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Abstract

Breast cancer is one of the most common malignancies among women globally. Magnetic resonance imaging

(MRI), as the final non-invasive diagnostic tool before biopsy, provides detailed free-text reports that support clini-

cal decision-making. Therefore, the effective utilization of the information in MRI reports to make reliable decisions

is crucial for patient care. This study proposes a novel method for BI-RADS classification using breast MRI reports. Large
language models are employed to transform free-text reports into structured reports. Specifically, missing category
information (MCI) that is absent in the free-text reports is supplemented by assigning default values to the missing
categories in the structured reports. To ensure data privacy, a locally deployed Qwen-Chat model is employed. Fur-
thermore, to enhance the domain-specific adaptability, a knowledge-driven prompt is designed. The Qwen-7B-Chat
model is fine-tuned specifically for structuring breast MRI reports. To prevent information loss and enable comprehen-
sive learning of all report details, a fusion strategy is introduced, combining free-text and structured reports to train
the classification model. Experimental results show that the proposed BI-RADS classification method outperforms
existing report classification methods across multiple evaluation metrics. Furthermore, an external test set from a dif-
ferent hospital is used to validate the robustness of the proposed approach. The proposed structured method
surpasses GPT-40 in terms of performance. Ablation experiments confirm that the knowledge-driven prompt, M|,
and the fusion strategy are crucial to the model’s performance.

Keywords Large language model, Structured report, Missing category information, Radiology report

Yuxin Liu and Xiang Zhang contributed equally to this work. ® Shandong Laboratory of Advanced Biomaterials and Medical Devices
in Weihai, Shandong University, Weihai 264200, Shandong, China
5 Faculty of Applied Sciences, Macao Polytechnic University, Macao, China

*Correspondence:

Jun shen . 7 Institute of Automation, Chinese Academy of Sciences, Beijing 100190,
shenjun@mail.sysu.edu.cn China
Jian Zheng

zhengj@sibet.ac.cn

! School of Biomedical Engineering (Suzhou), University of Science

and Technology of China, Division of Life Sciences and Medicine,

Hefei 230026, Anhui, China

2 Medical Imaging Department, Suzhou Institute of Biomedical
Engineering and Technology, Chinese Academy of Sciences,

Suzhou 215163, Jiangsu, China

? Department of Radiology, Sun Yat-Sen Memorial Hospital, Sun Yat-Sen
University, Guangzhou 510120, Guangdong, China

4 Guangdong Provincial Key Laboratory of Malignant Tumor Epigenetics
and Gene Regulation, Medical Research Center, Sun Yat-Sen Memorial
Hospital, Sun Yat-Sen University, Guangzhou 510120, Guangdong, China

. ©The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
@ SPrlnger O pe n permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the
— original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.


http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s42492-025-00189-8&domain=pdf
http://orcid.org/0000-0003-4257-331X

Liu et al. Visual Computing for Industry, Biomedicine, and Art

Introduction
Breast cancer is one of the most prevalent malignant
tumors in women worldwide and imposes a significant
health burden [1]. In the diagnostic pathway, magnetic
resonance imaging (MRI) represents the final non-
invasive diagnostic method before considering a biopsy,
which may present risks such as bleeding and compli-
cations [2, 3]. Computer-aided decision support assists
less-experienced specialists while reducing unnecessary
biopsies and minimizing the pathologists’ workload [4—
7]. Considering their comprehensive medical information
content, breast MRI reports play a crucial role in clini-
cal decision-making. Consequently, developing effective
methods to extract and learn key features from these
reports shows significant potential to improve the accu-
racy of decision-making in breast BI-RADS classification,
particularly in differentiating between malignant (sugges-
tion for biopsy) and benign (suggestion for follow-up).
Advancement of radiology report classification
through natural language processing (NLP) approaches
has become increasingly important [8, 9]. Traditional
machine learning methods [10], such as the support vec-
tor machine (SVM), k-nearest neighbor (KNN), Naive
Bayes (NB), and maximum entropy classifier, although
widely used in report classification, face challenges in fea-
ture extraction, particularly when dealing with the high-
dimensional and sparse nature of text representations.
These limitations impede the accurate capture of intri-
cate inter-feature relationships. In contrast, deep learning
methods enable direct extraction of high-level features
from data. Convolutional neural network (CNN), recur-
rent neural network (RNN), and bidirectional long short-
term memory network have achieved significant success
in classifying radiology reports [11, 12]. However, these
models may encounter difficulties in handling long-dis-
tance dependencies and capturing global semantic infor-
mation. To address these limitations, the bidirectional
encoder representations from transformers (BERT)
[13] model has emerged as a breakthrough technology,
demonstrating remarkable success in clinical text clas-
sification through variants such as ClinicalBERT [14],
BioBERT [15], and RadBERT ([16]. However, the effec-
tiveness of these models depends heavily on high-quality
[17-19] and large-scale domain-specific corpora, and
limitations in data quality and evaluation methods can
significantly compromise model effectiveness. Recently,
large language models (LLMs) have demonstrated revo-
lutionary potential in the medical field, particularly in
diagnostic assistance, personalized treatment planning,
clinical decision support, and risk prediction [20]. For
medical text classification tasks, researchers have exten-
sively explored the application of advanced models such
as ChatGPT and GPT-4 in zero-, one-, and few-shot
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learning scenarios [21-23]. These models demonstrate
rapid adaptation to new tasks with limited data, substan-
tially reducing dependence on manual annotation. How-
ever, general-purpose LLMs face challenges because of
their domain-specific accuracy. Their black-box nature
makes identifying parts of the data that are crucial for
classification tasks challenging, potentially limiting their
reliable application in clinical settings.

Information extraction encompasses the process of
identifying entities, relationships, and events in unstruc-
tured text [24]. This process organizes various data attrib-
utes, providing a foundation for recognizing and utilizing
key information in radiology report classification. How-
ever, variations in radiologists’ writing styles and educa-
tional backgrounds result in inconsistencies in structured
data attributes, which can cause patient confusion and
impede effective physician communication [25].

To extract information from radiology reports,
researchers have explored various approaches. Although
rule-based NLP methods have shown effectiveness in
certain scenarios, they remain language-dependent
with limited generalizability [26]. The adoption of deep-
learning techniques has led to significant performance
improvements [27, 28]. However, these techniques
require substantial amounts of manually annotated data.
LLMs offer a promising solution for automatic infor-
mation extraction, leveraging their advanced seman-
tic understanding. Studies have demonstrated that the
GPT-4 model successfully converts free-text reports
into structured reports [29, 30]. However, the use of the
GPT-4 model requires rigorous privacy measures to safe-
guard sensitive medical data. Furthermore, the preva-
lence of medical terminology in radiology reports poses
significant challenges for general LLMs when performing
information extraction tasks in this domain.

