option in case the reader was unable to define
whether a text had been written by a human author or by an
LLM. The obtained
Supplementary material S3.

reader results are presented in

The prompts for cases 1-3, the 27 generated report texts, and
the reader survey were in German. All the internal and external
human readers are native German speakers, board-certified in

German, and practicing in their native language.

Statistical analysis

For the statistical analysis, a Python code was implemented
and is provided with commented code lines as an open-access
supplement (Supplementary material S4). Cosine similarity on
the interval [—1,1] between the 27 generated reports texts was
calculated after term frequency and inverse document
frequency (Tfidf) vectorizing (26, 27) (Table 1 and Figure 2).
For the quantified analysis of the reader results, the reader
score was transformed into a numerical scale for questions 1-
4 (yes=1, no=0, Table 3 and Figure 3). Details of the
standard implementation of mean, median, 95% confidence
interval (95% CI), SD, recall, etc., can be obtained from the
Python code (Supplementary material S4). Cramer’s V (28,
29) was implemented between text quality questions 1-4 and
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TABLE 3 Text quality assessment by readers (questions 1-4) and the influence of case complexity (Figure 3).

Text quality

True author Mean + SD NUC_internal NUC_external
Human QI: findings 0.667 +0.480 0.852 +0.362 1.000 + 0.000 1.000 + 0.000
GPT-40 0.741 + 0.447 0.852 +0.362 1.000 + 0.000 1.000 + 0.000
Claude 0.741 + 0.447 0.889 +0.320 1.000 + 0.000 1.000 + 0.000
Human Q2: impression 0.815+0.396 0.704 + 0.465 1.000 + 0.000 1.000 + 0.000
GPT-40 0.926 +0.267 0.963 +0.192 1.000 + 0.000 1.000 + 0.000
Claude 0.778 + 0.424 0.926 +0.267 1.000 + 0.000 1.000 + 0.000
Human Q3: language 0.778 + 0.424 1.000 + 0.000 1.000 + 0.000 0.815+0.396
GPT-40 0.593 +0.501 0.963 +0.192 1.000 + 0.000 1.000 + 0.000
Claude 0.741 +0.447 0.926 + 0.267 1.000 + 0.000 1.000 + 0.000
Human Q4: time saving 0.556 +0.506 0.889 +0.320 1.000 + 0.000 1.000 + 0.000
GPT-40 0.630 +0.492 0.852 +0.362 1.000 + 0.000 1.000 + 0.000
Claude 0.556 + 0.506 0.963 +0.192 1.000 + 0.000 1.000 + 0.000
Human Combined Q1-4 0.704 + 0.459 0.861 +0.347 1.000 + 0.000 0.954+0.211
GPT-40 0.722 +£0.450 0.907 +0.291 1.000 + 0.000 1.000 + 0.000
Claude 0.704 + 0.459 0.926 +0.263 1.000 + 0.000 1.000 + 0.000
Cramer’s V: text quality to case complexity
True author = human QI: findings 0.509: large 0.390: medium 0.000: none 0.000: none
Q2: impression 0.357: medium 0.303: medium 0.000: none 0.000: none
Q3: language 0.218: small 0.000: none 0.000: none 0.357: medium
Q4: time saving 0.000: none 0.289: small 0.000: none 0.000: none
Combined Q1-4 0.245: small 0.236: small 0.000: none 0.165: small
Cramer’s V: text quality to case complexity
True author = LLM QI: findings 0.431: medium 0.156: small 0.000: none 0.000: none
Q2: impression 0.195: small 0.343: medium 0.000: none 0.000: none
Q3: language 0.167: small 0.343: medium 0.000: none 0.000: none
Q4: time saving 0.141: small 0.090: very small 0.000: none 0.000: none
Combined Q1-4 0.116: small 0.148: small 0.000: none 0.000: none

text complexity, and between text quality questions 1-4 and true
author (Tables 3, 4). Cramer’s V indicates for the interval (0-1)
the degree by which two nominal variables are associated,
independent of sample size: 0 =no association and 1= perfect
association. The interpretation of Cramer’s V follows the
framework offered by Cohen (29) for effect size on categorical
data: small: >0.10, medium: >0.30, large: >0.50. This study
interprets this further, with very small <0.1 and none if 0.

