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LLM-BCgrading: Large language
model-based Chinese medical long
text classification for bladder cancer
grade prediction
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Abstract

Background: Traditional cystoscopic biopsy-based methods for histological grading of bladder cancer (BC) are invasive,
subject to sampling errors, and susceptible to interobserver variability among pathologists. To address these challenges,
this study explores a large language model (LLM)-based noninvasive approach to BC grade prediction using long Chinese
medical texts.

Methods: We retrospectively collected admission records and computed tomography urography (CTU) descriptions
from 642 patients pathologically diagnosed with BC. Each paired text was annotated as low grade or high grade according
to histopathological results. We developed LLM-BCgrading to leverage HuatuoGPT-7B for Chinese medical long-text
representation and integrated a gated multiplicative attention mechanism (GMAM) to selectively emphasize discrimina-
tive features. To address class imbalance and clinical risk asymmetry, the model was optimized with a cost-sensitive loss
function. Performance was evaluated on a fixed internal test set with additional evaluation on an independent external
validation cohort to assess generalizability.

Results: The best-performing configuration combined both admission records and CTU descriptions via an attention-
based fusion strategy and GMAM, achieving balanced accuracy of 0.757, macro Fl score of 0.749, and macro AUC of
0.740. The ablation results demonstrated that incorporating both texts significantly improved classification performance
compared with single-text configurations, and the GMAM consistently outperformed conventional attention mechan-
isms. Dimensionality experiments identified 256 as the optimal embedding size, balancing computational efficiency and
predictive performance.

Conclusion: Our findings demonstrate that LLMs can effectively process Chinese medical long-texts for accurate pre-
operative prediction of BC grade. Attention-based fusion, cost-sensitive optimization, and interpretability based on
Shapley additive explanations further support the robustness and clinical relevance of this LLM-driven framework.
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Introduction

The latest statistical data from the International Agency for
Research on Cancer (IARC) show that bladder cancer (BC)
has become the ninth most commonly diagnosed cancer
worldwide in both genders, with an estimated 613,791
new cases and 220,349 deaths in 2022." According to the
depth of invasion of the tumor into the bladder, BC can
be pathologically classified into two types, that is,
non-muscle-invasive bladder cancer (NMIBC) and
muscle-invasive bladder cancer (MIBC), which correspond
to different treatment decisions. In clinical practice, it
remains challenging for urologists to develop prime perso-
nalized management strategy for patients with BC, mainly
because of the morphological and cytological complexity
of tumor progression.* The histological grade of BC, espe-
cially NMIBC, is one of the most significant factors for clin-
icians to make treatment selection, and predict recurrence
and prognosis®; therefore, precisely grading BC is of great
importance for patients to receive more appropriate treat-
ment and gain more clinical benefits.

According to the World Health Organization grading
system for NMIBC introduced in 2004, which still retained
the same when updated in 2016 and 2022 (currently known
as the WHO 2004/2022 system), the histological grades of
NMIBC include papillary urothelial neoplasm of low
malignant potential (PUNLMP), noninvasive papillary car-
cinoma low grade (LG) and high grade (HG), with corre-
sponding PUNLMP, LG and HG rates of 1.5%, 49.8%,
and 48.7%, respectively.® All MIBC cases should be con-
sidered HG BC.° Owing to the low proportion of
PUNLMP and its low risk of recurrence and progression,’
we mainly included LG and HG when stratifying patients
with BC in this study. To determine the histological grade
of BC, cystoscopic examination remains the recommended
clinical diagnostic approach, providing tissue evaluation
through either cold-cup biopsy or resection, which is
regarded as the gold standard for grading.® However,
biopsy results obtained from sampled tissues may only par-
tially reflect the histopathological characteristics of the
tumor, potentially leading to misdiagnosis. The inherent
subjectivity of pathological interpretation and the relatively
low interobserver reproducibility among pathologists fur-
ther increase the risk of misclassification in BC grading.
Moreover, owing to its invasive nature, cystoscopic biopsy
can cause unpredictable adverse effects and considerable
patient discomfort. Given these limitations, there is a press-
ing need to develop a more objective and noninvasive
approach for the preoperative prediction of BC grade,
thereby supporting optimal clinical management.

