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ARTICLE INFO ABSTRACT

Keywords: Objective: This study introduces a novel evaluation framework, GPTRadScore, to systematically assess the
Multimodal performance of multimodal large language models (MLLMs) in generating clinically accurate findings from
Language models CT imaging. Specifically, GPTRadScore leverages LLMs as an evaluation metric, aiming to provide a more
CT scans

accurate and clinically informed assessment than traditional language-specific methods. Using this framework,
we evaluate the capability of several MLLMs, including GPT-4 with Vision (GPT-4V), Gemini Pro Vision,
LLaVA-Med, and RadFM, to interpret findings in CT scans.

Methods: This retrospective study leverages a subset of the public DeepLesion dataset to evaluate the
performance of several multimodal LLMs in describing findings in CT slices. GPTRadScore was developed to
assess the generated descriptions (location, body part, and type) using GPT-4, alongside traditional metrics.
RadFM was fine-tuned using a subset of the DeepLesion dataset with additional labeled examples targeting
complex findings. Post fine-tuning, performance was reassessed using GPTRadScore to measure accuracy
improvements.

Results: Evaluations demonstrated a high correlation of GPTRadScore with clinician assessments, with Pear-
son’s correlation coefficients of 0.87, 0.91, 0.75, 0.90, and 0.89. These results highlight its superiority over
traditional metrics, such as BLEU, METEOR, and ROUGE, and indicate that GPTRadScore can serve as a reliable
evaluation metric. Using GPTRadScore, it was observed that while GPT-4V and Gemini Pro Vision outperformed
other models, significant areas for improvement remain, primarily due to limitations in the datasets used for
training. Fine-tuning RadFM resulted in substantial accuracy gains: location accuracy increased from 3.41% to
12.8%, body part accuracy improved from 29.12% to 53%, and type accuracy rose from 9.24% to 30%. These
findings reinforce the hypothesis that fine-tuning RadFM can significantly enhance its performance.
Conclusion: GPT-4 effectively correlates with expert assessments, validating its use as a reliable metric for
evaluating multimodal LLMs in radiological diagnostics. Additionally, the results underscore the efficacy of
fine-tuning approaches in improving the descriptive accuracy of LLM-generated medical imaging findings.

Evaluation
Fine-tuning
Medical imaging

1. Introduction textual report. To improve efficiency, many radiologists now use speech
recognition software (SRS) to transcribe dictations into text. While SRS
Radiology plays a crucial role in modern healthcare, enabling clin-
icians to visualize internal anatomical structures and make informed
decisions for diagnosis and treatment. A fundamental aspect of ra-
diology practice involves the generation of formalized reports that
communicate imaging findings to referring physicians. Traditionally, cal legal risks [1], particularly in cross-sectional imaging modalities
this involves a radiologist interpreting the scan and producing a signed

significantly reduces report turnaround time, it introduces transcrip-
tion errors that must be manually corrected. If left uncorrected, such
errors may compromise diagnostic accuracy and even lead to medi-
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such as computed tomography (CT) and magnetic resonance imaging
(MRI) [2].

The increasing demand for cross-sectional imaging [3] has further
exacerbated radiologists’ workload, contributing to burnout rates as
high as 54%-72% [4]. This rising clinical burden has driven inter-
est in Al-assisted solutions, for example transformer-based models for
radiology report generation [5,6]. However, these models have pre-
dominantly focused on chest radiographs (CXR), with relatively little
attention paid to CT [7]. Reporting for CT is inherently more challeng-
ing due to the volumetric nature of the data, computational demands,
and the necessity for precise clinical descriptions. Recent advancements
in Large Language Models (LLMs) such as GPT-4 [8], GPT-4 Vision
(GPT-4V), Gemini Pro Vision [9], LLaVA-Med [10], and Radiology
Foundation Model (RadFM) [11] have demonstrated their potential
to support a wide array of healthcare applications. These applications
include passing medical exams, generating clinical notes, and facilitat-
ing disease diagnosis [12-14]. Multimodal models have the additional
capability of incorporating both visual and textual inputs, enabling
them to pre-fill the “findings” section of radiology reports [15], thereby
expediting the review process for radiologists.