The chi-squared () test of independence (30) between the
reader results obtained for quality questions 1-4, split by true
author (human or LLM), was used (Table 4). Fisher’s exact test
(FET) (31) was applied if one cell of the contingency matrix had
a value <5. The Benjamini-Hochberg procedure for controlling
the false discovery rate (FDR) was applied to correct raw
p-values, i.e., counterbalancing inflation of Type I error due to
multiple hypothesis testing (32).

Inter-reader reliability (IRR) was calculated using the irrCAC
package (33). Gwet and Fleiss’ kappa were extracted together with
their corresponding p-value (Table 5). Their interpretation

Frontiers in Nuclear Medicine

regarding the LLM responses is discussed below. The IRR p-value
in the irrCAC implementation tests whether the null hypothesis
(HO), i.e., there is no agreement between readers beyond what is
expected by chance, can be rejected. Gwet is especially useful for
imbalanced data (34). Gwet and Fleiss take both values in the
interval [—1,1]. The following framework for the interpretation of
numerical IRR has been offered by Landis and Koch (35): <0:
poor, >0: slight, >0.2: fair, >0.4: moderate, >0.6: substantial, >0.8:
almost perfect, and : perfect.

Results
Cosine similarity

The cosine similarity between the 27 generated report
texts reached the global maximum (perfect 1 =absolute possible

maximum) on the main diagonal, comparing report texts to
themselves (Figure 2). Above the main diagonal, three plateaus
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FIGURE 3
Mean score split by reader and by author, plotted over increasing case complexity (questions 1-4).

TABLE 4 Identification of the true author (question 5, Figure 4) and the influence of true author on reader assessment with y?/FET significance testing after FDR correction.

True author

Question 5 Performance NUC_internal NUC_external Claude
Recall human 0.407 0.370 0.000 0.000
Recall LLM 0.278 0.370 1.000 0.833
Balanced accuracy 0.343 0.370 0.500 0.417
Uncertainty rate 0.469 0.284 0.000 0.173

Cramer’s V: text quality to true author
QI: findings 0.077: very small 0.025: very small 0.000: none 0.000: none
Q2: impression 0.048: very small 0.331: medium 0.000: none 0.000: none
Q3: language 0.115: small 0.139: small 0.000: none 0.363: medium
Q4: time saving 0.035: very small 0.029: very small 0.000: none 0.000: none
combined Q1-4 0.010: very small 0.087: very small 0.000: none 0.177: small

P-value of )(2 test of independence [FET if min(cells) <5], data split by true author
QI: findings 0.663: XZ 1.000: FET 1.000: FET 1.000: FET
Q2: impression 0.915: * 0.005: FET* 1.000: FET 1.000: FET
Q3: language 0.439: % 0.547: FET 1.000: FET 0.003: FET*
Q4: time saving 0.937: xz 1.000: FET 1.000: FET 1.000: FET

“Significance after FDR correction marked.

of triangular shape corresponding to cases 1-3 were obtained. The
mean cosine similarity + SD was between 0.599 +0.092 (case 1)
and 0.727£0.100 (case 3) for the intra-case comparisons
(Table 1). The corresponding value dropped to 0.331 +0.033 for

the inter-case comparisons. The range of cosine similarity from
the intra-case calculation and the inter-case calculation did not
overlap; the maximum inter-case value of 0.422 was less than
the minimum intra-case value of 0.443.
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FIGURE 4
Confusion matrix by reader, true author over predicted author (question 5).
TABLE 5 IRR by Gwet and Fleiss’ kappa.
IRR Variable NUC_internal NUC_external GPT-40 Claude
Gwet Coefficient 0.400 0.670 1.000 0.961
Interpretation Fair Substantial Perfect Almost perfect
p-value 0.000 0.000 0.000 0.000
Fleiss’ kappa Coefficient 0.165 0.371 1.000 0.901
Interpretation Slight Fair Perfect Almost perfect
p-value 0.000 0.000 0.000 0.000

