
Article https://doi.org/10.1038/s41467-025-57426-0

Towards a holistic framework for
multimodal LLM in 3D brain CT radiology
report generation

Cheng-Yi Li 1,2,3, Kao-Jung Chang 2,3,4,5 , Cheng-Fu Yang6, Hsin-Yu Wu1,2,
Wenting Chen 7, Hritik Bansal6, Ling Chen8, Yi-Ping Yang1,2, Yu-Chun Chen1,2,9,
Shih-Pin Chen 1,2,3,10, Shih-Jen Chen 1,5, Jiing-Feng Lirng1,11,
Kai-Wei Chang6 & Shih-Hwa Chiou 2,3,5,12

Multi-modal large language models (MLLMs) have transformed the landscape
of modern healthcare, with automated radiology report generation (RRG)
emerging as a cutting-edge application. While 2D MLLM-based RRG has been
well established, its utility for 3D medical images remains largely unexplored.
In this regard, we curate the 3D-BrainCT dataset (18,885 text-scan pairs) and
develop BrainGPT, a clinically visual instruction-tuned (CVIT) model designed
for 3DCTRRG.Whilewenotice that the traditional LLMmetrics failed to gauge
the diagnostic quality of the RRG, we propose feature-oriented radiology task
evaluation (FORTE), an evaluation scheme that captures the clinical essence of
the generated reports. Here we show that BrainGPT achieves an average
FORTEF1-score of 0.71 (degree =0.661; landmark = 0.706; feature = 0.693, and
impression = 0.779) and 74% of BrainGPT-generated reports were indis-
tinguishable from human-written ground truth in a Turing-like test. Together,
our work establishes a comprehensive framework encompassing dataset
curation, anatomy-aware model fine-tuning, and the development of robust
evaluation metrics for the RRG. By sharing our experience in 3D MLLM-based
RRG, we aim to accelerate the expedition in human-machine collaboration for
next-generation healthcare.

Artificial intelligence (AI) implementation in modern healthcare has re-
invented our day-to-day practice in patient diagnosis1–3, disease
intervention4, and clinical research5. Although convolution neural net-
works (CNN) have conquered some major tasks in image classification
and feature segmentation, the CNN outputs are relatively context-

restrictive6 and were less apprehensive than a fully written diagnostic
report7,8. In awake to this clinical gap, early report generation models
have been established9–12 for chest X-ray (CXR) interpretation13,14.
Whereof, the primary success of LLM-based CXR report generation had
fueled interdisciplinary interest to explore human‒computer interfaces,
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wherein multimodal large language models (MLLMs) can be instru-
mented as an assistant to the medical specialists15.

MLLMs have demonstrated cutting-edge capability in multi-
image reasoning and video clip understanding, but these MLLM
functionalities were yet fully tested in spatialmedical modality. While
LLaVA-Med (Microsoft) and Med-PaLM Multimodal (Google
Research) have reported their primary success in X-ray and single-
slice CT report generation16,17, essential but open end questions have
entailed: (1) how much pathologic features can MLLM describe in a
report (2) at what precision (spatial anatomic landmark) level was the
lesion attributed in MLLM reports; and (3) whether MLLM could
evaluate the degree and size of the lesion. Moreover, current single-
slice CT image-text data ismanually pre-selected from a 3D data, thus
the MLLM is largely tested under a definite-positive lesion-included
image. This may result in a sharpshooter fallacy in the MLLM testing.
Hence, it is imperative to curate a 3D image set to inspect the dex-
terities of MLLMs in real-world diagnostic contexts.

3D CT scans of the brain, with reports structured in a list-by-list
format focusing on differential diagnoses, serve as the first-line diag-
nostic for diverse intracranial conditions18,19 The brain lesion’s degree,
size, and location of a brain lesion are paramount for making forming
precise diagnoses and guiding subsequent clinical decisions. There-
fore, the value of key radiology descriptors outweighs grammatical
filler words. In this context, traditional evaluation metrics, which are
designed to evaluate short translation20,21, abstract summary tasks22,
and common image captioning23 cannot capture the clinical essence of
brain CT reports24. In this regard, a pathology keyword retrieval con-
cept was reported in a CheXpert study12,25. However, the 14-feature
retrieval rates cannot reflect the multi-semantic context (inclusive or
exclusive; progression or resolution; relative location and size) of the
disease nature over an extended clinical course. Moreover, the unca-
tegorized keyword list in CheXpert may not be transferable from one
image modality to different modalities, which profoundly restricts the
application value of medical MLLM. Therefore, a robust assessment
system was required to improve the clinical essence measurement in
MLLM-generated radiology reports.

To evaluate MLLM readiness in radiology report generation
(RRG), we surveyed related works and identified three objective con-
straints in hitherto MLLM radiology applications: (1) the most studied
CXR modality lacks sufficient lesion diversity to reflect real-world
diagnostic challenges, (2) the utmost model capacity was not fully
tested in interpreting volumetric scans, and (3) there are no general-
ized evaluation metrics available to gauge MLLM report information
density and fidelity. These unsolved problems combined had crippled
the development of an impactful medical MLLM. In this study, we
aimed to advance the MLLM adaptability in radiology by addressing
the following critical aspects:
(1) We curated a large-scale 3D-brainCT dataset (18,885 text-scan

pairs) that consists of abundant lesion details, including the
degree, spatial landmarks, and diagnostic impressions of both
neuronal and vascular CT features.

(2) We introduced a clinical visual instruction tuning (CVIT) con-
cept that enhances medical domain knowledge of the open-
source Otter foundation model. In this case, our CVIT-
augmented BrainGPT model demonstrated multi-image cap-
tioning capacity with clinical-sensible interpretation of the
volumetric brain CT scans26,27. The diagnostic accuracy and
linguistic style of BrainGPTmodels were externally validated on
the CQ500 dataset and 11-physician rater were included to run
through a Turing test-like linguistic style evaluation.

(3) We proposed a feature-oriented radiology task evaluation
(FORTE) evaluation structure to gauge the prospects of the
MLLM captions. The variables of the FORTE include four
essential keyword components (degree, landmark, feature,
and impression) in a diagnostic radiology sentence. By further

inspecting the correlation between the generated content and
the evaluation score, we suggested that preprocessing the
MLLMoutputwith sentence pairing andnegation removal could
enhance the alignment and filter out irrelevant image
descriptions.

Overall, this study encompassed a holistic content that addresses
the objective constraints, implementation details, training methods,
and future prospects of MLLM application in brain CT and general
medical image interpretation (Fig. 1).

Results
Training BrainGPT with clinical visual instruction tuning
To implement medical MLLM in 3D brain CT report generation, we
collected a real-world 3D-BrainCT dataset and trained BrainGPT
models by applying a visual instruction tuning-based approach (Fig. 2).
Our fine-tuning conditions included regular visual instruction tuning
(RVIT): (1) plain instruction (conveying the model’s role as a radiology
assistant) and (2) In-context example instruction28 (3-shot examples
added to the Plain Instruction), or clinical visual instruction tuning
(CVIT): (3) template instruction (structured clinical-defined QA tem-
plates added to the plain instruction) and (4) keyword instruction
(categorical guidelines focused on keywords added to the plain
instruction). As a result, we derived four BrainGPT models (-plain,
-example, -template, -keyword) that are fine-tuned to perform CT
interpretation with different prior levels of clinical sensibility25. (Sup-
plementary Fig. 1).