Despite these technological advancements, several barriers remain
to the clinical adoption of multimodal LLMs in radiology. Most im-
portantly; (1) the need to build trust among radiologists regarding the
system’s reliability and (2) the requirement for easy interpretability and
evaluation of the content generated by LLMs. Traditional evaluation
methods for radiology report generation rely on Natural Language
Generation (NLG) and Clinical Efficacy (CE) metrics. However, these
metrics often fail to capture the semantic depth and clinical rele-
vance essential for radiology reports [15-17]. Moreover, these evalu-
ation metrics lack the explanatory power required to support clinical
decision-making and foster user trust.

To address these challenges, we present a novel evaluation frame-
work to assess the capability of multimodal LLMs to generate di-
agnostically accurate descriptions of CT-based findings for radiology
reports. CT slices with an abnormal finding were fed to a multimodal
LLM (e.g., RadFM) that generated a description of the abnormality.
A language-centric GPT-4 model decomposed the summary into its
characteristics (body part, location, type), evaluated them against gold-
standard references, and scored the description based on its clini-
cal relevance and accuracy. Our contribution can be summarized as
follows:

» Framework Introduction: We present GPTRadScore, a novel
automated evaluation framework for assessing the descriptive
accuracy of multimodal large language models (LLMs) in inter-
preting CT scans. GPTRadScore showed strong alignment with
clinician evaluations, achieving Pearson’s correlation coefficients
of 0.87, 0.91, 0.75, 0.90, and 0.89. These results outperform tra-
ditional metrics like BLEU, METEOR, and ROUGE, demonstrating
GPT-4’s potential as a reliable evaluation standard.

Evaluation of Four Report Generation Models: We assess the
performance of GPT-4V, Gemini Pro Vision, LLaVA-Med, and
RadFM by using GPTRadScore, providing a comparative analysis
of their strengths and limitations in lesion characterization.
Fine-Tuning for Enhanced Accuracy: We demonstrate that fine-
tuning RadFM on a domain-specific dataset significantly improves
its performance in lesion description. Using our proposed GP-
TRadScore, we measure substantial gains, with location accuracy

increasing from 3.41% to 12.8%, body part accuracy rising from
29.12% to 53%, and lesion type accuracy growing from 9.24% to
30%.
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Statement of significance

Problem or Radiology relies on accurate report
Issue generation, increasing radiologists’
workload. Advanced Al models show
promise in reducing this burden but face
challenges in reliability and clinical
relevance.

Most existing systems focus on chest
X-rays (CXR) and use single-modality
models, which are suitable for basic 2D
images but inadequate for complex CT
imaging. Traditional evaluation metrics
also fail to measure the clinical
usefulness of these Al-generated reports.
Introduces GPTRadScore, a new
multimodal framework for evaluating
CT-based findings. It breaks down
findings into body part, location, and
type for more accurate assessment. The
study evaluates four advanced models
(GPT-4V, Gemini Pro Vision, LLaVA-Med,
and RadFM) and fine-tunes RadFM for
better accuracy. Results show
GPTRadScore aligns closely with human
evaluations, highlighting its potential to
reduce radiologist workload and
streamline radiology workflows.
Radiologists, clinicians, healthcare
providers, and Al researchers. This work
can make radiology more efficient and
reduce clinician burnout.

What is
already
known

What this
paper adds

Who would
benefit from
the new
knowledge in
this paper

2. Related works

Early efforts in extracting pathologies utilized NLG rules, which
were crafted to isolate specific disease features. Notable examples
include the cheXpert-labeler and NegBio [18,19], both of which were
employed to derive disease labels in chest X-rays. With the advent of
transformer models, notably the BERT model, a more advanced solu-
tion, the cheXbert-labeler, was introduced. The cheXbert-labeler is a
model specifically trained on the CheXpert dataset to perform this task.
Additionally, concept-based evaluation metrics such as MEDCON [20]
(which leverages the Unified Medical Language System) have been
proposed to improve the accuracy and consistency of clinical concept
extraction. However, MEDCON is designed for structured clinical text
and does not align with the free-text radiology report format.

As LLMs gain popularity, their integration into radiology becomes
increasingly inevitable. These models, including multimodal LLMs, are
set to assist in clinical decisions, extract information from clinical notes,
and generate radiological reports, showcasing their broad utility in the
field [12,21-23].

LLMs possess the advanced capability for complex reasoning, mak-
ing them highly suitable for analyzing Al-generated radiological reports
in comparison to ground truth. Leveraging LLMs to evaluate radiolog-
ical reports harnesses their analytical power and provides a scalable
solution for managing large datasets, potentially containing thousands
of reports. Relying on clinicians to validate these reports is an ineffi-
cient use of their time, given their essential roles in direct patient care
and decision-making. By using LLMs for initial evaluations, healthcare
systems can reserve clinicians’ expertise for tasks where human judg-
ment is crucial, optimizing resources and potentially speeding up the
diagnostic process.