To address these challenges, a novel computer-aided
BI-RADS classification method based on breast MRI
reports is proposed, designed to assist less experienced
specialists in accurately assessing the severity of breast
lesions. The proposed approach converts free-text
reports into structured reports and enhances their com-
pleteness by supplementing missing category information
(MCI) with default values. By providing richer contextual
information for model training, this approach improves
the model’s ability to differentiate between the nature and
severity of lesions. To ensure data privacy and strengthen
the domain-specific applicability of the model, Qwen-
14B-Chat was deployed locally, and a knowledge-driven
prompt was developed, incorporating the fifth edition of
the MRI imaging lexicon [31]. Subsequently the Qwen-
7B-Chat model was fine-tuned to optimize its perfor-
mance in structuring breast MRI reports. To mitigate
potential information gaps during the structuring process
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of LLMs, a fusion strategy was designed that combines
free-text and structured reports for joint training,
thereby optimizing the model’s performance.

The main contributions of this study are as follows.

(1) Development of privacy-preserving LLMs for Chi-
nese breast MRI report structuring through knowl-
edge-driven prompt and domain-specific model
fine-tuning.

Enhancement of the learning capabilities of the
model by incorporating MCI from free-text reports
into structured reports.

Introduction of an innovative fusion strategy that
synthesizes free-text and structured reports for
comprehensive information processing.

(2)

(3)
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Methods

This section presents a novel computer-aided BI-RADS
classification method based on breast MRI reports. The
methodology comprised two main stages: first, the reports
were structured using LLMs, with MCI integration. Sec-
ond, to mitigate potential information gaps during the
structuring process, a fusion framework was developed to
train the classification model, as illustrated in Fig. 1.

Breast MRI report structuring

To ensure patient information privacy, this study utilized
the locally deployed first version of the Qwen-Chat model
[32], released by Alibaba in 2023 for the inference and fine-
tuning experiments. This model demonstrated exceptional
performance in terms of text comprehension and informa-
tion extraction.
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Postoperative status of right breast
cancer radical surgery": The
parenchyma of both breasts is
slightly dense, with patchy high
signal intensity observed on T2-
weighted fat-suppressed imaging.
In the lower outer quadrant of ...

& Qwen
—

LoRA Inference

-8

Prompt
—

TE Token embeddings

————— -I _—————

—> Add & Norm :

I 1

Feed :

forward 1

1

E— .

— Add & Norm | |

| 1

Multi-head |

I attention 1

voe ) ) .

PE: PEx2 PEn1 N X

SEa *** SEa SEa . Rep— !
|
TErz1 s»= TEpt1 TEsl TEfsep) ’:

Breast MRI structured reports

A. Amount of Fibroglandular Tissue: The parenchyma of
both breasts is slightly dense.

B. Level of Background Parenchymal Enhancement:

Not mentioned.| Missing categories information (MCI)
C. Mass/Non-mass: Glandular disruption and local tissue
loss in the lower outer quadrant of the right breast; no
definite nodules or masses observed in either breast ...

Fig. 1 Main architecture of the proposed method. Examples of the report shown in this figure are the English translations of the original Chinese

reports
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Knowledge-driven instruction tuning

According to research by Heston and Khun [33], generative
language models (GLMs) possess the capability for per-
sonalized learning and timely feedback. Within the medi-
cal domain, effective utilization of GLMs requires carefully
constructed task-specific prompts to generate accu-
rate inferences. This study designed a knowledge-driven
prompt that integrates the fifth edition of the MRI imaging
lexicon [31] to enhance the model’s comprehension, learn-
ing, and reasoning abilities. Figure 2a illustrates the knowl-
edge-driven prompt designed in this study, which consists
of three main parts: system description, instruction, and
input. The system description defines the model’s identity
and behavior. The instruction provides guidance for struc-
tured information extraction, including a task descrip-
tion, a structured report template with the MRI imaging
lexicon, and five example reports with expected responses.
The input section contains the “radiological description”
content of the breast MRI reports. The response section
consists of structured reports generated by the model. Fig-
ure 2b highlights the key distinction between knowledge-
driven and default prompts, which lies in the incorporation
of the MRI imaging lexicon within the structured report
template.

Low-rank adaptation

Full-parameter fine-tuning presents challenges for cur-
rently popular LLMs. Low-rank adaptation (LoRA) [34]
fine-tuning method addresses modifications to the origi-
nal weight matrix within the self-attention module. It
employs low-rank decomposition optimization during the
weight update process for downstream tasks. As illustrated
in Fig. 3, during implementation, the optimized low-rank
decomposition matrix is combined with the self-atten-
tion weight matrix to adjust the weights [35]. For the pre-
trained weights Wy € R?*¥ of the original language model,
the weight update can be expressed as the following addi-
tion of the original weights and low-rank updates:

Wo + AW = Wy + BA (1)

Here, A and B are the matrices of the low-rank
decomposition with B € R¥*" and A € R"™*X, where
rank r <« min(d,k). During training, Wy remains

(See figure on next page.)
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frozen, whereas A and B contain trainable parameters.
For 1 = Wyx, the formula for forward propagation is as
follows:

h = Wox + AWx = Wox + BAx 2)

Matrix A is initialized with random Gaussian values,
whereas B was initialized with zeros. At the beginning of
training, the initialization of AW = BA is zero.

mci

This study employed the Qwen-Chat model to convert
free-text reports into structured reports. As shown in
Fig. 4, the model extracts information from the free-text
report following predefined templates and categorizes
it within the corresponding attributes of the structured
report. The model incorporates MCI to address features
that are absent in the original free-text reports. Follow-
ing established practices in medical text analysis [30, 36],
these missing categories are automatically assigned “not
mentioned” as the default value, ensuring consistent han-
dling of undocumented features.

Integration models

This study proposes a novel fusion strategy based on a
transformer model engineered to embed and integrate
features from both structured and free-text reports. This
approach ensures comprehensive information capture
during training. The framework implements a two-stage
process: first, both report types undergo embedding
encoding and then encoded by the transformer model for
feature extraction. Subsequently, the extracted features
undergo concatenation and pooling, followed by trans-
formation through a fully connected layer and a softmax
function, ultimately producing a prediction correspond-
ing to the sample category.

A transformer model contains a sequence of layers,
each containing a multi-head attention mechanism and
a feed-forward neural network (FFN) [37] with residual
connections and layer normalization. In the multihead
attention mechanism, the attention function maps a
query and a set of key-value pairs to an output. The input
to the attention function consists of query Q, key K, and
value V, and is computed as follows:

Fig. 2 Overview of knowledge-driven prompts. a A knowledge-driven prompt consists of three components: system description, instruction,
and input, collectively forming a complete prompt. The “Expert instruction”and “Input data”on the right side of the figure are inserted into {Expert
Instruction} and {Input Data} on the left side, respectively. The generated result appears in {Output Impression}; b lllustrates the differences
between knowledge-driven and default prompts for structuring breast MRI reports, where the knowledge-driven prompts provide explicit
definitions for each structured category. The report examples shown in this figure are English translations of the original Chinese reports. The

prompts are displayed in truncated form
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System description:

Imagine yourself as a
seasoned radiologist
with a full decade of
professional experience.