At the whole report level, all of the four fine-tuned BrainGPT
models outperformed the baseline Otter model in traditional metrics
(Two-sided Wilcoxon signed-rank test p < 0.01, Fig. 3a, for complete
statistics, please see Supplementary Table 1 and Supplementary
Table 2). In particular, the baseline Otter model scored the lowest in
the BLEU-4 (0) and CIDEr-R (5.9) metrics, indicating that the baseline
model-generated CT report had low n-gram overlap and underfit
semantic term usage frequency. In addition, we observed a mismatch
between the conventional metric and the report quality by reviewing
generated reports (see Supplementary Table 3). However, no tradi-
tional metrics, except CIDEr-R, rated the BrainGPT performance in
accordance with the crescendo elaborateness of RVIT and CVIT (Two-
sidedWilcoxon signed-rank test p > 0.05 acrossmost visual instruction
tuning conditions, summarized in Supplementary Table 1 and Sup-
plementary Table 2). Therefore, we demonstrated that traditional
metrics are inherently insensitive to the clinical essence of the gener-
ated radiology reports.

Sentence pairing
To investigate whether the list-by-list report architecture of brain CT
images accounts for low traditional metric scores, we apply sentence
pairing to decompose the multisentence paragraph into smaller
semantic granularity. As a result, the process of sentence pairing
increased traditional metric scores by an average of 5.28 points in
METEOR, 6.48 points in ROUGE-L, and an astonishing 114 points in
CIDEr-R (Fig. 3a and Supplementary Table 1). The traditional metric
scores for every BrainGPT model were significantly improved across
most traditional metrics (p <0.001, as shown in Fig. 3b). In addition,
the score distribution indicated a significant linear correlation (two-
sided Pearson correlation coefficient r >0.7) in BLEU-2, BLEU-3, BLEU-
4, METEOR, and ROUGE-L with statistical significance (p <0.001).
However, apart from the other n-gram-based traditional metric, the
CIDEr-R score gained a more positive shift from the process of sen-
tence pairing (r =0.577).

Moreover, we observed a positive correlation between advanced
CVIT and increased traditional metric scores. In particular, the CIDEr-R
score depicted the most prominent ascending trend across the hier-
archically fine-tuned BrainGPT-plain (125.86), BrainGPT-example
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(132.38), BrainGPT-template (147.92), and BrainGPT-keyword (153.3).
This sentence pairing procedure not only relieves the sequential con-
straint between the report input and generated output but also
accentuates the clinical instruction design value in the generation of
the line-by-line differential diagnosis reports.

Feature-oriented radiology task evaluation (FORTE)
Given that CIDEr-R captures the hierarchical clinical essence across
visual instruction tuning conditions, we hypothesized that its

frequency-inverse document frequency (TF-IDF) component reacts to
the usage of rare radiology keywords in reports. Therefore, we ana-
lyzed the term frequency in both the ground truth and test outputs
(Fig. 4a). We found that the baseline Otter model had a low recall rate
for keywords, whereas the BrainGPT models, after visual instruction
tuning, demonstrated significant radiology keyword usage in image
captioning. Notably, the BrainGPT-keyword (Fig. 4a: y =0.95x-1.18;
r2 = 0.85) maintained a high recall rate across varying frequencies of
radiology keywords.

a

d e

G
ro

un
d 

Tr
ut

h 
(G

T)
G

en
er

at
ed

 R
ep

o
rt

 (
G

R
)

Radiologist

BrainGPT

A

B

E
F

C
D

A

B
C

D
E
F

A

B

C

D

A

B

C

D

E

F

> Tiny...

> No...

> Low density...

> No

> Generalized...

> Extensive...

> Tiny...

b c

E > Calcification...

F > Conclusion...
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> CONCLUSION...

> No intracerebral hemorrhage, subdural hematoma, epidural hematoma, subarachnoid hemorrhage or midline shift seen in the 
   current examination.
> Tiny low density lesions in the anterior limb of right side internal capsule and corona radiata, compatible with old lacunar infarctions.
> Generalized loss of brain tissue with enlargement of cortical sulci and ventricular system.
> Low density change is noted in the periventricular white matter of bilateral cerebral hemispheres, mostly likely angiopathic 
   leukoencephalopathy from arteriosclerotic change.
> Calcification in the wall of bilateral intracranial vertebral arteries and the cavernous part of bilateral icas.
Conclusion
Aging process and atrophic change of the brain with old lacunar infarctions in right corona radiata and anterior limb of right internal 
capsule; no ich, sah, sdh or edh.

> No intracerebral hemorrhage, subdural hematoma, epidural hematoma, subarachnoid hemorrhage or midline shift seen in the 
   current examination.
> Generalized loss of brain tissue with enlargement of cortical sulci and ventricular system.
> Extensive low density change is noted in the periventricular white matter of bilateral cerebral hemispheres, mostly likely angiopathic 
   leukoencephalopathy from arteriosclerotic change.
> Tiny low density lesions in bilateral lentiform nuclei, thalami and left corona radiata, compatible with lacunar infarctions.
> Calcification in the wall of bilateral intracranial vertebral arteries and the cavernous part of bilateral internal carotid arteries.
CONCLUSION
Aging process and atrophic change of the brain with lacunar infarctions in bilateral lentiform nuclei, thalami and left corona radiata; 
for more detailed information, please see the descriptions above."
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       Generalized         loss of brain tissue
with         enlargement of         cortical sulci
and         ventricular system.

       Extensive low density change is noted in 
the         periventricular white matter of 
bilateral cerebral       hemispheres, mostly likely
      angiopathic      leukoencephalopathy ......

       Tiny         low density lesions in bilateral 
       lentiform nuclei, thalami and left corona
radiata, compatible with      lacunar infarctions.

      Calcification in the wall of bilateral intracranial 
      vertebral arteries and the cavernous part of 
bilateral       internal carotid arteries.

Fig. 1 | A schematic overview of instrumenting MLLM to generate radiology
reports from 3D brain CT scans. a Our customized BrainGPT was trained upon a
set of volumetric brain CT image-text pairs, and the training results were evaluated
by common languagemetrics.bBefore languagemetrics evaluation, the BrainGPT-
generated reportwas preprocessed by sentencepairing andnegation removal. The
sentence pairing releases the evaluation constraint of the same-content but
different-order false negativity. The negation removal increases feature recall
positivity by limiting the range of describing negative findings. c A keyword-based
feature-oriented radiology task evaluation (FORTE) was enrolled to gauge the RRG

quality, mainly through referencing a keyword dictionary that described distinct
aspects (degree, landmark, feature, and impression) of the lesion. Note that syno-
nyms are accommodated to allow the recognition of a broader array of related
terms to address the challenge of lexical variability inherent in clinical reports.dThe
diagnostic accuracy and generalizability of BrainGPT were tested by performing
zero-shot captioning on CQ500, an open-source traumatic 3D brain CT external
validation dataset. e The linguistic style and readiness of the BrainGPT were further
evaluated by a Turing test-like assessment in which 11 physicians were asked to
distinguish BrainGPT-generated reports from the original ground truths.
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On the basis of the keyword frequency experiment and a thor-
ough analysis of the CheXpert classifier, we consider that a clinically-
sensible evaluation metric should encompass a structured keyword
extraction concept that (1) addresses the multi-semantic context of
radiology reports, (2) allows the recognition of synonyms to detect a
broader array of related terms and (3) can be transferred across
multiple modalities. In this regard, we introduced the feature-
oriented radiology task evaluation (FORTE). This method gauges
the medical content of the generated report by focusing on the
density of radiology information. We categorized radiology key-
words and their synonyms into degree, landmark, feature, and
impression subsets to perform a multi-faceted evaluation of the
system’s performance.