Report text quality by reader

The numerically transformed reader assessments (Table 3)
from NUC_external were consistently equal to or higher than
those from NUC_internal across all questions and authors. For
the human-authored reports, the NUC_external scores ranged
from a minimum of 0.704+0.465 (Q2: impression) to a
1.000 £0.000 (Q3: language), while the
NUC_internal scores ranged from a minimum of 0.556 + 0.506
(Q4: time saving) to a maximum of 0.815+0.396 (Q2:
impression). For the reports authored by GPT-40, the
NUC_external scores ranged from a minimum of 0.852 +0.362

maximum  of

to a maximum of 0.963+0.192, compared to a range of a
minimum of 0.593 +0.501 to a maximum of 0.926 +0.267 for
NUC_internal. Similarly, for the Claude-generated reports, the
NUC_external scores ranged from 0.889 + 0.320 to 0.963 +0.192,
with the NUC_internal scores ranging from 0.556 +0.506 to
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0.778 £ 0.424. The combined Q1-4 scores were also higher for
NUC_external across all authors: human (0.861 +0.347 vs.
0.704 £0.459), GPT-40 (0.907 £0.291 vs. 0.722+0.450), and
Claude (0.926 + 0.263 vs. 0.704 £ 0.459).

Across all questions and authors, GPT-40 assigned perfect
scores (1.000 +0.000) in every case. This includes its evaluations
of human-written reports and those generated by itself and
Claude, with no variation across the different quality dimensions.
In the answering data from GPT-40, no discrimination between
human- and Al-authored content was found.

Across the majority of the categories, Claude assigned perfect
scores (1.000 +0.000) to all reports, indicating a generally high
evaluation regardless of authorship. The only exception occurred
in Q3 (language), where Claude rated human-authored reports
slightly 0.815+0.396. Claude
limitations in human language use compared to Al-generated
reports. The combined Q1-4 score for human-authored reports

lower at perceived minor
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was 0.954 + 0.211, slightly lower than the 1.000 + 0.000 scores of
both AI models.

Influence of case complexity

The mean scores for text quality ratings split by readers and
plotted over increasing case complexity are summarized in
Figure 3. For the NUC_internal readers, human performance
decreased with complexity (0.861-0.611), whereas Claude
improved (0.694-0.833) and GPT-40 showed a slight decrease
(0.806-0.667). Both NUC_internal and NUC_external rated case
1 as (minimum complexity) Human > GPT-40 > Claude, and
case 3 (maximum complexity) as Claude > GPT-40 >human.
Text authored by GPT-40 and Claude achieved perfect mean
scores (1.000) across all cases when evaluated by GPT-40 and
Claude as readers, indicating perfect agreement. In contrast,
human-authored texts received partially lower scores from
Claude, with mean scores of 0.944 and 0.917 for cases 1 and
3, respectively.

Cramer’s V between text quality ratings and case complexity
(cases 1-3) varied by question and true author (human vs. LLM,
Table 3). For human-authored reports, the NUC_internal
ratings showed the strongest associations, with effect sizes
ranging from 0.000 (none) to 0.509 (large). The highest
association was observed for Ql (findings) (0.509, large),
followed by Q2 (impression) (0.357, medium) and Q3 (time
(0.218, The NUC_external
demonstrated medium-to-small associations, with Q1 (findings)
(0.390, medium) and Q2 (impression) (0.303, medium) yielding

savings) small). ratings also

the highest values. The combined Q1-4 scores showed small
associations for both NUC_internal (0.245) and NUC_external
(0.236). In contrast, for the LLM-authored reports, the effect
sizes were consistently smaller. NUC_internal values ranged
from 0.141 (small) to 0.431 (medium), with the highest
association again observed for Q1 (findings) (0.431, medium).
The NUC_external values were highest for Q2 and Q3 (0.343,
medium), while all other associations remained small or very
small. Ratings from GPT-40 and Claude showed no association
(0.000) in the majority of cases, except for Claude’s Q3 rating of
human-authored reports (0.357, medium) and combined Q1-4
score (0.165, small).