Instruction:
{Expert Instruction}

Input:
{Input Data}

Response:
{Output Impression}

(‘
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Knowledge-driven prompt

Expert instruction J

! “You will identify and extract information from a free-text report using the template |
! prov1ded below then format it mto the JSON scheme. If a feature is not mentloned

Task description

1
I 1
1
! ¢ "type": "object", E Structured report
| "properties": { ! template
1 "Prosthesis": { 1
| "type": "string", :
1
1

"description": "Implant material and type: Saline/Silicone/Other
|| materials/Type; Integrity: Intact/Ruptured; Implant location: Retroglandular/
llRetromuscular Abnormal implant contour: Focal bulging; Intracapsular -

The MRI imaging

lexicon

Few-shot examples

Example (1): Free-text report 1
Structured report 1

Example (5): Free-text report 5
Structured report 5

Input data

The breasts exhibit dense glandular tissue with moderate background
parenchymal enhancement. In the lower inner quadrant of the left breast, there is
an abnormal signal mass ...

(a)

N A
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Imagine yourself as a seasoned radiologist with a full decade of
professional experience. You will identify and extract information from a
free-text report using the template provided below, then format it into the
JSON scheme. If a feature is not mentioned in the report, indicate 'Not
mentioned.'
Json Scheme:
i

"A. Amount of Fibroglandular Tissue":

"B. Level of Background Parenchymal Enhancements":

"C. Mass/Non-mass":

"D. Axillary Lymph Nodes":

"E. Skin Lesions":

"F. Non-enhancing Findings":

"G. Associated Findings":

"H. Fat-containing Lesions":

"I. Dynamic Contrast-enhanced Curve Assessment":

"J. Prosthesis":
}
Five-shot examples
Input:
The bilateral breasts demonstrate a small amount of glandular type, with
uneven glandular signal, and scattered multiple patchy high T2 signal
spots... Bilateral nipples show no retraction, and the skin shows

Imagine yourself as a seasoned radiologist with a full decade of
professional experience. You will identify and extract information from a
free-text report using the template provided below, then format it into the
JSON scheme. If a feature is not mentioned in the report, indicate 'Not
mentioned.'
Json Scheme:
{

"type": "0b_|ect"

"properties":

"A. Amount of Fibroglandular Tissue": {

"description": {"Class A (almost entirely fatty tissue) / Class B
(scattered fibroglandular tissue) / Class C (unevenly distributed
fibroglandular tissue) / Class D (dense fibroglandular tissue)"}

"type": "object",
""properties”: {
"B. Level of Background Parenchymal Enhancements": {

"description": {"Level": "Minimal/Mild/Moderate/Marked."

"Symmetry": "Symmetric/Asymmetric." }

Five-shot examples
Input:

thickening. ..
\_ _J

Fig. 2 (See legend on previous page.)

The bilateral breasts demonstrate a small amount of glandular type, with
uneven glandular signal, and scattered multiple patchy high T2 signal
spots... Bilateral nipples show no retraction, and the skin shows

kthickening. .. J
(b
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e S The multi-head attention mechanism projects the query,
II Finetuning-LoRA 1 key, and value into multiple subspaces using learned lin-
I I ear projections as follows:
1 ! :
| ﬂ |f|:|,:| & [ MultiHead (X’) = Concat (head,, . . ., head,) W©°
| ! 2
| / ' I Here,
I Qwen-7B-Chat B=0 :
|  Pretrained Weights ) I head;(Q, K, V) = Attention (Xf W, X WK, xi Wl.")
| |
I W e R4 l ®
| I e R™4 represents the input representation of
| A= N(0, o) I sequence j, and W WX, W)Y, WO are the projection
1 1 parameter matrices w1th dlmensmns R+, RA*dk, RA*y
1 E& d ﬂ I and R4 respectively. In addition to the multihead
| , . ! attention layer, each layer of the model includes an FFN,
| x| | ,I defined as follows:
\ g ' , .
Fig. 3 Schematic of LoRA fine-tuning FEN (Xl) = max(0, X' W1 + b1) Wa + by (6)
where W7 and W5 are linear transformation matrices, and
b, and b, are the corresponding bias vectors.
, QK
Attention(Q, K, V) = softmax 7 %4 (3) Results
\/T( Datasets

Here, Q, K, and V represent the query, key, and value,
respectively, and dy represents the key dimensions. The
softmax function calculates the weighted sum of the val-
ues using the weights determined by the compatibility
function between the query and its corresponding key.

Input: WWELELSNR,
ERMIRE IR,

ELZBREE,

HSIERPAERLD SR ERL, EEFAEML,

ERARDTE. WAIREA TN S KX R REBREFKTI.

This retrospective study analyzed 11,884 breast MRI
reports, which were used as the internal dataset, in Chi-
nese from the Sun Yat-sen Memorial Hospital (SYS-
MHReports). Additionally, 5043 Chinese reports from the
Shantou Central Hospital (SCHReports) were included

KT2ESH, B57E, HiFH4-14mm, DWI

WA RBRAE, RIBESHE. RUFLLR MG, WU R I A ELE

Both breasts exhibit symmetrical morphology, characterized by a predominantly glandular pattern with patchy distribution. Within both breast glands, scattered
multiple round or oval-shaped lesions with long T1 and long T2 signals are observed, with clear margins and diameters ranging from approximately 4-14mm. No

restricted diffusion is noted on DWI. On dynamic contrast-enhanced scans,

TRMES % EAR S EBATK
H{224-14mm, DWI L% RS
SEFRHE,

H (2
ki Lg?‘/ﬁ
BE i)]"imﬁiﬁf“ﬁkiﬁ%?)ﬁﬁim
DE’&%ME s USRI ARE L,

{(TZ

#LHX;‘:% RNBEShE
DB,

XY?LE?W W

T E.a ----- i
B, ‘:'éi R,
VARG KRR,

HSIERRBRLDERE

mild enhancement is observed at the edges of the lesions, showing a gradual rise curve.
The skin over both breasts appears smooth, without thickening or adhesions. Both nipples are not retracted. No enlarged lymph nodes are observed in either axilla.