By evaluating the F1 score of each FORTE-measured keyword
category (see Fig. 4b and Supplementary Table 4), we noted that the
advanced CVIT models, BrainGPT-template and BrainGPT-keyword,
scored higher average F1 scores than the RVIT models did. (Wilcoxon
signed-rank test p-value < 0.05 in most categories, as detailed in Sup-
plementary Table 2) Specifically, the BrainGPT-keyword captured the
most radiology details, with FORTE F1 scores of 0.548, 0.533, 0.574,
and 0.649. These collective results indicate that clinical instruction-
tuned BrainGPT models generate brain CT reports with a higher level
of radiology term usage and better alignment with original diagnostic
reports.

Comparison of FORTE with traditional evaluation metrics
To determine whether FORTE reveals the qualities of reports revealed
by traditional metrics, we conducted a two-sided Pearson correlation
coefficient analysis to compare FORTE with traditional metrics
(Fig. 4d). We observed that traditional metrics had high intracorrela-
tions (r > 0.7, p <0.001), but a lower correlation with the FORTE

(r <0.5, p < 0.001). In addition, the four FORTE domains (degree,
landmark, feature, and impression) had lower intracorrelations
(r <0.5,p < 0.001 comparedwith traditionalmetrics). This comparison
indicated that the FORTE addresses broader and distinct disease
aspects than those traditional metrics depict.

Negation removal: effect of “interpretation spree”
Upon further review of keyword usage frequency, we found that “no”
was notably among the most frequently used words, along with “of,”
“and,” “in,” and “the.”This contradicts the commonbelief of “reporting
bias,”where it is assumed that languagemodels, similar to laypersons,
are less likely to mention negative features. Clinically, radiologists
often focus on context-oriented descriptions to “rule out” diagnostic
targets, a practice not mirrored by BrainGPT. Consequently,
BrainGPT’s reports were overlaid with excessive negative descriptions
rather than the concise, context-specific languageusedby radiologists,
a phenomenon we termed the “Interpretation spree.”

To address this, we applied negation removal to limit descriptions
to positive findings. (Fig. 4c) The average score increases were as fol-
lows: BLEU-1 = 29.25%, BLEU-2 = 34.9%, BLEU3 = 50.54%, BLEU-
4 = 57.26%, METEOR= 24.97%, ROUGE_L = 29.04%, CIDEr-R = 46.6%,
with statistical significance in a two-sided Pearson correlation coeffi-
cient analysis (see Supplementary Fig. 2).

Additionally, negation removal improved the BrainGPT FORTE
keyword average F1 score by 0.118 for degrees, 0.194 for landmarks,
0.139 for features, and 0.163 for impressions (see Fig. 4b and Supple-
mentary Table 4). Negation removal led to an overall average F1 score
gain of 0.153, with the best instruction-tuned model, BrainGPT-key-
word, seeing its F1 score rise from0.576 to 0.71. To explore the effects
of negation removal on keyword distribution more deeply, we
inspected the percentage of sentences containing four elements

3D Brain Computed Tomography Visual Feature Extraction

CLIP 
ViT-L/14
Vision

Encoder
(Freezed)

...

...

...

...

6 2 17 5

30 3 8 9

1 23 4 10

Fig. 2 | Employing clinical visual instruction tuning (CVIT) to fine-tune
BrainGPT from the baseline Ottermodel. From the end-to-end Otter foundation
structure, we tested four distinct fine-tuning conditions: two of themwere regular
visual instruction tuning (RVIT)—plain instruction and in example instruction;
whereas the other two were clinical visual instruction tuning (CVIT)- template
instructionandkeyword instruction. Toenablemulti-image in-context learning,we
formatted the data as image-instruction-answer triplets, whereupon the instruc-
tions and binarized images were arranged into standardized JSON files using the

Otter MIMIC-IT pipeline. Specifically, the Otter framework integrates visual data
(instrumenting a frozen CLIP ViT-L/14 encoder) and language data (using the
LlaMA-7B large language model) through a trainable perceiver resampler module.
In the LlaMA-7B architecture, cross-gated attention layers are added to distribute
even focus across volumetric CT scans. The parameters of the remaining modules
except for input/output embeddings, are frozen so that the training expenses are
minimized. The model efficacy was evaluated via traditional metrics, LLM-as-a-
judge evaluation, and a FORTE scoring system tailored for RRG evaluation.
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before and after “Negation Removal.” (Supplementary Fig. 3) The
initial FORTE evaluation showed all keyword categories were present
in 20.9–27.4%of the BrainGPT-generated reports, whereas the number
decreased to 3.3–6.2% after negation removal. On the other hand,
“degree and landmark” was present in 29.3–35.3% of the BrainGPT-
generated reports, whereas the number increased to 41.6–55% after
negation removal. This may be due primarily to the fact that negation
removal resulted in the depletion of mostly impression keywords. The
effect corresponds with the conciseness of radiology reports that the
impression is succinct, and every sentence conveys a specific keyword
combination including but not limited to all four elements for the
purpose of differential diagnosis.

Together, we demonstrated that negation removal allowed eva-
luation metrics to focus on positive findings, enhanced average tra-
ditional scores and FORTE F1 scores, and avoided sparse and off-topic
impressions in reports.

Assess BrainGPT generalization via CQ500 external validation
We conducted zero-shot external validation on the CQ500 brain CT
dataset (n = 133) to assess BrainGPT’s ability to perform report cap-
tioning under generalized clinical conditions.We estimated the clinical

keyword retrieval rate by comparing the BrainGPT reports to the
ground truth labels of the CQ500CT scans (Fig. 5a). Notably, BrainGPT
mentioned keywords (e.g., ventricular enlargement, atrophy, infarc-
tion, and mass effect) in the generated reports for the CQ500 valida-
tion dataset with frequencies similar those of the training dataset (3D-
BrainCT). These zero-shot captioning results indicated that BrainGPT
included the CT report phraseology and writing structure for the dif-
ferential diagnosis of brain disease.