Wang et al. [24] recently introduced LLM-RadJudge, a method that
compares the performance of various LLMs and demonstrates that using
GPT-4, their proposed metric achieves evaluation consistency close



Q. Zhu et al.

bbox No-bbox .
:}I{é Vision LLMs

GPT4-V Predicted

Text
CT slice LLaVA-Med [E
w/ pathology
RadFM Ground Truth
: \ Text
Prompt: (
Imagine you are L RadFM (FT) J
a radiolo -~/ Dataset:

- 500 slices, 500 nodules

Journal of Biomedical Informatics 168 (2025) 104864

e

Evaluation Pipeline

[ NLG Metrics ] [ Clinician ] [ (EIPI Uity ]
evaluation
v v v
ROUGE Body Parts Body Parts
vereon

| | |
Correlation Score

- 486 patients (294M, 192F)

Fig. 1. Pipeline for the auto-evaluation of CT-based findings characterization. First, CT slices with outlined lesions were analyzed by vision-based LLMs that generated a summary
of their characteristics. The summaries were evaluated against the ground-truth annotations by a clinician, with NLG metrics, and auto-evaluation with GPT-4.
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Fig. 2. Flowchart of the data selection process, illustrating the inclusion and exclusion criteria to curate DeepLesion Subset used in this study.

to that of radiologists. Furthermore, they constructed a dataset based
on LLM evaluation results and used knowledge distillation to train a
smaller model, which achieves evaluation capabilities comparable to
GPT-4. Similarly, Liu et al. [25] proposed MRScore, a framework akin
to LLM-RadJudge. Zhu et al. [16] proposed a method that combines
the expertise of professional radiologists with LLMs such as GPT-3.5
and GPT-4. Using In-Context Instruction Learning (ICIL) and Chain of
Thought (CoT) reasoning to align LLM evaluations with radiologist
standards, experimental results demonstrated greater alignment with
expert evaluations, surpassing traditional NLG metrics such as BLEU,
ROUGE, and METEOR.

Despite these advancements, there is still no automated system
for validating the clinical accuracy of CT reports, largely because of
the scarcity of high-quality datasets and the complexity of CT imag-
ing, which involves a broad range of body parts and requires ex-
tensive anatomical knowledge. This paper introduces GPTRadScore, a
novel evaluation framework that assesses the capabilities of multimodal
LLMs. It uses a decomposition method based on GPT-4, which mimics
clinicians’ evaluation processes, comparing Al-generated descriptions
with the actual ground truth across factors such as body part, location,
and type.

3. Methods

This study introduces a novel “GPTRadScore” framework for eval-
uating the accuracy of multimodal LLMs in generating clinical descrip-
tions of CT-based findings. Fig. 1 illustrates the experimental design.
We break down the experimental setting into two integral steps: 1.

Generating Descriptions of CT Findings: (1) Visual Context Integra-
tion: CT slices with abnormalities are marked with bounding boxes to
provide clear visual context to the multimodal LLMs. (2) Text-Based
Chain-of-Thought (CoT): The multimodal LLMs generate free-text de-
scriptions of the abnormalities, focusing on body part, specific location,
and type of finding. (3) Fine-Tuning RadFM: RadFM was fine-tuned
using domain-specific data from the DeepLesion dataset to improve its
accuracy in generating clinically relevant descriptions of findings. 2.
Evaluation Process (GPTRadScore): GPT-4 was used to compare the
generated descriptions against gold-standard report sentences. Scores
were assigned based on clinical relevance and accuracy, mimicking
clinician assessment.

3.1. Dataset

This retrospective study leverages the comprehensive DeepLesion®
dataset from the National Institutes of Health (NIH) Clinical Center.
The dataset includes 32,735 annotated lesions from 10,594 studies,
spanning multiple body regions and involving a total of 4,427 patients
(mean age: 53.0 years; SD: 16.4; 2398 male patients). As DeepLesion
is publicly available, no approval from an Institutional Review Board
was required, and the requirement for signed informed consent was
waived. For this study, we use a subset of the dataset [26] that contains
both images and related findings to evaluate the models.* Subsequently,

3 https://nihcc.app.box.com/v/DeepLesion/folder/50715173939.
4 https://github.com/rsummers11/CADLab/blob/master/LesaNet/
program_data/hand_labeled_test_set.json.
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Case Study

abdomen, adjacent to the right kidney.