A. Amount of Fibroglandular Tissue: Predominantly glandular pattern,

IBA Level of Background Parenchymal Enhancement: Not mentioned,

C. Mass/Non-mass: Within both breast glands, scattered multiple round or oval-
shaped lesions with long T1 and long T2 signals are observed, with clear margins and
diameters ranging from approximately 4-14mm. No restricted diffusion is noted on
DWIL On dynamic contrast-enhanced scans, mild enhancement is observed at the
edges of the lesions, showing a gradual rise curve,

D. Axillary Lymph Nodes: No enlarged lymph nodes observed in either axilla,

E. Skin Lesions: The skin over both breasts appears smooth, without thickening or
adhesions.

F. Non-enhancing Findings: Not mentioned, |

G. Associated Findings: Both nipples are not retracted,

H. Fat-containing Lesions: Not mentioned,

I. Dynamic Contrast-enhanced Curve Assessment: Within both breast glands, mild
enhancement is observed at the edges of the lesions on dynamic contrast-enhanced

scans, showing a gradual rise curve,
J. Prosthesis: Not mentioned.

Fig. 4 This figure illustrates the process of adding “not mentioned”for missing categories in structured reports. The radiology report content shown
is a simplified version created based on real breast MRI reports. The yellow sections indicate the “not mentioned”additions, while the red boxes
highlight category information absent from the free-text report. The report examples shown in this figure are English translations of the original

Chinese reports



Liu et al. Visual Computing for Industry, Biomedicine, and Art (2025) 8:8 Page 7 of 16
Table 1 Details of the datasets

Class Training set Validation set Testing set External test set Label
Total 8320 1188 2376 5043 -
Suggestion for follow-up 2119 302 604 1408 0
Suggestion for biopsy 6201 886 1772 3635 1

as the external test dataset. The dataset included MRI
reports from multiple anatomical regions, including
the brain, breast, thorax, lungs, heart, liver, gallbladder,
abdominal cavity, mediastinum, lumbar spine, sacrum,
and bladder. For this study, only the reports pertaining
to breast and metastatic lesions were considered. Each
report comprised two sections: a detailed radiological
description and summary of the main findings. This study
focused on the detailed radiological description. Expert
radiologists with more than five years of clinical experi-
ence were invited to annotate the data. Reports were
classified into two categories: “Suggestion for Follow-up’,
which included lesions classified as BI-RADS 1-3 (benign
lesions not typically requiring biopsy), and “Suggestion
for Biopsy’, which included lesions classified as BI-RADS
4A-6 (malignant-leaning lesions typically recommended
for biopsy). Details of the dataset are listed in Table 1. The
internal dataset was randomly split into a 70% training
set, 20% testing set, and 10% validation set.

After referencing the fifth edition of the MRI imag-
ing lexicon [31], radiologists structured the reports into
ten categories: amount of fibroglandular tissue, level of
background parenchymal enhancement, mass/non-mass,
axillary lymph nodes, skin lesions, non-enhancing find-
ings, associated findings, fat-containing lesions, dynamic
contrast-enhanced curve assessment, and prosthesis. The
details of each category are presented in Table 8 in the
Appendix. Approval was obtained from the local Medi-
cal Ethics Committee to ensure ethical compliance. The
requirement for informed consent was waived due to the
use of de-identified data in this study.

Network training and implementation details

The Qwen-14B-Chat model was initially used to auto-
matically extract information from free-text reports using
knowledge-driven prompts, thereby generating struc-
tured breast MRI reports. These outputs underwent com-
prehensive preprocessing, including denoising and review
by physicians. The denoising phase employs automated
regular expression methods to remove irrelevant symbols
and characters followed by physician reviews and cor-
rections. The analysis results identified two main chal-
lenges: (1) Insufficient information extraction, which was
most prominent in categories such as “associated find-
ings” and “dynamic contrast-enhanced curve evaluation”

This challenge stems primarily from the diverse and het-
erogeneous content types within these categories, which
hinder the accurate extraction of information. (2) Inac-
curate information extraction, particularly evident in the
“amount of fibroglandular tissue” category. This issue
arises from the discrepancy between the clinical descrip-
tions used in real reports and the standardized terminol-
ogy incorporated into knowledge-driven prompts. To
address these challenges, 10,000 screened and organized
structured reports were used as a dataset to fine-tune
the Qwen-7B-Chat model using the LoRA method. The
selection of Qwen-7B-Chat model over Qwen-14B-Chat
balanced resource efficiency with performance require-
ments. This fine-tuned model subsequently processes a
second round of inference, targeting previously underper-
forming data.

This study utilized the Hugging Face Transformer
library and PyTorch framework [38, 39] for experimenta-
tion. A transformer-based model pre-trained by Google
on a large-scale Chinese corpus was utilized for text
embedding and fine-tuning to extract textual features
from breast MRI reports. The model’s hidden layer had
a dimension of H = 768, with A = 12 attention heads and
L =12 transformer layers.

For LoRA fine-tuning of the Qwen-7B-Chat model and
all classification experiments, the hardware used con-
sisted of an NVIDIA GPU 3090 (24GB) and an Intel(R)
Xeon(R) Gold 6133 CPU @ 2.50GHz. Fine-tuning was
conducted with initial learning rates of 3 x 10™* and
1 x 107 over 5 and 10 epochs, respectively. Prompt
inference using the Qwen-Chat model was performed on
a system featuring an NVIDIA GPU A40 (48GB) and a
15-vCPU AMD EPYC 7543 32-Core Processor.

For structuring breast MRI reports, the research strat-
egy proposed by Jeblick et al. [40] was adopted, in which
radiologists created 50 virtual breast MRI reports and
corresponding structured reference standards. This test-
ing set was used to evaluate the performance of the fine-
tuned Qwen-7B-Chat (LoRA) model against other LLMs,
including GPT-3.5 [41], GPT-40 [42], and unfine-tuned
Qwen-7B-Chat, with virtual reports employed to ensure
data privacy. Traditional metrics primarily assess surface-
form similarity, which limits their ability to accurately
capture the quality of the generated text, particularly
in terms of lexical semantics and component diversity.
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Therefore, this study employed the BERTScore metric
[43], which aligns more closely with human judgment, to
evaluate the model’s performance in extracting informa-
tion across the ten categories. BERT Score is computed as
follows: for a reference sequence x = (x1, ..., xx) and a gen-
erated sequence ¥ = <5¢1, ...,5cl>, the BERT model encodes
both sequences to obtain their hidden-layer represen-
tations. In this study, a BERT-based Chinese model was
used. The F1 score was then calculated as the harmonic
mean of precision and recall. For a reference x and candi-
date x, the recall, precision, and F1 scores are as follows:

1 TA
Ppprr = Tl Z maxx; Xj 7)
xjek
1 N
RperT = — max x; X;
nax x; Xj (8)
|x| XjEX
Xi€EX

Pprrr - RpeRT

Facer 2PBERT + RpeRrr ©)
To evaluate the effectiveness of the method, ablation
and comparative experiments were conducted using
different classification models. Several text classifica-
tion models were tested through comparative experi-
ments to verify the superiority of the proposed method.
Representative models from traditional deep-learning
methods, including TextCNN [44], TextRCNN [45], and
DPCNN [46], were selected. For the transformer mod-
els pre-trained on large corpora, MacBERT [47], BERT-
wwm [48], BERT-wwm-ext [48], and RoBERTa-wwm-ext
[48], were chosen. Additionally, the performance of the
Qwen-14B-Chat model in few-shot settings (K = 9) [49],
was assessed. The evaluation metrics included precision,

recall, F1 score, and area under the curve (AUC).