CQ500 is an intracranial hemorrhage (ICH) dataset encompassing
“mass effect,” “hemorrhage,” and “midline shift” features, which were
less indexed in our geriatric population 3D-BrainCT dataset. Never-
theless, the four instruction-tuned BrainGPT models achieved
fair accuracy in reporting mass effects (0.71-0.75), midline shifts
(0.35-0.38), and hemorrhagic events (0.43-0.5). Furthermore, con-
sistent with our previous findings, negation removal (aligning with
differential diagnosis interest) significantly increased the reporting
accuracy for midline shift (0.86–0.91) and hemorrhagic events
(0.59–0.61). Notably, in terms of diagnosing “mass effect,” “hemor-
rhage,” and “midline shift,” the advanced CVIT models (BrainGPT-
template and BrainGPT-keyword) generally outperformed the RVIT
fine-tuned models (BrainGPT-plain and BrainGPT-example). This

a
B

ra
in

G
P

T
ke

yw
or

d
B

ra
in

G
P

T
te

m
pl

at
e

B
ra

in
G

P
T

ex
am

pl
e

B
ra

in
G

P
T

pl
ai

n
O

tte
r

Mean Traditional Evaluation Scores 

***
*** ***

*

* **

*

***

***

***

***

0 10 20 30 0 5 10 0 5 10 15 20 25 0 10 20 30 0

Model

BrainGPTplain

BrainGPTexample

BrainGPTtemplate

BrainGPTkeyword

Report-level

Report

Sentence pairing

Otter (Baseline)

Figure Legend

-0.79 +0

-1.47
+4.39

+6.55
+6.41

-1.46
+0.42

+1.34
+1.22

-0.33

+1.88
+6.7

+6.99

-1.77

+3.51
+6.5

+7.86
+8.01

-1.56

+106.76
+111.1

+116.45
+122.04

+5.55

Sentence pairing effect on Mean Traditional Evaluation Scores

50 100 150

BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr
B

L
E

U
-1

Pearson’s r: 0.695 
p-value:  < 2.225 * 10

B
L

E
U

-2

B
L

E
U

-3
Pearson’s r: 0.876
p-value:  < 2.225 * 10

B
L

E
U

-4

Pearson’s r: 0.898
p-value:  < 2.225 * 10

M
E

T
E

O
R

Pearson’s r: 0.813
p-value:  < 2.225 * 10

R
O

U
G

E
-L

Pearson’s r: 0.853
p-value:  < 2.225 * 10

C
ID

E
r-

R

Pearson’s r: 0.577
p-value:  < 2.225 * 10

Pearson’s r: 0.827
p-value:  < 2.225 * 10

10007505002500
0

250

500

750

1000

0

25

50

75

100

1007550250

0

25

50

75

100

1007550250
0

25

50

75

100

1007550250

0

25

50

75

100

1007550250
0

25

50

75

100

1007550250

0

25

50

75

100

1007550250
Report Level Score

Sc
or

e 
af

te
r s

en
te

nc
e 

pa
iri

ng

Report Level Score

Sc
or

e 
af

te
r s

en
te

nc
e 

pa
iri

ng

Report Level Score
Sc

or
e 

af
te

r s
en

te
nc

e 
pa

iri
ng

Report Level Score

Sc
or

e 
af

te
r s

en
te

nc
e 

pa
iri

ng

Report Level Score

Sc
or

e 
af

te
r s

en
te

nc
e 

pa
iri

ng

Report Level Score

Sc
or

e 
af

te
r s

en
te

nc
e 

pa
iri

ng

Report Level Score

Sc
or

e 
af

te
r s

en
te

nc
e 

pa
iri

ng

-308 -308 -308

-308 -308 -308 -308

b

Fig. 3 | Assessing visual instruction tuning influence on model performance
and characterizing intrinsic CT report structure effects on metric scoring.
a Traditional language metrics were calculated for each MLLM experiment. While
sentencepairing significantly increased themodel scoring, statistical significance in
two-sided Wilcoxon signed-rank test was also detected between the fine-tuned
BrainGPTmodels and the baseline Otter models; and between the CVIT (Template

Instruction and Keyword Instructions) and RVIT (plain instruction and context
example instruction) models. b MLLM score demonstrated a significant positive
shift in the two-sided Pearson correlation coefficient analysis after sentence pairing
preprocessing; the pairing-related increase was particularly significant in the
measure of CIDEr (TF-IDF-based). (* p <0.05, ** p <0.01, *** p <0.001). CVIT: clinical
visual instruction tuning, RVIT: regular visual instruction tuning.
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suggests that CVIT instructions act as a premodel rectifier, enhancing
the focus on valuable clinical etiologies.

To further investigate diagnostic credibility, we examined report
results for lacunar infarct, subdural hemorrhage (SDH), subarachnoid

hemorrhage (SAH), and midline shift with mass effects (Fig. 5b).
Interestingly, in the lacunar infarction case, the BrainGPT-example
accurately identified the hypodense old lacunar infarct in the putamen
and thalamus regions. However, “putamen” was misspelled as
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Fig. 4 | Gauging the competence of feature-oriented radiology task evaluation
(FORTE) scoring and the effects of negation removal in RRG. a 2D scatter plot
documenting the radiology keyword recall discrepancy between the CVIT-
conditioned generated reports and the original ground truth. The wording ele-
ments were either referred to as the radiology keyword or as the grammatical filler
words, among which the CVIT process significantly boosted the keyword usage of
BrainGPTmodels. Note that the differential diagnostic purposed phrase “no” stood
out as the top-ranked recall keyword and was further investigated by the negation
removal experiments. b By further differentiating the keywords into distinct sub-
jects (degree, landmark, feature, impression), we benchmarked inter-model per-
formance and tested the negation removal effects on BrainGPT models. The CVIT

andRVIT effects on scoring gainsweremarkedout by reddashed lines, whereas the
effect of negation removal scoring gains was marked out by blue dashed lines.
Statistical significance was assessed using a two-sided Wilcoxon signed-rank test.
c The testing of instruction tuning and negation removal was repeated with the
assessment of traditional evaluation metrics. Statistical significance for these
comparisons was also determined using a two-sided Wilcoxon signed-rank test.
dHeatmap and 2D scatter plot of the two-sided Pearson analysis showed a distinct
evaluation spectrum between the traditional metrics and the FORTE keyword
categories. While the traditional evaluationmetrics showed high homogeneity, the
FORTEevaluation addresses diverse aspects of the radiology description context. (*
p <0.05, ** p <0.01, *** p <0.001).
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“putmen,” likelydue to a typo learned from theoriginal training report.
The model also generated successful captions for brain lesions,
including SDH at the right occipital region, SAH, and left uncal her-
niation. To examine whether BrainGPTwas subject to the sharpshooter
fallacy in 3D CT scans, we isolated multiobject cases with different
lesion features in various CT images (Fig. 5c). We noted that in some
multi-lesional brainCTs, the BrainGPT reports could recognize distinct

hemorrhage subtypes (contusion, intraventricular and subarachnoid
hemorrhage) with a sparse comprehension of the lesion location
(frontotemporal lobe). In another case, BrainGPT described a regres-
sing chronic ICH and a periventricular angiopathic leukoencephalo-
pathy with white matter hypodensity. These multiobject, multislice
caption reports demonstrated BrainGPT’s potential to provide differ-
ential diagnoses for hemorrhages and hypodense image features.

> Contussion hemorrhage is noted in bilateral frontotemporal bases with mass effect. 
   Recommend clinical check up.
> Intraventricular hemorrhage and subarachnoid hemorrhage are noted.
> Chronic subdural hematoma about 5mm in thickness in right frontoparietotemporal. 

> Residual intracranial hemorrhage about 3 .1cm in left posterior temporal region; and mildly 
in regression .
> Thin-layered subdural hematoma about 0 .5cm in left frontotemporal region.
> Mixed dense and hematogenous subdural hematoma about 0.9cm in right 
   frontoparietal region .
> Calcification in bilateral lentiform nuclei.
> Loss of brain tissue with enlargement of cortical sulci and ventricular system.
> Low density change is noted in the periventricular white matter of bilateral cerebral 
   hemispheres, mostly likely angiopathic leukoencephalopathy from arteriosclerotic change.
Conclusion
Regression of intracerebral hemorrhage (ICH) in left posterior temporal region, and mildly in 
regression; thin-layered sdh about 0 .5cm in left frontotemporal region; mixed dense and hemat 

> Lacunar infarctions at left 
   putman, bilateral thalami.