RadFM: { Lesion 1 }

Ground Truth: right renal parapelvic cyst.

GPT-4V: Location: Right abdomen, near the kidney; Body Part: Abdomen, kid-
ney; Type: Mass; Impression: Well-circumscribed homogenous mass in the right

Gemini Pro Vision: Location: Right kidney; Body Part: Kidney; Type: Mass; Im-
pression: Right renal mass, likely benign.

LLaVA-Med: The image is an axial computed tomography (CT) scan that has been
annotated with a bounding box by a radiologist. The bounding box is a rectangular
box that encloses the lesion, which is indicated in green. This helps to highlight the
area of interest and provides a clear view of the lesion’s location, size, and shape.

Fig. 3. Comparison of the responses from multimodal LLMs (using CoT reasoning) for a renal cyst in the right kidney. Red, blue and purple fonts denote incorrect, correct, and
uncertain descriptions respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

non-overlapping data from the DeepLesion subset from the National
Institutes of Health (NIH) Clinical Center is used for fine-tuning. Patient
characteristics of the data utilized in this study are shown in Fig. 2.

3.2. Multimodal large language models (LLMs) for finding generation

3.2.1. Visual context integration

In addition to the CT slice that shows the abnormal finding, a visual
prompt was also provided. This prompt, in the form of a bounding
box, delineated the abnormality before being input into the multi-
modal LLM. The clear visual context was hypothesized to enhance the
accuracy of the generated descriptions of findings.

3.2.2. Text-based CoT

Through Text-Based CoT, the free-text abnormality description gen-
erated by a multimodal LLM should contain the following aspects:
Body Part, Location (specific), and Lesion Type. The prompt used for
this task was designed to allow the model to concentrate on each
aspect individually, thereby optimizing the use of its natural language
generation capabilities to produce clinically relevant and informative
descriptions. This approach contrasted with the one-shot methods [27]
that attempted to generate entire reports in a single step without
explicit intermediate reasoning.

“Body Part” is the larger anatomical region or organ of the body
(e.g. liver) where the lesion or abnormality is situated. “Location”
refers to the specific site within a body part (e.g., Couinaud segment
2 of liver) where the abnormality is located. “Type” includes classifica-
tions, such as nodule, mass, or enlarged lymph node. The description
should be concise and clinically relevant, such that the characteristics
of the findings can be pre-filled in the findings section of a radiology
report.

Through experiments, it was observed that LLaVA-Med and RadFM
were unable to leverage text-based CoT as shown in Fig. 3. GPT-4V and
Gemini Pro Vision effectively used CoT to provide detailed and relevant
descriptions, demonstrating stronger comprehension skills. In contrast,
LLaVA-Med, despite being tasked with using CoT, did not produce
an analysis related to CoT, focusing instead on the visual elements
of the scan, such as the bounding box. RadFM also showed limited
capability and offered minimal output, which aligned with findings
in literature [28]. This discrepancy highlighted the architectural or
design limitations that hinder certain models from effectively process-
ing input information in a sequential manner. Additional comparative
analyses, including those with and without CoT, are detailed in the
supplementary material.

3.2.3. Fine-tuning RadFM

These models are not specifically fine-tuned for lesion detection on
CT scans. Instead, they are typically applied in a zero-shot setting,
where they are expected to generalize without prior training on the
specific task [10]. A key challenge in this approach is the scarcity of
public datasets containing paired CT studies with detailed descriptions
of findings, which are crucial for training effective medical imaging
models. To address this, RadFM was fine-tuned using domain-specific,
non-overlapping data from the DeepLesion subset , aimed at improving
its ability to generate clinically accurate descriptions of CT findings.
Since the original DeepLesion dataset was not directly suitable for fine-
tuning, we preprocessed it by leveraging the GPT-4 API This process
involved systematically extracting and organizing relevant descriptions
of findings and measurements (examples are provided in the supple-
mentary material Appendix A.2). Cases lacking informative descriptions
were excluded, resulting in a refined dataset of 18,190 descriptions
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Table 1

Journal of Biomedical Informatics 168 (2025) 104864

Comparative performance of various natural language generation models using BLEU, ROUGE, and METEOR metrics, including fine-tuned RadFM
(FT). “bbox” means with bounding box, “w/o bbox” means without bounding box. BLEU metrics (1, 2, 3, 4) highlight token overlap at different
n-gram levels. These metrics, which measured word overlap, showed low scores across the board, suggesting limitations in handling tasks that
require deep contextual understanding. This highlighted the need for more sophisticated evaluation methods to gauge true performance.