Experimental results

Result of breast MRI report structuring

Table 2 presents the performance evaluation of the struc-
tured reports for extracting information from original

Table 2 Evaluation results of structured breast MRI for various

models

Model Pgerr Rperr FBert
Qwen-7B-Chat 0.8033 0.8127 0.8080
Qwen-14B-Chat 0.8395 0.8356 0.8376
GPT-35 0.8690 0.8914 0.8801
GPT-40 0.8868 0.9059 0.8963
Qwen-7B-Chat (Fine-tuned) 0.9381 0.9217 0.9298

The best results are highlighted in bold
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reports. Among baseline models, GPT-40 achieved
superior performance with the highest Fprrr of 0.8963.
Notably, the LoRA-fine-tuned Qwen-7B-Chat model
demonstrated enhanced performance, achieving an
Fperr of 0.9298, representing a 3.35% improvement.
Table 3 details Fpprr across ten categories in the struc-
tured breast MRI reports. The fine-tuned Qwen-7B-Chat
model exhibited substantial improvements in multiple
categories. However, for certain categories, such as “level
of background parenchymal enhancement’; “dynamic
contrast-enhanced curve assessment’, and “fat-contain-
ing lesions’, the model underperformed compared to the
GPT-4o.

Figure 5 illustrates the inference results of each model
for a virtual report, with the results denoised and trans-
lated into English. Red crosses and wavy red lines high-
light errors in the extraction, whereas green checks
indicate accurate semantic information extraction.
Compared with the online GPT models, the results
from direct inference using Qwen-7B-Chat and Qwen-
14B-Chat showed more errors. However, the fine-tuned
Qwen-7B-Chat model significantly improved the accu-
racy of information extraction.

Result of breast MRI report classification

The proposed method was evaluated using both an
internal test set (SYSMHReports) and an external test
set (SCHReports). Table 4 lists the four evaluation met-
rics for the various comparison methods. The pro-
posed method achieved the highest precision, recall,
F1 score, and AUC values for both datasets. Among the
compared methods, transformer-based models exhib-
ited the second-best overall performance. Specifically,
the BERT-wwm model demonstrated the second-best
recall, F1 score, and AUC on the SYSMHReports data-
set and the second-best precision, recall, and F1 score
on the SCHReports dataset. The BERT-wwm-ext model
achieved the second-best precision on the SYSMHRe-
ports dataset. As a representative of traditional deep
learning methods, TextCNN performed well on SYS-
MHReports, whereas TextRCNN excelled on SCHRe-
ports. The TextCNN model achieved the second best
AUC for the SCHReports dataset. In contrast, the few-
shot learning performance of Qwen-14B-Chat was
approximately 10% lower compared to the other models.

Ablation study
Several ablation studies were conducted and the corre-
sponding analyses were provided.

#1: Effects of knowledge-driven prompt. The MRI lexi-
con was removed from the knowledge-driven prompts,
and the performance of the Qwen-14B-Chat model was
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Table 3 Fy,r for 10 categories obtained via different methods in structured breast MRI reports
Category Qwen-7B-Chat Qwen-14B-Chat GPT-3.5 GPT-40 Qwen-7B-
Chat (Fine-
tuned)
Amount of fibroglandular tissue 0.7145 06166 0.7901 0.8259 0.9490
Level of background parenchymal enhancement 0.8711 0.9976 0.9700 0.9801 0.9623
Mass/non-mass 0.7849 0.8423 0.8877 0.9133 0.9443
Axillary lymph nodes 0.8883 0.9530 09734 0.9728 0.9787
Skin lesions 0.6720 0.7608 0.7923 0.7866 0.9149
Non-enhancing findings 0.9069 09357 0.9131 0.9391 0.9437
Associated findings 0.7177 0.6669 0.7461 0.7770 0.8900
Fat-containing lesions 09157 0.9707 0.9821 0.9831 0.9749
Dynamic contrast-enhanced curve assessment 0.6821 0.7863 0.8039 0.8455 0.7523
Prosthesis 0.9065 09219 09192 0.9205 0.9731

The best results are highlighted in bold

evaluated using the default prompts. Figure 6 presents
the performance results for the different categories. The
experiments demonstrated that the knowledge-driven
prompt significantly improved the information extrac-
tion performance for most categories, effectively miti-
gating the risk of extracting irrelevant information owing
to literal interpretations of category names, as illustrated
in Fig. 7. However, the performance of the model exhib-
ited a notable degradation in certain categories. Com-
plete examples are provided in Table 9 in the Appendix.

#2: Effect of in-context example quantity. The impact
of varying the number of in-context examples on the
performance of the Qwen-14B-Chat in structured
information extraction from breast MRI reports was
extracted. As shown in Table 5, the model’s perfor-
mance consistently improved as we increased the
number of examples from 0 to 5, with the accuracy
increasing from 0.7178 to 0.8376. However, a slight
decline in performance was observed when the number
of examples was further increased to 7.

#3: Effects of MCI. The MCI was removed from the
structured reports, and the model was trained using
structured reports to assess its performance on the
SYSMHReports dataset. The first section of Table 6
summarizes the performance of the model in terms of
precision, recall, F1 score, and AUC. The results indi-
cate that when MCI is included, the model’s F1 score
improves to 0.8865 (+2.46%) and AUC increases to
0.9405 (+2.83%). Figure 8a shows a visualization of
the model’s weight assignment to a structured report,
where the “not mentioned” areas are highlighted in
darker colors, indicating a higher weight assignment.

#4: Effects of PH. During the conversion of free-text
reports to structured reports, a subtle yet important phe-
nomenon was observed. Owing to the absence of the “per-
sonal history” category in the template (as shown in Fig. 9),

LLMs were employed to automatically extract the PH. After
removing PH from the free-text reports, the model was
trained using free-text reports, and its performance was
evaluated on the SYSMHReports dataset. The second sec-
tion of Table 6 presents the performance of the model in
terms of precision, recall, F1 score, and AUC. The results
indicate that including PH improves the AUC to 0.9311
(+1.15%). Figure 8b visualizes the model's weight distribu-
tion for a free-text report with sections related to PH (e.g.,
“post-surgery” and “follow-up”) highlighted in darker colors,
signifying higher weight. From a clinical perspective, PH
plays a vital role in breast cancer MRI screening [50-52].