> Lacunar infarctions at left 
   putman, bilateral thalami.

> old lacunar infarcts at right frontal 
   perivascular region, left basal 
   ganglion.

> several lacunar infarcts in bilateral
   thalami and thalami, more on left 
   side.

> Presence of thin-layered
SDH at right occipital region 

   about 3mm in thickness  

> ct is with limited sensitivity of 
   detecting ischemia, suggest 
   clinical correlation .  

> multiple low-attenuation chang
   of bilateral lentiform nuclei

> resolving left subarachnoid 
   hemorrhage with linear linear 
   calcification along the hematoma 
   bed .

> Subarachnoid hemorrhage and 
   intraventricular hemorrhage was 
   noted.

> white matter low density change is
   noted in the bilateral periventricular
   region, favor angiopathic  
   leukoencephalopathy.  

> subdural effusions in bilateral
   frontotemproal regions,
   measured as 7-8 mm .

> s/p (incomplete generation)

> showed mild midline shift to right
   side, and left uncal herniation 
   region.

> mild degree ventricular dilatation
   for age of (incomplete generation)

> small old and recent infarcts are
   noted inleft hemisphere;  recent 
   infarction in left temporoparietal
   territory

> subdural effusion at bilateral
   frontal,about 1.4 cm in thickness
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LLM-as-a-judge for medical report validity
Our BrainGPT scored robust performance in both traditional evalua-
tion metrics and FORTE. To further validate the clinical reliability of
BrainGPT and FORTEmetrics, we leveraged the LLM-based DocLens as
an extrapolating referee tomeasure the fine-grainedmedical details in
the BrainGPT-generated reports and the efficacy of FORTE29. Inter-
estingly, by comparing the DocLens claim precision scores and the
FORTE scores in the status pre- (0.102 vs 0.102) and post-visual
instruction tuning (0.589 vs 0.539), we noted that the FORTE scoring
framework aligns with the LLM-as the judge evaluations.

To examine the semantic coherence between the FORTEand LLM-
based evaluations, we conducted a two-sided Pearson correlation
analysis between DocLens score and all aforementioned metrics.
Notably, we observed that Doclens is highly correlated with FORTE

(r =0.78, p-value < 0.001), but is poorly correlated with traditional
metrics (r < 0.4, p-value < 0.001). The improved coherence between
DocLens scores and FORTE metrics following the application of sen-
tence pairing highlights the importance of this evaluation preproces-
sing step (Fig. 6a) In summary, our results demonstrated that
traditional metrics fall short of addressing the semantic complexity in
medical reports, and the FORTE scoring concept work as efficient as
the state-of-the-art DocLens evaluation but in a computation-light
manner.

To accredit thewhole BrainGPT-generation andFORTE-evaluation
framework with human expert approval, we constructed a 10-point
Likert scale rating by 2 physicians reading 50 random sampled cap-
tions. The surveyed dimensions were set by recombination of the
essence of radiological RADPEER, linguistic readability, and factual
considerations30–33. The evaluation compared AI-generated reports
with their corresponding ground truth reports across five key criteria:
“Diagnostic Accuracy,” “Linguistic Quality,” “Radiologic Detail Infor-
mation,” “Density Proportion,” and “Soundness Equivalence.”We then
computed the intraclass correlation coefficients (ICC) between the five
criteria (Fig. 6b) and the FORTE average F1 score, which derived a
moderate correlation between human expert opinion and proposed
FORTE metrics: 0.73 (Diagnostic Accuracy), 0.27 (Linguistic Quality),
0.52 (Radiologic Detail Information), 0.64 (Density Proportion), 0.58
(Soundness Equivalence), and 0.62 overall. In parallel, we also noted a
moderate correlation between DocLens and human expert opinion in
terms of “Diagnostic Accuracy”, and a mild correlation in the remain-
ing rated items. In conclusion, BrainGPT generated accurate and
informative radiologic reports, whilst the proposed FORTE effectively
denotes the medical essence within the report.

Linguistic-embedded Turing test
To further evaluate whether healthcare providers could distinguish
these BrainGPT-generated reports, we conducted a Turing test. To be
specific, we asked 11 physicians (2 radiologists, 2 neurologists, and 7
other licensed medical doctors) (Fig. 7a) to determine whether 6
provided brain CT reports (two lacunar infarcts, cortex atrophy, sub-
dural hemorrhage, and midline shift) were written by machines or
humans. Interestingly, out of the 66 evaluations, 74.24% of the
BrainGPT-generated captions were mistakenly identified as human-
written. (Fig. 7b) When CT input context was provided to the evalua-
tors, 18% of the misidentification was reduced, resulting a 56% inci-
dence of mistakes machine-written as human-written reports. Overall,
integrating the scan-text context into the Turing test led to more
confident evaluations on the 5-point Likert scale (p-value < 0.01). This
suggests that reviewing actual image contexts helps human evaluators
detect subtle differences between machine and human-written
reports, likely because of off-target descriptions and inadequate pre-
cision in machine-generated captions.

We also investigated what type of qualitative traits can influence
the expert impression on the human vs machine originality of the
report (Fig. 7c). We found that traits of “Familiarity and voice” (29%),
“Specificity or vagueness of details” (37.60%), “Continuity and Coher-
ence” (33.33%), and “Writing quality at sentence level” (33.33%) were
significant factors when medical experts attribute a human origin
behind a radiology report34. Notably, when the “Familiarity and voice”

Fig. 5 | Examining themulti-objectmulti-slice captioning accuracy of BrainGPT
with a trauma-featured CQ500 brain CT external validation dataset. a A sum-
marizing bar chart panel was illustrated to display the cranial disease feature
composition across our 3D-BrainCT (training and internal testing) dataset and the
CQ500 (external validation) dataset. The BrainGPT caption accuracy was tested in
three disease features (mass effect, hemorrhage, and midline shift) that came with
an ground truth labeling in the original CQ500 dataset. Each of the four BrainGPT
models accuracy was displayed by an overhanging line and dot plot. Themeasured
accuracy before and after negation removal was marked by circles and stars,

respectively. b A head-to-head comparison of distinct BrainGPT-generated reports
was showcased in selected brain lesion features (lacunar infarction, subdural
hemorrhage; SDH, subarachnoid hemorrhage; SAH), midline shift, and herniation).
The preciselymentioned radiology keywords were highlighted in red. An increased
trend of keyword usage ascends in correspondence toward the hierarchy of CVIT
versus RVIT designs. c The multi-slice BrainGPT captioning ability was demon-
strated by reporting pathologic conditions spanning across multiple CT scans. In
the provided image-text examples, image features are labeled with red arrows, and
the corresponding report descriptions are labeled with red context.
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Fig. 6 | Aligning FORTE score utility with physician expert-based evaluation
and LLM-as-the-judge. a The general and average FORTE score, rather than the
traditional metrics, correlate more with the DocLens LLM-as-the-Judge perspective
in the two-sided Pearson correlation coefficient analysis. Notably, the correlation
increased when sentence pairing pre-processing was applied. b Interclass correla-
tion coefficient (ICC) between traditionalmetrics, FORTE, LLM-basedDocLens, and
the five-itemmedical expert evaluationwas calculated and presented as a heatmap.
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factor was taken into account, the average success identification rate
increased from 22.22% to 38.6%. Similarly, considering “Specificity or
vagueness of details” increased the average success identification rate
from 26.67% to 39.22%. By looking on these direct evidence of
linguistic-quality embedded expert decision, it is advisable to conduct
writing style fine-tuning in terms of RRG.