Model BLEU ROUGE METEOR
1 2 3 4
bbox CoT 0.164 0.048 0.015 0.003 0.171 0.165
CPT-4V w/o bbox CoT 0.099 0.016 0.004 0.000 0.103 0.107
bbox w/o CoT 0.057 0.007 0.002 0.000 0.057 0.146
w/0 bbox w/o CoT 0.022 0.002 0.000 0.000 0.029 0.071
bbox CoT 0.160 0.037 0.007 0.000 0.180 0.137
Gemini Pro w/o bbox CoT 0.116 0.025 0.006 0.000 0.137 0.108
Vision bbox w/o0 CoT 0.061 0.014 0.004 0.001 0.085 0.140
w/o0 bbox w/o CoT 0.025 0.005 0.001 0.000 0.045 0.075
bbox 0.024 0.002 0.000 0.000 0.025 0.062
LLAVA-Med w/0 bbox 0.028 0.002 0.000 0.000 0.031 0.069
RadFM bbox 0.096 0.011 0.000 0.000 0.075 0.095
w/o bbox 0.094 0.010 0.001 0.000 0.075 0.095
bbox 0.203 0.058 0.016 0.002 0.205 0.159
RadFM (FT) w/0 bbox 0.187 0.052 0.015 0.001 0.195 0.151

paired with corresponding CT images for fine-tuning. These descrip-
tions served as ground truth for the fine-tuning process. The enhanced
model, designated as RadFM (FT), utilized this curated dataset. Its
effectiveness was subsequently evaluated using the “GPTRadScore”
framework, which confirmed significant improvements in performance.

3.3. GPTRadScore: Evaluation using GPT-4

“GPTRadScore” is the cornerstone of our framework, leveraging
GPT-4 to replicate the evaluation processes traditionally conducted by
radiologists. This system assesses the ability of other multimodal LLMs
to generate accurate descriptions for prospectively-identified radiolog-
ical findings. Specifically, GPT-4 evaluates the accuracy of summaries
provided by multimodal LLMs against gold-standard sentences derived
from the DeepLesion dataset. Prioritizing criteria most significant to
radiologists, the evaluation is segmented into three key aspects: body
part, location, and type. For each category, GPT-4 assigned one of the
following categorical scores: “Correct”, “Partially Correct”, “Incorrect”,
and “Not Applicable”. A “Correct” score indicated a completely ac-
curate interpretation. “Partially Correct” suggested the interpretation
captured some aspects accurately, but lacked complete precision or
detail. “Incorrect” implied the interpretation did not align with the
gold-standard at any level. “Not Applicable” was used when relevant
information was omitted from the description and thus evaluated was
not possible. Detailed instructions provided to GPT-4, as outlined in the
supplementary materials Appendix A.1, guided the model to analyze
these predictions in a manner akin to clinical judgment. Meanwhile,
GPT-4 provided relevant explanations when scoring (see supplementary
material Appendix A.3) and this capability underscored the advantages
of leveraging GPT-4 for complex medical evaluation tasks, where it is
crucial to understand detailed anatomical context.

We selected GPT-4 as the evaluation engine for GPTRadScore based
on both literature precedent and our own preliminary experiments.
Notably, Wang et al. [24] benchmarked the radiology-report evaluation
performance of multiple LLMs, including GPT-4, Gemini Pro, Mistral,
and others. In this comparison, GPT-4 achieved the highest agreement
with radiologist annotations, reaching a Kendall’s tau correlation of
0.7348, significantly higher than Gemini Pro (~0.58). In our internal
tests, GPT-4 consistently exhibited stronger instruction-following be-
havior and generated more structured, interpretable explanations—key
characteristics for structured scoring tasks in medical evaluation.

4. Results and discussion
4.1. Experiment setup

4.1.1. Human evaluation process

To evaluate the effectiveness of GPT-4 in automatically assessing
findings from multimodal large language models (LLMs), it is essential
to establish a human evaluation baseline. This involves comparing
Al-generated findings against the ground truth as determined by a
human expert. We conducted a human evaluation through a structured,
collaborative, and iterative process.