#5: Effects of fusion strategy. Table 7 presents the
model performance for various data fusion strategies.
The experimental results show that the fusion strategies
significantly improved the model performance compared
to training with structured reports or free-text reports
individually. Notably, the proposed concatenation fusion
strategy achieved the best performance in terms of preci-
sion, recall, F1 score, and AUC.

Discussion
This study proposed a novel BI-RADS classification
method for breast MRI reports that thoroughly explored
the information contained within the reports. Comprehen-
sive experimental results demonstrated that the proposed
approach outperformed the baseline methods in terms
of reporting classification performance. Ablation studies
highlighted the critical significance of the MCL

During report structuring, the introduced knowledge-
driven prompts effectively enhanced the extraction of
category information across most classes. However, cer-
tain categories posed challenges, as the model struggled
to fully leverage prior knowledge. This limitation was due
to the disparity between intuitive clinical descriptions
and strict medical terminology, leading to mismatches
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Instruction: Knowledge-driven prompt

Input: WMFLAR S HERIRAER, BRESTIA K. ZAK ERBTRN

SEHRFEESE. LB WEELSMNETHSES.
TIWEFES, EERAMANPRENL, HSHhEE EFAFAR.
WA RIRARIIEE, LRGBS K I AHA A E
%, IRBRAARERESH.
Both breasts exhibit moderate glandular tissue, with glandular
structures appearing patchy. In the upper inner quadrant of the left
breast, a small nodular abnormal signal shadow is observed, with clear
borders. On T2-weighted fat-suppressed imaging, multiple small
nodular high signals are visible, while on T1-weighted imaging, they
present as isointense signals. No definite enhancement is seen on
contrast-enhanced scans, and the dynamic curve shows an ascending
plateau pattern. The skin of both breasts shows no thickening, and the
nipples are not retracted. No significantly enlarged lymph nodes are
seen in either axilla. The observed bone structures show no abnormal
signal shadows.
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Output:

A. Amount of Fibroglandular Tissue: Both breasts present with moderate glandular
tissue type)

B. Level of Background Parenchymal Enhancement: Not mentioned,«

C. Mass/Non-mass: A small nodular abnormal signal shadow is visible in the upper
inner quadrant of the left breast, with well-defined borders. On T2-weighted fat-
suppressed images, multiple small nodular high signals are seen. On T1-weighted
images, the signal is isoi No clear enl is observed on enhanced scans,
and the dynamic curve shows an ascending plateau type:

D. Axillary Lymph Nodes: et

E. Skin Lesions: No thickening of the skin is observed in both breasts, and no nipple
retraction is seen,«f

F. Non-enhancing Findings: Not mentioned,\/
G. Associated Findings: No,obvioys d 1y)
H. Fat-containing Lesio} ot mentioned,
1. Dynamic Contrast-ent d Curve A : A small nodular abnormal signal
shadow is visible in the upper inner quadrant of the left breast; the dynamic curve
shows an ascending plateau typ

J. Prosthesis: Not memionedj

Qwen-7B-Chat

Output:

A. Amount of Fibroglandular Tissue: Wx

B. Level of Background Parenchymal ancement: Not memioned«

C. Mass/Non-mass: In the upper inner quadrant of the left breast, a small nodular

abnormal signal shadow is observed, with clear borders. On T2-weighted fat-

suppressed imaging, multiple small nodular high signals are visible, while on T1-

weighted imaging, they present as isointense signals. No definite enhancement is seen

on contrast-enhanced scans, and the dynamic curve shows an ascending plateau

patterny

D. Axillary Lymph Nodes: No significantly enlarged lymph nodes are seen in either

axilla,J-y

& Skin Lesions: SRR AN FARIAIOSRANNERIO IR ERARRS

structures apgearing ;’::atcl&'{ he skin of both breasts shows no thickening, an j
ipples are fof retracted;

F. Non-enhancing Findings: Not mentioned?/

G. Associated Findings: W%

H. Fat-containing Lesions: Not mentione J

1. Dynamic Contrast-enhanced Curve Assesi?eqt: Botlg krsa;ts eﬁhjbjt ;e;ativgly
uniform signals with no abnormal signal shadows after enhal ent; upper inner
AR AN A AN e patern, o’

J. Prosthesis: Not meutionedJ

Output:
A. Amount of Fibroglandular Tissue: Both breasts exhibit moderate glandular tisyr,

vithg aFgu e;éé@gg(eg ?QE&%‘% Raspyx
B. Level of Background Parenchymal Enhancement: Not memioued,«

C. Mass/Non-mass: In the upper inner quadrant of the left breast, a small nodular
abnormal signal shadow is observed, with clear borders. On T2-weighted fat-
suppressed imaging, multiple small nodular high signals are visible, while on T1-
weighted imaging, they present as isoi ignals. No definite enh t is
seen on contrast-enhanced scans, and the dynamic curve shows an ascending plateau
patterny

D. Axillary Lymph Nodes: No significantly enlarged lymph nodes are seen in either
axilla)

E. Skin Lesions; The skin of both breasts shows no thickening, and the nipples are
not retracted

F. Non-enhancing Findings: Not mentioned«

G. Associated Findings: Nt tiQngd,

H. Fat-containing Lesions: Not memioned,«

1. Dynamic Contrast-enk d Curve A : Small nodular abnormal signal
shadow observed in the upper inner quadrant of the left breast: dynamic curve shows
an ascending plateau pattern,

J. Prosthesis: Not memioneM

Qwen-14B-Chat

GPT-3.5

Output:
A. Amount of Fibroglandular Tissue: Both breasts exhibit moderate glandular tiss‘uy

with glandular s re; i atchy:

. Level of Background Parenchymal Enhancement: Not memioned«
C. Mass/Non-mass: In the upper inner quadrant of the left breast, a small nodular
abnormal signal shadow is observed, with clear borders. On T2-weighted fat-
suppressed imaging, multiple small nodular high signals are visible, while on T1-
weighted imaging, they present as isointense signals. No definite enhancement is seen
on contrast-enhanced scans, and the dynamic curve shows an ascending plateau
pattern?
D. Axillary Lymph Nodes: No significantly enlarged lymph nodes are seen in either
axiuaﬁ/w
E. Skin Lesions: The skin of both breasts shows no thickening, and the nipples are not
retracted;
F. Non-enhancing Findings: Not meutioned.«
G. Associated Findings: The observed bone structures show no abnormal signal
shadows.«e
H. Fat-containing Lesions: Not mentionedJ
1. Dynamic Contrast-enhanced Curve Assessment: Upper inner quadrant of the left
breast: dynamic curve shows an ascending plateau pattem.}1
J. Prosthesis: Not mentioned:

Output:

A. Amount of Fibroglandular Tissue: Both breasts exhibit moderate glapdular (issueJ
B. Level of Background Parenchymal Enhancement: Not mentioned,