Together, this study demonstrated a holistic research toward
pre-processing 3D volumetric CT image-text pair dataset (nega-
tion removal and sentence pairing), fine-tuning an RRG
model (BrainGPT), and curating a medical-sensible evaluation
metric (FORTE).

Discussion
In this study, we assembled a holistic framework to address various
unmet needs and achieve robust report generation for 3D brain CT. On

the basis of our collective experiences, we recommend applying the
following sequential protocol (or an equivalent process) to ensure
report generation and evaluation rigor:
1. CVIT: Incorporating clinical domain knowledge in implementing

visual instruction tuning
2. Combining “sentence pairing” and “negation removal”: Adapting

traditional metrics to radiology reports
3. Employ FORTE: Gauge the clinical essence of caption results in

multiple aspects
4. Leveraging LLM-based agent and human expert evaluation:

Measure the medical details of RRG and the keyword-based
evaluation accountability

5. Conducting linguistic-embedded Turing tests: Including the
corresponding image and linguistic criteria in human expert
evaluation

> No obvious midline shifting or intracerebral hemorrhage can be found in this exam.
> Mild generalized loss of brain tissue with enlargement of cortical sulci, cerebellar 
fissures and ventricular system.

mass effect. R/I small vascular ischemic disease.
> No remarkable finding of paranasal sinuses and bilateral mastoids.
> Grossly intact visible bony structures.
> Early infarction could be underdetected by CT.
Suggest clinical correlation.
Conclusion
Senile change.

> No obvious midline shifting or intracerebral hemorrhage can be found in this exam.
> Mild generalized loss of brain tissue with enlargement of cortical sulci, cerebellar 
fissures and ventricular system.
> No remarkable finding of paranasal sinuses and bilateral mastoids.
> Grossly intact visible bony structures.
> Early infarction could be underdetected by ct.
Suggest clinical correlation.
Conclusion
Old small infarct in right cerebellar hemisphere and left occipital lobe.
Senile change.

Q1. (Q4) Which narrative, A/B, do you think was written by AI?

A) A is AI and B is a specialist  

C) Both are AI    

B) B is AI and A is a specialist

D) Both are specialists 

Q2. (Q5) How confident are you about your choice in the previous 
       question?

Very Uncertain

Q3. What are the factors that affect your confidence in interpretation?
1) Continuity and coherence
2) Specificity or vagueness of details
3) Familiarity and voice 
4) Writing quality at sentence-level

A) Not considered
B) Considered but there is no 
     difference
C) Considered and is decisive factor Next Example Pair

Review the CT Scan

a
After CT ScanBefore CT Scan

Example Pair

Fig. 7 | Evaluating the linguistic readiness of BrainGPT reports through a
physician participated Turing test. a A schematic flowchart of our Turing test
survey. Specifically, eleven physicians were asked to distinguish the model-
generated report from seven selected report pairs. Each answer accompanies six
qualitative reasoning regardingwhy the decisions weremade. A 5-point Likert scale
was used to rate the answer confidence, and the participants were asked to address
the strength of the rationales (continuity and coherence, familiarity and voice,

writing quality and specificity or vagueness). On top of the linguistic compartment
of the evaluation, we tested whether the reveal of image context would divert
participants impression on the authenticity of the report. b The false impression
rate of the participant in origin and generated reports; before and after revealing
the CT image content. c The consideration of linguistic criteria correlates with
higher physician success rates.

Article https://doi.org/10.1038/s41467-025-57426-0

Nature Communications |         (2025) 16:2258 9

www.nature.com/naturecommunications


By following these technical approaches, we demonstrated that
the fine-tuned open-source MLLMs can be instrumented for 3D med-
ical image interpretation.

Recent work by Hamamci et al. revealed that generative models
are competent in 3D chest CT report generation at the state-of-the-art
(SOTA) level (BLEU-1 = 46, BLEU-4 = 36.9, METEOR= 29.5, ROUGE-
L = 45.9)35–37. However, their customized transformer model required
7 days of training on a single NVIDIA A100 GPU, whereas our BrainGPT
model requires only 12 h of fine-tuning on two NVIDIA A100 GPUs.
Additionally, Google AI’s Med-Gemini-3D can perform 3D CT report
generation, but only 53% of its reports are considered clinically valid in
human evaluations38. The high computational cost of using large-scale
Google TPUv4 accelerator pods makes this approach infeasible for
general researchwith limited resources. In contrast, our BrainGPTuses
an end-to-end open-source Otter framework (CLIP ViT-L/14 vision
encoder39 and LlaMA-7B40), which allows for experimental replication
and checkpoint sharing. Moreover, the reduced training cost of
BrainGPT enables efficient visual instruction tuning, enhancing model
performance and tailoring responses to specialized or stylistic
requirements (Supplementary Table 5).

While we did not modify the Otter model structure, we attribute
the SOTA-level performance to the combined effects of RVIT andCVIT.
Singhal et al. first explored task-specific RVIT in the medical domain
and reported that chatbot performance improved with medical QA in-
context example primings28. Similarly, Med-PaLM M uses image cues
(CXR and pathology slides) alongside clinical instructions to guide
MLLM on multimodal medical tasks17. Echoing these studies, our CVIT
models (BrainGPT-template, BrainGPT-keyword) outperformed RVIT
models in brain CT captioning. This suggests that fine-grained,
specialist-grade instruction design may optimize model outcomes for
clinical captioning tasks.

We also highlighted that traditional metrics are unfit for evaluat-
ing clinical captioning tasks. Medical image reports assist in differ-
ential diagnosis and thus are characterized by complex paraphrasing,
high token counts (>100), and numerous negative descriptions, which
conflict with commonmetric evaluation contexts24,41. Additionally, we
observed an “Interpretation Spree” behavior, where BrainGPT pro-
vided off-target (but not hallucinated) diagnostic narrations from
multiobject brain CT contexts (detailed in Supplementary Table 3).
This behavior is detrimental because (1) off-target effects may exclude
the primary disease focus (e.g., stroke or brain tumor), and (2)
expanded narration may dilute traditional metrics, leading to invalid
evaluations.

To address low traditional metric values from different narration
aims, we preprocessed radiology reports with “sentence pairing” and “

negation removal.” The application gap is attributed to surface-form
similarity and lexicographic analytic restrictions41. We then applied
FORTE to decompose the BrainGPT reports into keyword categories
addressing the effective radiology descriptor frequency. In recent
LLM-based evaluation studies29,42–44, we found that (1) similar to the
sentence pairing process of FORTE,most of themadopt sentence-level
comparison when prompting GPT to adapt to the list-by-list nature of
radiology reports (2) in coherencewith the issue raised in our negation
removal session, Doclens29 mentioned the importance of the evalua-
tion method to discriminate “there is a focal lesion” from “there is no
focal lesion”; and (3) most importantly, ranging from sentence-level
precision and recall to error counting, every study aims to establish a
more clinically precise, explainable, and generalizable metric. (Sup-
plementary Table 6).