For this analysis, we randomly selected 100 lesions from a total pool
of 500 for each of the five models under evaluation: GPT-4V, Gemini
Pro Vision, LLaVA-Med, RadFM, and RadFM (FT). In total, 500 cases
(100 from each model) were analyzed by three PhD-level graders with
backgrounds in bioinformatics. The grading guidelines provided to the
graders mirrored the prompts used for GPT-4. To ensure the robustness
of the evaluation, the initial assessments were reviewed and further
enriched with clinical insights through discussions with a clinician.
Additionally, we sought the expertise of a renowned radiologist to
provide critical guidance and validation during the process. This ap-
proach ensured a comprehensive and clinically informed evaluation of
the Al-generated findings. Any ambiguous findings were collaboratively
refined and confirmed, ensuring that the final evaluations were both
scientifically robust and clinically relevant. To strengthen consistency,
the reference annotations were obtained through joint discussion and
review among the three PhD-level graders. The final ground truth was
established based on full consensus or, when necessary, a majority vote.
The outcomes of this process is then compared with GPT-4’s evaluation
of the same report.

4.1.2. Implementation details

GPT-4V was accessed via the Azure OpenAl APL° using the 2024-
02-15-preview model version. For Gemini Pro Vision, we utilized the
Advanced 1.5 Pro setting, accessed through the Gemini APL® LLaVA-
Med (v1.5) was run using the default configuration as provided on
GitHub.” Similarly, RadFM was executed with its default configuration

5 https://learn.microsoft.com/en-us/azure/ai-services/openai/how-to/gpt-
with-vision?tabs=python.

6 https://ai.google.dev/gemini-api/docs/vision?lang=python.

7 https://github.com/microsoft/LLaVA-Med.
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Table 2
Correct classification percentages for GPT-4V and gemini pro version with bounding
boxes.

Category GPT-4V Gemini Pro Vision

CoT w/0 CoT CoT w/0 CoT
Location 17.1% 13.0% 14.02% 17.27%
Body Part 46.4% 53.5% 53.51% 58.64%
Type 44.6% 16.5% 43.17% 28.78%

as outlined on its GitHub repository.® Fine-tuning the RadFM model
required one NVIDIA A100 GPU (80 GB) and took approximately four
days. We used a batch size of 4 per device for 2D images, with 4-
step gradient accumulation. The maximum token length was set to
2048. For model evaluation, the Azure API for GPT-4 was configured
with a temperature of 0, top_p of 0.95, max_tokens of 4000, and the
model version set to 2023-03-15-preview. This configuration ensured
consistent and controlled generation of model outputs across all test
cases.

4.1.3. Metrics

The quality of the generated descriptions were initially assessed
using traditional NLG metrics from Huggingface evalaute package,
including BLEU, METEOR, and ROUGE. Then, following the approach
suggested [16], we conducted an auto-evaluation using GPTRadScore,
where the model’s predictions were compared against gold-standard
annotations. Additionally, these evaluations were compared with as-
sessments conducted by a clinician. The Pearson’s Correlation Coeffi-
cient [29] between the GPTRadScore and clinician evaluations served
as an indicator of GPT-4’s reliability for auto-evaluation tasks.

4.2. Traditional NLG metrics analysis

Results: Table 1 evaluates multimodal LLMs using traditional NLG
metrics, and differentiates their performance in scenarios with and
without bounding box constraints. RadFM (FT) bbox model exhibited
outstanding performance across all NLG metrics, and particularly ex-
celled at structural alignment and linguistic matching. GPT-4V bbox
with CoT and Gemini Pro Version bbox with CoT also performed well;
GPT-4V bbox with CoT achieved the highest METEOR score of 0.165.
Conversely, the non-fine-tuned versions of RadFM, LLAVA-Med, and
GPT-4V without CoT exhibited substantially lower performance. This
decline is likely due to significant domain shift of the test dataset
(radiology reports) in contrast to the model training dataset. Despite
this discrepancy, the experiment was setup to expose the limitations of
traditional NLG metrics.

Limitations of traditional metrics: While traditional NLG metrics are
valuable for assessing linguistic quality, they do not fully capture the
clinical relevance of the generated descriptions. In clinical settings, the
priority lies in the factual accuracy and clinical relevance of generated
summary over mere linguistic fidelity. This highlights the need for more
robust evaluation methods that better mirror the utility in medical
contexts.