C. Mass/Non-mass: In the upper inner quadrant of the left breast, a small nodular
abnormal signal shadow is observed, with clear borders. On T2-weighted fat-
suppressed imaging, multiple small nodular high signals are visible, while on T1-
weighted imaging, they present as isointense signals. No definite enhancement is
seen on contrast-enhanced scans, and the dynamic curve shows an ascending plateau
pattern

D. Axuyy Lymph Nodes: No significantly enlarged lymph nodes are seen in either
axillay

E. Skin Lesions; The skin of both breasts shows no thickening, and the nipples are
not retracted?

F. Non-enhancing Findings: Not mentioned‘«

G. Associated Findings: The observed bone structures show no abnormal signal
shadows,

H. Fat-containing Lesions: Not memioned,«
1. Dynamic Contrast-ent d Curve A
pattern

J. Prosthesis: Not mentioned

: Left breast: ascending plateau

GPT-40

Qwen-7B-Chat (Fine-tuned)

Fig. 5 Comparison of different model outputs. Red wavy lines in the figure indicate the occurrence of information extraction errors. The “red
cross mark” denotes an error in information extraction, while the “green check mark” denotes correct information extraction. Each structured output
shown is translated from the original Chinese reports
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Table 4 Classification performance of various models on the test set

Page 11 of 16

Model SYSMHReport SCHReport
Precision Recall F1 score AUC Precision Recall F1 score AUC
Traditional deep learning model
TextRCNN [45] 0.8599 0.8628 0.8537 0.8944 0.8425 0.8435 0.8430 0.9041
TextCNN [44] 0.8721 0.8742 0.8662 0.9085 0.8588 0.8620 0.8593 0.9208
DPCNN [46] 0.8653 0.8683 0.8606 0.9086 0.8529 0.8562 0.8499 0.9088
Transformer model
MacBERT [47] 0.8563 0.8603 0.8518 0.9007 0.8473 0.8431 0.8448 0.9073
RoBERTa-wwm-ext [48] 0.8626 0.8653 0.8567 09177 0.8496 0.8517 0.8504 09149
BERT-wwm-ext [48] 0.8744 0.8746 0.8658 0.9320 0.8603 0.8612 0.8607 0.9152
BERT-wwm [48] 0.8733 0.8758 0.8693 0.9324 0.8653 0.8626 0.8637 0.9165
LLM (few-shot learning)
Qwen-14B-Chat [32] 0.7461 0.7377 0.7419 - 0.7209 0.7061 0.7134 -
Qurs 0.9003 0.9024 0.9000 0.9542 0.8759 0.8665 0.8694 0.9295
The best results are highlighted in bold
0.6166
Amount of Fibroglandular Tissue 0.7266
e 0.9976
Level of Background Parenchymal Enhancement 0.8524
0.8423
Mass/Non-mass 0.8531
0.9530
Axillary Lymph Nodes 0.9093
Skin Lesions
0.9357
Non-enhancing Findings
Associated Findings
0.9707
Fat-containing Lesions 8
Dynamic Contrast-enhanced Curve Assessment
0.9219
Prosthesis 0.9098

0.5 0.6

0.7 0.8 0.9 1.0
FBerT

I Knowledge-driven prompts (with The MRI Imaging Lexicon)

I Default

Fig. 6 Information extraction performances of Qwen-14B-Chat model with

between real-world reports and predefined terms. Model
fine-tuning successfully addressed these limitations. The
robust performance of knowledge-driven prompts across
most categories provides a solid foundation for further
optimization of the prior knowledge system and contin-
ued enhancement of model learning performance.
Although the proposed fusion strategy demonstrates
promising performance, it required accommodating a

prompt (without The MRI Imaging Lexicon)

different prompts

degree of information redundancy when merging struc-
tured reports with free-text reports to ensure the capture
of comprehensive clinical information. Future work will
aim to refine this approach by developing more efficient
fusion mechanisms that minimize redundancy while
maintaining information completeness, thereby enhanc-
ing model efficiency and performance.
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Input: Output:

Default prompt

WA S PEIRAED, RESH R, W7
SHSREMOT A NETR. R RFF

SRI5, 3
k...

The breasts exhibit a moderate amount of glandular tissue,
with the glandular tissue appearing patchy. The signal of both
breasts is uneven, and scattered small nodular and patchy
abnormal enhancing foci are visible on dynamic contrast-
enhanced imaging.

Knowledge-driven prompt

Default prompt

"D R IR,

WL FTZS TR LA TP TR K A
RHEL

The breast shapes are symmetrical on both sides. ... No nipple
inversion is observed in either breast. No enlarged lymph
nodes are seen in either axilla

Knowledge-driven prompt

WELBRB R RAOTFAEIRA SIEEALRMM, K ALEHWF
il MWALRTRAMAES KR, BTTRFHBMLUL,
BRENMTEILTRR. .

Default prompt
H SR R,

The breasts are composed of heterogeneous fibroglandular
tissue and adipose tissue, with no structural disruption
observed. Scattered multiple punctate and nodular abnormal
enhancing foci are seen in both breasts, with the larger ones
located in the lower quadrant of the left breast. ..

Knowledge-driven prompt

"E SRS IR,

— . e Default prompt
WA EPRIRER, AR, RILESRIGT, x
T BARREE TSR ..

The breasts exhibit a moderate glandular type, with glandular
tissue appearing patchy. The signals in both breasts are
relatively uniform, with no definite nodules or masses
observed ...

Knowledge-driven prompt

(2025) 8:8

"B HRIRRAAT R,

"B A SRR KT SRR,

"D B L R R I AL,

" ASFRIRMARE" "R RIRAT,

A GHBAR MR IR,
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" B. Level of Background Parenchymal Enhancement": " Uneven ”x

" B. Level of Background Parenchymal Enhancement ": " Not mentioned ”/

" D. Axillary Lymph Nodes ": " Not mentioned "

" D. Axillary Lymph Nodes ": " No enlarged lymph nodes are«
seen in either axilla "

"H. Fat-c

ing Lesions ": "H "x

" H. Fat-containing Lesions ": " Not mentioned ", «

" A. Amount of Fibroglandular Tissue": " Moderate glandul type‘«

" A. Amount of Fibroglandular Tissue ": " Not mentioned ",

Fig. 7 Effect of using knowledge-driven prompts on free-text reports. The “red cross mark”denotes incorrect information extraction,
while the “green check mark”denotes correct information extraction. The reports shown are the English translations of the original Chinese reports.