True author: identification by readers and
significance testing

For Question 5, which asked readers to identify the true
author, performance varied across reader types (Figure 4 and
Table 4). The NUC_internal readers showed moderate recall for
human-authored responses (0.407) but lower recall for LLM-
authored responses (0.278), resulting in a balanced accuracy of
0.343. The uncertainty rate—cases labeled as “both possible”—
(0.469). The
NUC_external readers demonstrated slightly more balanced

was greater than for any other reader
performance, with equal recall for human and LLM texts (0.370
each), yielding a balanced accuracy of 0.370 and a lower
uncertainty rate of 0.284. In contrast, GPT-40, as a reader,

exclusively predicted all reports as LLM-generated, resulting in a
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recall of 1.000 for LLM-authored texts but 0.000 for human-
authored ones. This yielded a balanced accuracy of 0.500 and an
uncertainty rate of 0.000. Claude, as a reader, similarly showed
strong LLM identification (recall =0.833) but failed to identify
any human-authored texts (recall=0.000), with a balanced
accuracy of 0.417 and uncertainty rate of 0.173.

Cramer’s V was used to assess the association between the text
quality ratings (Questions 1-4) and the true author (human vs.
LLM, Table 4). For the NUC_internal readers, the highest
association between text quality and true author was observed in
the time savings question (Q3) with a Cramer’s V of 0.115
(small), while the lowest association was found for the
combined Ql-4 score with 0.010 (very small). For the
NUC_external readers, the highest association was noted for the
impression question (Q2) with a Cramer’s V of 0.331 (medium),
and the lowest association was for findings (Ql) with 0.025
(very small). The other questions demonstrated small to very
small effects. The Cramer’s V for the combined Q1-4 score was
0.087, classified as very small.

GPT-40, as a reader, showed no association (Cramer’s
V =0.000) across all the individual and combined questions. In
contrast, Claude, as a reader, demonstrated a medium
association for language proficiency (Q3), with a Cramer’s
V =0.363, and a small overall association when combining all
0.177),
impression, or time savings.

the questions with no association for findings,

The %*/FET test revealed no significance between text quality
ratings and true author for the NUC_internal readers or
GPT-40 (all p>0.05, Table 4). The NUC_external readers
showed a significant association for impression (Q2; FET
p=0.005, also significant after FDR correction). Claude, as a
reader, showed significant associations for language (Q3; FET
p =0.003, also significant after FDR correction).

Inter-rater reliability

Based on Gwet, agreement was fair for the NUC_internal
readers (0.400), substantial for NUC_external (0.670), perfect for
GPT-40 (1.000), and almost perfect for Claude (0.961), all with
p<0.05 (Table 5). Using Fleiss’ kappa, the NUC_internal
readers showed slight agreement (0.165), NUC_external showed
fair agreement (0.371), while GPT-40 (1.000) and Claude
(0.901) demonstrated perfect and almost perfect agreement,
respectively. All Fleiss” kappa values were statistically significant
(p <0.05). Overall, IRR was highest for GPT-4o, followed closely
by Claude, with both AI systems substantially more consistent
than the human reader groups.

Discussion

This study used LLMs to simulate the generation of PET/CT
reports in melanoma follow-ups. Blinded reviewers (external
clinicians, internal clinicians, and LLMs) evaluated reports from
the perspective of a senior physician responsible for final sign-
off, i.e, the approval step that releases the report to the
referring physician.
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Clinical integration perspectives

Although this study did not evaluate clinical deployment

directly, several practical pathways for integrating LLM-
generated PET/CT follow-up reports into real-world workflows
can be envisioned (19). A realistic early application would be a
human-AI hybrid workflow, in which LLMs generate an initial
structured draft that is reviewed, corrected, and signed off by a
nuclear medicine physician (6, 36). Alternatively, LLMs may
reporting  systems,

completeness, and

support structured to ensure

linguistic

helping
consistency, adherence to
institutional templates. Another promising role may be quality-
control support, where LLMs act as a secondary reader to
highlight inconsistencies, missing key findings, or deviations
from prior reports (22). Any clinical implementation will
require clear governance, transparency of Al involvement,
robust validation, and retained clinical responsibility with the
human expert.