4.3. Correlation between clinician, GPTRadScore, traditional metrics

Fig. 4 shows the correlation between the various metrics computed
based on the ground truth evaluation, GPTRadScore, and traditional
NLG metrics. Traditional NLG metrics like BLEU and METEOR demon-
strate strong correlations amongst themselves (purple box), particularly
at lower levels of precision like BLEU-1 and BLEU-2. This indicated
a consistency in evaluating the linguistic quality of generated texts at

8 https://github.com/chaoyi-wu/RadFM?tab=readme-ov-file.
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Table 3
Correlation scores between the clinician and GPT-4 grading of findings.
Location Body Part Type Avg.

GPT-4V 0.86 0.90 0.84 0.87 + 0.02
Gemini Pro Vision 0.87 0.91 0.96 0.91 + 0.03
LLaVA-Med 0.59 0.83 0.76 0.75 + 0.10
RadFM 0.99 0.92 0.82 0.90 + 0.07
RadFM (FT) 0.96 0.83 0.89 0.89 + 0.05

these levels. However, at higher precision levels (BLEU-3 and BLEU-4),
these Pearson’s correlation coefficients significantly weaken, particu-
larly for LLaVA-Med, where correlation coefficients frequently register
at zero and indicate no correlation. This pattern again reflects the limi-
tations of traditional metrics in evaluating complex sentence structures
typical in radiology reports.

Furthermore, the decomposition of the description into specific as-
pects (location, body part, and lesion type) revealed insightful patterns
(peach box). These aspects showed a lack of strong correlation with one
another, and other pairings also displayed no significant correlation.
These observations affirmed the efficacy of the approach in dissecting
the findings into their granular elements, such that the distinct parts of
report quality can be assessed independently.

Comparing traditional metrics with the ground truth evaluation
showed a weak correlation, suggesting that these metrics may not serve
as reliable indicators of clinical accuracy for radiology reports (blue
box). This highlighted a potential gap in utilizing NLG metrics for
assessing the clinical relevance of generated reports, pointing to the
necessity for domain-specific evaluation methods.

Lastly, the comparison between GPTRadScore and the ground truth
evaluation showed the strength of our framework (pink box), and
summarized in Table 3. The results showed a strong correlation with
ground truth, suggesting that GPTRadScore closely aligned with the
clinical assessment paradigms utilized by radiologists. This observation
underscored the potential of LLMs like GPT-4 in accurately mirroring
radiologists’ evaluations, offering promise for automating assessment
with a high degree of fidelity to clinical standards.

4.4. GPTRadScore evaluation

Due to the strong correlation between the GPTRadScore and clin-
ician evaluations, GPTRadScore was employed to assess the predicted
findings against the ground truth for all 500 lesions for three categories:
location, body part, and type of abnormality. Fig. 5 displays the grading
scores across four configurations: with and without lesion bounding
boxes in the CT slice, and with and without text-based CoT. Notably,
LLaVA-Med and RadFM do not support text-based CoT processes; thus,
this figure exclusively presents the use of CoT in the GPT-4V and Gem-
ini Pro Vision models. Bounding boxes consistently enhanced identification
of body part and location across all models, thereby indicating a dependency
on strong visual cues for accurate recognition. For example, GPT-4V and
Gemini Pro Vision performed better with bounding boxes, particularly
for accurate body part identification.

To better illustrate the impact of CoT reasoning, besides this figure,
we have included correct classification percentages for GPT-4V and
Gemini Pro Version with bounding boxes in Table 2. CoT signifi-
cantly improved type classification, with gains of 28.1% and 14.39% for
GPT-4V and Gemini Pro Vision, respectively, but had limited or even
negative impact on location and body part prediction. This discrepancy
can be attributed to the nature of each classification task:

+ Lesion type identification (e.g., mass vs. cyst vs. nodule) re-
quires semantic abstraction and multi-step reasoning—areas
where CoT prompting excels by guiding the model to reason
explicitly through relevant features.
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Fig. 5. Comparison of results of abnormality characterization by GPT-4V, Gemini Pro Vision, LLaVA-Med, RadFM, and RadFM (FT) with bounding boxes (bbox) vs. without
bounding boxes (w/o bbox). Color mapping = {orange: ‘Incorrect’, beige: ‘Partially Correct’, teal: ‘Correct’, white: ‘Not Applicable’}. x-axis denotes scores {x e R | 0 <x <1}, N

= 500 samples.

» Body part and location classification, on the other hand, often
rely on direct textual patterns or visual cues (e.g., “right kid-
ney”), where straightforward recognition suffices and additional
reasoning may introduce noise or overinterpretation.