Free-text and structured reports are shown in truncated form

Table 5 Evaluation results of Qwen-14B-Chat on structured
breast MRI reports with different numbers of in-context examples

Number of example PBERT RBERT FBERT
0 0.7352 0.7012 0.7178
1 0.8065 0.7993 0.8029
3 0.8277 0.8228 0.8253
5 0.8395 0.8356 0.8376
7 0.8234 08110 08172

The best performance is highlighted in bold

Table 6 Performance analysis of report formats for BI-RADS
classification on the SYSMHReports dataset

Index Precision Recall F1 score AUC
Structured report
Without MCI 0.8687 0.8704 0.8619 09122
With MCl 0.8862 0.8889 0.8865 0.9405
Free-text report
Without PH 0.8687 0.8708 0.8628 0.9196
With PH 0.8710 0.8729 0.8652 09311

The best results are highlighted in bold
PH Personal history

The optimization of example quantities in prompts was
investigated. The results show that the performance sig-
nificantly improved as the number of examples increased
from 0 to 5, demonstrating substantial gains in accu-
racy. However, when the number of examples was fur-
ther increased to 7, a slight decline in performance was
observed. This finding reveals that simply increasing the
number of examples is not an optimal strategy. Experimen-
tal results indicate that, under the constraints of limited
context windows, an excessive number of examples can
dilute the model’s attention and affect its focus on tasks.
In particular, for domain-specific tasks, it was found that
a moderate set of examples was sufficient to establish the
necessary task patterns and achieve optimal performance.

Despite the limited sample size of the real-world
dataset, the model exhibited exceptional performance,
highlighting its significant potential for large-scale
training with datasets from additional centers in the
future. Although this study focused on single-modal
text data, existing research has demonstrated that mul-
timodal learning can integrate information from differ-
ent sources to enhance model understanding [53-55].
Future research could explore the combination of tex-
tual data with medical images to develop more efficient
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The meanings of the blue circled ‘R[5’ and ‘& &’ in the picture are ‘post-
surgery’ and ‘follow-up,’ respectively.

(®)

X' in the picture is 'Not mentioned.'

J

Fig. 8 Visualization of attention weights assigned to a sample structured and free-text report by the model. Words with higher weights are shown

in darker red, indicating greater importance to the model

Free-text report:

Postoperative status of lung cancer and breast cancer (3 years post-surgery): The left
breast is absent. Multiple nodular lesions exhibiting iso-T1 and long-T2 abnormal
signals are observed in the left axilla, with the largest measuring approximately 14
mm x 10 mm. These lesions show significant enhancement on contrast imaging,
with an "early enhancement and rapid washout" pattern in the arterial phase. The
right breast d rates a moderate glandular type, with nodular lesions showing
long-T2 and iso-T1 signals. No significant abnormal enhancement is observed in the
right breast on contrast imaging. No significantly enlarged lymph nodes are detected
in the right axilla.

Structured report:

A. Amount of Fibroglandular Tissue: The right breast exhibits a moderate glandular
type.

B. Level of Background Parenchymal Enhancement: Not mentioned.

C. Mass/Non-mass: In the right breast, nodular lesions with long-T2 and iso-T1
signals are observed, with no significant abnormal enhancement detected on contrast
imaging.

D. Axillary Lymph Nodes: Multiple nodular lesions with iso-T1 and long-T2
abnormal signals are observed in the left axilla, with the largest measuring
approximately 14 mm x 10 mm. These lesions show significant enhancement on
contrast imaging, with an "early enhancement and rapid washout" pattern in the
arterial phase. No significantly enlarged lymph nodes are detected in the right axilla.

E. Skin Lesions: Not mentioned.

F. Non-Enhancing Findings: Not mentioned.

G. Associated Findings: Not mentioned.

H. Fat-Containing Lesions: Not mentioned.

1. Dynamic Contrast-Enhanced Curve Assessment: Left axilla: arterial enhancement
shows an "early enhancement and rapid washout" pattern. Right breast: no
significant abnormal enh d d on contrast i

J. Prosthesis: Not mentioned.

Fig.9 PHin a free-text report. When a free-text report is converted to a structured report, the PH is lost (the PH highlighted in yellow). The reports

shown are the English translations of the original Chinese reports
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Table 7 Comparison of model performance with and without fusion, as well as under alternative fusion strategies
Fusion strategy Input Index

Free-textreport  Structured report  Precision Recall F1 score AUC
Without fusion v 0.8710 0.8729 0.8652 09311
Without fusion v 0.8862 0.8889 0.8865 0.9405
Cross-attention fusion v v 0.8874 0.8902 0.8870 0.9453
Average-pooling fusion v v 0.8964 0.8986 0.8956 0.9502
Addition fusion v v 0.8947 0.8969 0.8938 0.9511
Max-pooling fusion v v 0.8961 0.8981 0.8948 09513
Concatenation fusion (ours) v v 0.9003 0.9024 0.9000 0.9542

The best results are highlighted in bold

multimodal methods for improving medical classification
decisions.

In recent years, artificial intelligence has demonstrated
extensive applicability in clinical decision support, dis-
ease diagnosis, and health monitoring [56]. As a cut-
ting-edge artificial intelligence technology, LLMs offer
promising opportunities to address challenges in the
medical field. Although LLMs have provided significant
advances and convenience, the substantial memory and
computational resources required for fine-tuning remain
major obstacles to their widespread application. Addi-
tionally, the effectiveness of LLM fine-tuning depends
heavily on data quality, which can significantly impact
model performance and robustness. Similar to the image
and video quality assessments [57-60], text data quality
evaluation is crucial. While current data screening and
evaluation still rely on manual operations, future work
will focus on developing automated quality assessment
methods to optimize the text data screening process,
thereby better addressing the clinical needs in practice.

Conclusions

This study presented a BI-RADS classification method
leveraging LLMs and transformer models to thor-
oughly explore information from breast MRI reports.
This method incorporated the MCI by converting free-
text reports into structured reports, thereby effectively
enriching the learning content of the model. To ensure
data privacy and enhance the adaptability of LLMs in
specialized domains, LLMs were deployed locally, and
a knowledge-driven prompt was designed. To improve
the capability of the model in structuring breast MRI
reports, targeted fine-tuning was conducted. Further-
more, to ensure the comprehensiveness and diversity
of the training data, a fusion strategy was proposed
to synergistically utilize information from both struc-
tured and free-text reports. Compared with other
baseline methods, the proposed approach achieved
significant advantages in reporting classification tasks.

The ablation studies verified the influence of each com-
ponent. Additionally, the proposed method was evalu-
ated using datasets from two independent centers, and
the experimental results demonstrated its robustness
and reliability.

Abbreviations

MRI Magnetic resonance imaging

McCl Missing category information

NLP Natural language processing

SVM Support vector machine

KNN K-nearest neighbor

NB Naive Bayes

CNN Convolutional neural network

RNN Recurrent neural network

BERT Bidirectional encoder representations from transformers
LLM Large language model

GLM Generative language model

LoRA Low-rank adaptation

FFN Feed-forward neural network

AUC Area under the curve

PH Personal history

SYSMHReports  Sun Yat-sen Memorial Hospital Breast MRI Reports

SCHReports Shantou Central Hospital Breast MRI Reports
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