Formal text similarity

It is established that text similarity metrics, such as cosine
similarity, can reveal intra- and inter-model patterns in LLM
outputs (37). In the present study, cosine similarity was highest
for intra-case comparisons, regardless of a text’s author. This
suggests that both the evaluated LLMs, GPT-40 (23) and Claude
Sonnet 4 (24), can successfully generate reports that exhibit a
distinct level of semantic and structural similarity comparable to
that of reports authored by nuclear medicine physicians.
However, high cosine similarity should not be interpreted as
indicating clinically identical meaning, which is why human
internal and external readers are essential.

Interpretation of IRR/LLM stability

Despite being blinded to authorship, both GPT-40 and Claude
consistently rated all reports—whether human- or LLM-authored
—with uniformly high scores. This lack of discrimination suggests
a possible intrinsic bias in LLM evaluators toward stylistic or
structural features typical of Al-generated text. Recent work has
shown that LLMs often align more closely with the linguistic
patterns of their own outputs, even when assessing content
self-
reinforcing evaluation loops in LLM-based systems (38). Due to

produced by other sources, raising concerns about
the limited insights into LLM decision-making processes, there
is debate whether Fleiss’s and Gwet’s coefficients (Table 5)
represent true IRR measures in LLMs or rather provide an
intra-rater test-retest assessment of model stability with possible
(39).
interpretation, the high agreement coefficients demonstrate high

memory components Despite this uncertainty in
model stability and absence of chaotic statistical variations,
which is crucial for potential clinical applications.

In contrast, human readers displayed greater variability and
differentiation (40), underscoring their continued value in
nuanced quality assessments. Accordingly, the obtained IRR
between blinded human readers varied from slight to fair for

Fleiss” kappa and fair to substantial for Gwet. This limited level
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of agreement between human readers has been found in other
text quality studies (6, 25).

Whether the fluctuations in reader results, be it human or
LLM readers, reflect genuine quality differentials or inter-rater
noise is not answered in this study. Future study designs will
benefit from the inclusion of an independent ground truth.

Measurable effects on report quality from
blinded report assessment

This study measured the performance of authors through
quality assessment by blinded readers. Internal and external
nuclear medicine specialists and the two LLMs graded the
generated texts by answering closed (yes/no) questions on text
quality. The survey asked the readers to take the role of a senior
doctor who, in the clinical workflow, has to confirm a report
text as final. In the assessments by the external and the internal
human readers, the performance of human authors declined
with increasing case complexity. In contrast, there was an
observable trend that LLM texts were preferred at higher
complexity levels, suggesting advantages in using Al in
challenging cases. The limited sample size means that the
observations should be seen as exploratory. If validated in the
future, this would be consistent with evidence showing
multimodal AI models can outperform human diagnoses in up
to 85% of cases (41). Significant differences between human-
authored texts and Al-authored texts were found by external
human readers for Q2 (impression; p=0.005, FET), and by

Claude for Q3 (language; p = 0.003, FET, Table 4).

True author indistinguishable to human
and LLM readers

None of the readers, human or LLM, reliably identified the
true author of the reports. Human readers showed low balanced
accuracy and high uncertainty, while LLMs, despite being
blinded, labeled none of the reports as human-generated. This
highlights a broader challenge in authorship attribution for AI-
generated clinical text and supports previous findings that LLMs
lack reliable self-critique or author discrimination capabilities
(38). However, the limited sample size means that the obtained
results should be seen as exploratory.

Importance of external evaluation

In our study, the NUC_external readers consistently assigned
scores that were equal to or higher than those of the NUC_internal
readers across all questions and author types. Similar patterns of
performance consistency by external readers have been observed
in radiology studies, where independent external readers offer
that
multi-institutional

consensus-based or majority interpretations serve as

surrogate  standards. For instance, a
investigation of body CT interpretation involved 31 external
radiologists across 22 centers; these external assessments helped
define a surrogate “reference standard,” against which primary

internal readings were compared, to evaluate interpretation
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variability and generalizability (42). This underscores the potential
value of external evaluations in obtaining robust, calibrated
assessments of report quality, particularly in contexts like ours
where internal and external reader scores diverge.