To this end, FORTE served as an evaluation framework that
consists of sentence-pairing, negation removal, and 4-category key-
word extraction, which coherently restricts model hallucination,
enhances the interpretation convergence, and provides instant
radiology impressions for healthcare providers. This study performed

Pearson correlation analysis across different evaluation metrics
and reported that the FORTE method encapsulates a broader
medical semantic dimension than the relative unitary traditional
metrics. This is further evidenced by its moderate to high correlation
with both human expert assessments andDocLens scores25. Moreover,
the FORTE framework is customizable and transferable across
various medical tasks with no focus restrain, an interchangeable
categorized keyword bank was provided as keyword JSON files on
our GitHub page, some examples were demonstrated for chest X-ray,
low-dose computed tomography (LDCT), abdomen CT, and Brain
CT tasks. Within the FORTE framework, BrainGPT achieves a com-
mendable performance with an F1 score of 0.589, comparable to the
state-of-the-art (SOTA) performance in general medical disease iden-
tification, which reports an accuracy of 59.2% in prior benchmark
studies45.

Human expert evaluation in natural language processing experi-
ments has been conducted under distinct experimental designs and
has served diverse study purposes. Therefore, the resulting perspec-
tives were often inconsistent and noncomparable across individual
contexts. Therefore, related works have instrumented quantitative
(completeness, correctness, conciseness) and qualitative (content,
language, structure) measurements to dissect the riveting characters
that distinguish synthesized clinical reports from human reports46–49.
By adopting similar designs with objective linguistic criteria, we found
that both the reviewer success rate and answer alternation reasons
(“Suspicious wording” and “Both not mentioning critical features”)
were associated with the writing style (“Familiarity and voice” and
“Specificity or vagueness of details”) rather than the sentence-level
writing quality and coherence34. The significance of themedical report
writing style was also highlighted in an independent prompting
study47. Interestingly, we observed that input case imbalance can
influence the caption writing style, potentially related to the over-
fitting observed during general model training (see also Supplemen-
tary Fig. 4).

This study has several limitations, which should be addressed in
future works. First, this is a pilot volumetric brain CT captioning study
that has no counterpart MLLM module to benchmark, and hence we
cannot justify the efficacy at the SOTA level; however, we applied
external validation to ensure the caption validity in the brain CT
module. Second, BrainGPT is trained on degeneration-oriented data
and thus it fails to capture the malignant tumor and acute traumatic
features inCQ500. This phenomenon reflects that the trainingmaterial
may prime the dexterity of the resultant module49. Hence, we suggest
enrolling diverse disease etiologies with the aim of differential diag-
nosis to improve MLLM generalization on border brain CT features50.
Finally, we conducted CVIT and invented clinically oriented evalua-
tions (sentence-pairing, negation removal, and FORTE), but we did not
experiment on whether changing the model backbone could benefit
brain CT captioning. Future research avenues could be to compare
multimodel results and fine-tune the vision encoder and the language
model for CT.

Methods
Study design and oversight
In this study, we trained BrainGPT to generate 3D brain CT reports.
Then, we examined the caption efficacy by (1) adapting traditional
evaluation metrics (2) proposing a clinical-oriented FORTE metric,
(3) applying an external validation CQ500, and (4) conducting the
linguistic-embedded Turing test.

Study patient
We collected 18,885 brain CT scans (742,501 slices) from 9689 patients
with Alzheimer’s Disease (mean age = 82.59 years [standard deviation =
9.3 years]; 56.4% male) at Taipei Veterans General Hospital in Taipei,
Taiwan, between January 1, 2010, and December 31, 2022. All data were
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collected under institutional review board approval (2023-10-002 BC) of
the Taipei Veterans General Hospital. Informed consent was exempted
due to the retrospective nature of the data collection and the use of
deidentified CT images. The CT images included a variety of common
neurology conditions affecting the skull, brain parenchyma, nasal sinu-
ses, and the eye, andwere collected by radiologists who routinely obtain
CT images and write image reports based on the images and the
patient’s medical records. Since Alzheimer’s Disease is a progressive
degenerative condition predominantly seen in the elderly, the dataset
includes images of normal brains, past infarcts that still show manifes-
tations, chronic brain conditions, and acute brain lesions.

Clinical visual instruction tuning (CVIT)
To address the domain constraints of standard MLLM, we conducted
multiple end-to-end visual instruction tuning processes on the multi-
image mode Otter foundation model, enhancing its applicability to
brain CT radiology features26,27. Based on the Flamingo model, the
Otter paradigm connects the LlaMA-7B language encoder and the
frozen CLIP ViT-L/14 vision encoder via a trainable perceiver resampler
module andmultiple cross-attention layers inserted into the LlaMA-7B
architecture. Within the original LlaMA-7B structure, all modules
except for the input/output embeddings were frozen to reduce train-
ing costs. The training duration for each resulting model was 12 h on
two NVIDIA A100 GPUs, achieving 3 epochs.

To facilitate multi-image in-context learning capacity, we for-
mulated the data into image-instruction-answer triplets, with the
instruction tokenized and the image enhanced prior to input into the
model. We designed four distinct fine-tuning conditions including
regular visual instruction tuning (RVIT, Plain Instruction, and In-
context example Instruction) and clinical visual instruction tuning
(CVIT, Template Instruction, and Keyword Instruction), each corre-
sponding to an adherence hierarchy to clinical essence. We named the
final instruction-tuned models BrainGPT-plain, BrainGPT-example,
BrainGPT-template, and BrainGPT-keyword.

For each visual instruction tuning process, BrainGPT-plain was
fine-tuned using plain instruction, conveying the model’s role as a
radiology assistant; BrainGPT-example wasfine-tuned using in-context
example instruction, adopting a 3-shot example approach due to
available RAM constraints as based on the work of Singhal et al.28;
BrainGPT-template was fine-tuned using template instruction, invol-
ving a structured and predefined set of questions or points that need
to be addressed; BrainGPT-keyword was fine-tuned using keyword
instruction, focusing on essential areas or categorical guidelines that
direct the model’s response generation process. Detailed instruction
examples can be referenced in Supplementary Fig. 1. The effectiveness
of visual instruction tuning was evaluated using a two-sided Wilcoxon
signed-rank test. Tominimize the influence of reporterwriting style (as
demonstrated in Supplementary Fig. 4), we averaged the reports for
each reporter, yielding 27 reporter averages. The Wilcoxon signed-
rank test, a non-parametric paired test, was then applied to these
related samples to assess whether their population mean ranks differ
without assuming a normal distribution. This information has been
clearly stated in the revised figure legends.

Dataset preparation
Training dataset. Since the Otter architecture requires image-text pair
instances to be of the same size (24 slices), we sampled 365,928 slices
from 15,238 scans representing 7747 patients from a total of
597,335 slices from 15,247 scans representing 7751 patients for the
training process. The system was then tested on 87,312 slices sampled
from 145,166 slices of 3638 CT scans representing 1938 patients.