Thus, while CoT enhances conceptual interpretation tasks, it offers
limited utility for tasks dependent on visual grounding or keyword
extraction. This suggests that prompting strategies should be tailored
to the underlying cognitive demands of each diagnostic subtask.

Among the non-fine-tuned models, GPT-4V and Gemini Pro Vision excel
in medical imaging tasks, which is likely attributed to their extensive pre-
training on diverse datasets. Specifically, in tasks requiring identification
within bounding boxs, GPT-4V scores 46.4% in type recognition and
53.5% in body part identification. Gemini Pro Vision follows closely

(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

with scores of 44.6% and 43.17%, respectively. Despite outperforming
other models, both GPT-4V and Gemini Pro Vision have room for
improvement in lesion location accuracy, with scores of 17.1% and 14%
respectively. In contrast, models like LLaVA-Med and RadFM demon-
strate significantly weaker performance, particularly in tasks without
spatial cues. For example, The LLaVA-Med bbox model achieves accu-
racies of 1.81% for identifying lesion locations and types, and 33.73%
for recognizing body parts. These models struggle to generalize from
their training data, highlighting significant challenges in adapting Al to
real-world medical tasks. The suboptimal performance of models stems
from the fact that these models have not been specifically fine-tuned
for lesion detection on Chest CT scans [10].

To prove this, we fine-tuned the RadFM model by using domain-
specific, non-overlapping data. RadFM (FT) exhibited improvement
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across all three categories compared to the standard RadFM. Especially
when bounding boxes were employed, the location accuracy rose from
3.41% to 12.8%, body part accuracy increased from 29.12% to 53%,
and type accuracy improved from 9.24% to 30%. This indicated that
fine-tuning and targeted optimizations with data effectively address spe-
cific weaknesses in model performance, suggesting a pathway for further
enhancing the reliability of multimodal LLMs for medical imaging.

5. Conclusion

In summary, we proposed the novel “GPTRadScore” framework for
automatically evaluating Al-generated descriptions of findings prospec-
tively identified in CT exams. These descriptions were intended to be
pre-filled into the radiology reports’ findings section. Four multimodal
LLMs were tested for the ability to generate a description of a CT-
based finding when fed with an input CT slice. GPT-4V and Gemini
Pro Vision notably outperformed other recent multi modal LLMs in
accurately predicting lesion characteristics. Bounding boxes outlining
the lesions in the CT slices provided strong visual cues and consistently
helped these multimodal LLMs to identify the body part and loca-
tion correctly. GPTRadScore auto-evaluation results demonstrated a
strong correlation with clinician assessments as measured by Pearson’s
correlation coefficient. Our evaluation highlighted specific weaknesses
in various multimodal LLMs, primarily due to the dataset limitations
that these models were trained on. By fine-tuning RadFM on domain-
specific data, significant enhancements substantially improve the utility
of multimodal LLMs in radiology.

6. Discussion and future directions
6.1. Visual cues and bounding boxes

We observed that bounding boxes significantly enhanced model per-
formance. While manual annotation is impractical in clinical settings,
these cues can be automatically generated using object detection or
segmentation tools integrated into radiology workflows. Therefore, we
do not consider bounding boxes as deployment prerequisites, but as
experimental mechanisms to explore the upper-bound performance of
multimodal LLMs. Future research may investigate weak supervision,
saliency-guided methods, or attention-based visual grounding to reduce
clinician burden.

6.2. Inclusion of negative cases

To simplify the study design and avoid introducing confounding
variables, we focused exclusively on CT slices containing lesions (posi-
tive cases). The DeepLesion dataset does not contain lesion-free images.
However, incorporating negative cases in future work would allow
evaluation of false positives and better mimic real-world diagnostic
tasks. Public datasets such as LIDC-IDRI [30] or MosMedData [31]
could support this extension.

6.3. Prompt engineering

Our current prompts follow configurations recommended by the
model developers. Although effective, these were not explicitly opti-
mized. Prompt engineering remains an open research question; future
work could explore automated prompt generation, instruction tun-
ing, or reinforcement learning strategies to adapt prompts for specific
diagnostic tasks.

6.4. Clinical deployment considerations

Despite their promising performance, large multimodal LLMs
present practical challenges for clinical use due to resource demands
and cost. As these technologies evolve, deployment costs are expected
to decline. In the interim, solutions such as cloud-based access, compu-
tationally efficient model designs, and targeted pilot studies can help
bridge the gap toward broader adoption in radiology workflows.
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