Study limitations

The internal validity of this study is constrained by the small
number of original cases (n = 3). While each case was deliberately
designed as a textbook melanoma follow-up scenario and
generated 9 independent report versions (yielding 27 texts), the
limited number of base cases restricts the precision with which
effect sizes could be estimated. The observed differences

between the authors and readers, therefore, need to be
interpreted as exploratory rather than definitive. Nevertheless,
the consistent directionality of several findings, such as IRR
levels (Table 5), suggests that the observed effects are not purely
random, even if their magnitude cannot be robustly quantified.
External validity is limited by the deliberate case selection
strategy. The three cases represent typical, well-defined melanoma
follow-up scenarios of increasing complexity rather than a
representative sample of the full clinical spectrum. Consequently,
the results do not allow for direct generalization to all oncologic
PET/CT follow-up examinations, rare edge cases, or institutions
with substantially different reporting cultures. The intent of this
study was not to establish population-level performance metrics
or generalizable trends, but to evaluate model stability and reader
perception under controlled and clinically realistic conditions.
with
collections will be required to assess generalizability across

Future studies larger and more heterogeneous case
diseases, institutions, and reporting styles.

Reproducibility is inherently limited by the nature of
contemporary large language models. GPT-40 and Claude are
systems that function as “black boxes” and may be modified,
restricted, or withdrawn by their providers without notice.
Indeed, the browser-based versions used in this study are no
longer accessible in their original form. As a result, exact
replication of the reported outputs is not guaranteed,
independent of study design quality. This limitation applies not
but

benchmarking in general. To mitigate this,

only to LLM-based experiments increasingly to Al
all prompts,
evaluation criteria, and analysis code are provided openly
S1-84),

replication even if bit-wise reproducibility

(Supplementary material allowing conceptual and
methodological
cannot be ensured. The observed trends should therefore be
interpreted with caution, and future work will benefit from the
inclusion of independent ground truth definitions and
longitudinal benchmarking.

Our study did not assess actual clinical implementation. For the
sake of complexity reduction, the current study’s design included
text-only processes (Figure 1). The reports were generated and
evaluated in an experimental simulation, outside of clinical
workflows. It remains unclear how LLM-generated reports would
perform in real-world diagnostic or interdisciplinary settings,
where reader context, time constraints, and responsibility for
clinical decisions may affect perception and usability.

Our evaluation was limited to text-based prompts and report

generation. No imaging data were used, and the LLMs did not
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interpret or “see” the PET/CT images. As such, this study does
not assess whether LLMs can independently derive findings
from medical images, but rather whether they can produce
coherent and clinically acceptable follow-up reports based on
structured textual input.

A further limitation is that all source data and report templates
came from a single institution, reducing diversity in clinical styles
and practices. All the evaluations were conducted in German,
which may limit applicability to other languages. A sensitivity
test related to increasing case complexity was performed
(Figure 3); however, no sensitivity test was included that
investigated the effect of minor input perturbations.

Conclusion

The LLMs used in this study demonstrated high model
stability. In the blinded reader assessment, they were marginally
superior to human authors when tasked with ['®F]FDG PET/CT
melanoma follow-up report writing, with the external human
readers preferring the LLM-generated reports in question
2. Claude preferred the language of LLM-generated reports
(Question 3).
performance and their computational speed, it appears possible

Given the ongoing improvement of LLM

that such systems will find their way into clinical applications in
the future. The improvements that can be expected from the
of AI not limitless; the
reconstruction of magnetic resonance imaging (MRI) is one

usage systems are, however,
example (43, 44). It remains to be seen what the contribution of
LLMs in the near future will be to the writing of nuclear
medicine reports (5, 7). An increase in productivity would be in
the best interest of patients, doctors, and hospital administrators
alike (3), with the caveat that the quality of patient outcomes is
maintained or even increased. Computers automatically writing
complex PET/CT reports and interacting with human healthcare
staff in hybrid processes would bring into reality the predictions
of the first AI thinkers from the 1950s (19). Despite the
promising results of this study, the deskilling of medical doctors
due to computer processes appears not to be an immediate

threat, at the moment at least (45).
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