External validation dataset. The CQ500 dataset, consisting of 1154
available CT scans from 491 patients, was downloaded from the Qur-
e.ai website51. The dataset focuses on image features such as brain

parenchyma (plain scans), bone (bone scans), and blood vessels (post-
contrast scans). Only non-contrast CT scans with slice numbers
between 23 and 40 were selected to build the external validation
dataset (n = 133). This ensures that slice thickness and details are
similar to our training dataset and fit in the Otter framework. Ground
truth was based on a read.csv file from the CQ500 dataset, and the
majority rule was applied among the three raters to summarize the
“Mass effect,” “Hemorrhage event,” and “Midline shift” labels.

Feature-oriented radiology task evaluation (FORTE)
We proposed the feature-oriented radiology task evaluation (FORTE)
framework to capture radiology keywords in terms ofDegree (size and
intensity), Landmark (location and anatomy), Feature (disease traits
and primary findings), and Impression (final diagnosis) of the disease.
(For details on the keyword list, see Supplementary Table 7). This list is
not just a compilation of keywords but also includes synonyms,
allowing the system to recognize a broader array of related terms that
may appear in different contexts, addressing the challenge of lexical
variability inherent in clinical reports. The F1 score is calculated for
each category, providing a multi-faceted evaluation of the system’s
performance. Additionally, we compute the Pearson’s correlation
coefficient (Pearson’s r) under two-sided paired t-test conditions for
each FORTE category with traditional metrics, offering a deeper
understanding of their applicability and limitations in radiological
report evaluation.

Weprovided the FORTE keyword JSONfiles for the Brain CT, chest
X-ray, low-dose computed tomography (LDCT), and abdomen CT on
our project GitHub page to demonstrate the generalizability of FORTE
in facilitating the next generation of medical LLM.

Traditional metrics
We compared the clinical evaluation fitness of FORTE against the
standard similarity-based evaluationmetrics, includingBLEU (Bilingual
Evaluation Understudy, set range 0-100), METEOR (Metric for Eva-
luation of Translationwith Explicit Ordering, set range 0-100), ROUGE-
L (Recall-Oriented Understudy for Gisting Evaluation with Longest
Common Subsequence, set range 0-100), and CIDEr-R (Robust
Consensus-based Image Description Evaluation, set range 0-1000)
(Supplementary Table 6)20–23 All standard evaluations were executed
using the Microsoft Common Objects in Context (MS-COCO) toolkit52.

Additionally, to address the list-by-list structure, diverse para-
phrasing, and differential diagnosis-oriented negation description of
brain CT reports, we incorporated “sentence pairing” and “negation
removal” before applying the evaluation formulas. The “sentence
pairing” process was inspired by BERTScore, which leverages con-
textual embeddings and cosine similarity to achieve better semantic
matching than traditional n-gram-basedmethods53. Previous literature
showed theBERTembeddings54 capture rich semantic information and
are widely recognized as effective for sentence similarity tasks55–57.
Cosine similarity, which measures the token-level contextual embed-
dings of reference and candidate sentences, is widely recognized as an
effective generation metric and applied in the CheXbert vector simi-
laritymetric58. Specifically, the reports were embedded and vectorized
using the all-mpnet-base-v2 model from the SentenceTransformer
library before pairing and scoring. On the other hand, the “negation
removal” process filtered any ground truth/ generated report pair with
the word “no” with the “search” module under “re” package. By these
means, sentence pairing releases the sequential constraints of disease
descriptors, and negation removal reduces the false positives in eva-
luation reports.

LLM-as-a-judge for medical report validity
To assess the performance of BrainGPT and our proposed
metric, FORTE, we conducted an evaluation using both an LLM-as-a-
judge framework and a formal clinical accuracy evaluation by
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physicians. For the LLM-as-a-judge evaluation, we utilized the DocLens
metric, which employs GPT-4o mini to extract claims from generated
reports, verify their presence in ground-truth reports, and compute a
precision score for the generated content. (for the prompt used,
please refer to Supplementary Table 8; for the claim and precision
examples, see Supplementary Table 9)29 Five models were evaluated,
including BrainGPT-plain, BrainGPT-example, BrainGPT-template,
BrainGPT-keyword, and the baseline Otter model. Additionally,
we compute the Pearson’s correlation coefficient (Pearson’s r) under
two-sided paired t-test conditions for DocLens score with the
FORTE categories and traditional metrics, offering a deeper under-
standing of their applicability and limitations in radiological report
evaluation. Pearson correlation analyses were also performed between
DocLens precision and the FORTE categories, with and without sen-
tence pairing preprocessing, to examine the impact of this step on the
correlation.

For the clinical evaluation, a physician survey was constructed
using 50 samples randomly selected from the lowest and highest one-
third of sentence pairs (25 samples each) based on FORTE average
scores. The survey employed the RADPEER framework, developed by
the American College of Radiology (ACR), and included five evaluation
criteria: “Diagnostic Accuracy,” “Linguistic Quality,” “Radiologic Detail
Information,” “Density Proportion,” and “Soundness Equivalence.”33,59

To maintain focus on these aspects, only the AI-generated reports and
their corresponding ground truth reports were provided to the phy-
sicians. Intraclass correlation coefficients (ICCs) were calculated to
measure the reliability of human evaluations across these criteria.
Additionally, RADPEER scores were dichotomized using arithmetic
means as thresholds to compute Cohen’s kappa coefficients with
DocLens scores.

Linguistic-embedded Turing test
To examine whether the BrainGPT CT reports recapitulate the lin-
guistic texture of radiologist reports, we conducted a Turing test
involving physicians and radiologists. Each participant was asked to
distinguish BrainGPT reports from radiologist reports. The study was
structured around four measuring axes:
(1) Turing test: Can physicians tell the difference between BrainGPT

reports and radiologist reports?
(2) Confidence rate: How confident are the reviewers in their

ratings?
(3) Inter-leaved dependency: Do physicians alter their assessments

and confidence rates after reviewing the original CT scans?
(4) Linguistic criteria: What is the linguistic rationale behind physi-

cians’ impressions?34

To explore the aforementioned questions, we collected survey
and semi-structured rationale interviewdata. The physician surveywas
composed of six caption pairs, each comprising a BrainGPT report and
a radiologist report. These examples included diverse disease instan-
ces including lacunar infarct, subdural hemorrhage, brain atrophy, and
midline (cerebral falx) shift, thereby encompassing a range of both
acute and chronic cerebral alterations for expert evaluation.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The 3D-BrainCT dataset from this study is securely stored in coded form
at Taipei Veterans General Hospital (TPEVGH), Taiwan, and is not publicly
accessible due to privacy concerns. Access can be obtained after the IRB
andData SharingCommittee approvals at theTPEVGHand the requesting
institution. Details on how to request access are available from TPEVGH
Human Research Protection Center (irbopinion@vghtpe.gov.tw).

Requestswill beprocessedwithin twoweeks. TheCQ500dataset used for
external validation is available in theQure.ai database and canbe accessed
via https://www.kaggle.com/datasets/crawford/qureai-headct (https://doi.
org/10.1016/S0140-6736(18)31645-3)51.

Code availability
Code used for experiments in this study is available at https://doi.org/
10.5281/zenodo.1485268660. We also provide a Huggingface model
weight link to our best model (https://huggingface.co/Charliebear/
BrainGPT) and the FORTE keyword JSON files (Chest X-ray/ Brain CT/
Low-dose CT/ Abdomen CT).
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