With the rapid advancement of artificial intelligence (AI)
techniques, numerous medical and clinical problems have
been effectively addressed by using computer-aided meth-
ods, particularly deep-learning frameworks. In the context
of BC, studies have been conducted to improve the quality

of the entire treatment process—from diagnosis to progno-
sis—by applying Al techniques to the analysis of genom-
ics,” ! medical images,lz*16 and structured experimental
data."”'® For Al-based BC grading, several studies have
focused on the analysis of histopathological slides to
develop deep-learning models capable of automatically pre-
dicting BC grade, thereby reducing inconsistencies and
interobserver variability among pathologists. Wetteland
et al."® proposed a two-stage pipeline comprising two pri-
mary models: the first segmented whole-slide images into
six different types—urothelium, stroma, muscle, blood,
damaged tissues, and background; the second extracted tiles
from diagnostically relevant urothelial regions at three mag-
nification levels, which were then sequentially processed by
a convolutional neural network-based model. This pipeline
achieved an average F1 score of 0.91 for both LG and HG
classes. Garcia et al.>® presented a clustering-based self-
learning framework to specifically grade MIBC from histo-
logical images. The model facilitated the classification of
histological patches according to varying levels of disease
severity and refined the latent feature space prior to the clas-
sification stage through the incorporation of a convolutional
attention module, reaching a final average accuracy of 0.9034
in a multiclass task. Although previous studies have achieved
high performance in BC grading based on histological
images, the acquisition of these images is invasive and
may cause unpredictable adverse effects on patients.
Additionally, the annotations need to be manually provided
by experts, which is a time-consuming and expertise-
dependent process. To overcome the limitation of being
dependent on the annotations of medical images in the field
of medical image analysis, Fuster et al. introduced a pipeline
in a weakly supervised way to extract urothelium tissue tiles
at different magnification levels and employ a nested
multiple-instance learning approach with attention to predict
the grade.! Some researchers have explored both computed
tomography (CT)-based deep-learning radiomics nomo-
grams and models that combine CT semantic features with
selected clinical variables for accurate prediction of the
pathological grade of BC.**** Furthermore, an approach
based on multimechanical cellular properties to classify BC
cells and early diagnose BC with Al has also been explored,
which provided a novel perspective for BC grading.**
Although accurate grading of BC is crucial for both clinicians
and patients, existing Al-based studies on BC grading remain
limited in number and predominantly focus on a narrow
range of data modalities, such as histopathological images,
CT scans, and experimental data, as previously mentioned.
Therefore, it is imperative to develop more advanced
computer-aided approaches and broaden the scope of data
modalities to include sources such as electronic medical
records (EMRs), which contain a wealth of valuable informa-
tion for clinical decision-making,.

Despite the extensive use of EMRs in natural language
processing  (NLP)  applications—such as  drug
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2728 and automated
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recommendation,>>%¢ disease diagnosis,
international classification of diseases (ICD) coding
Al-based prediction of BC grade via EMRs remains an
unexplored area. Admission records and CT urography
(CTU) descriptions are two textual parts of EMRs and con-
tain abundant critical clinical information about patients.
Commonly, admission records mainly consist of basic med-
ical history, initial assessments, and auxiliary examination
results, which provide almost the entire medical profile
for the patient and can be collected relatively easily from
the hospital information system (HIS). CTU descriptions
are a main part of CTU reports and contain more details
about the organ and neighboring tissues than the radio-
logical diagnosis provided by radiologists. Compared with
pathological biopsy procedures for BC grading, extracting
critical clinical information from admission records and
CTU descriptions via advanced NLP techniques may pro-
vide a significantly safer and more patient-acceptable alter-
native for predicting BC grade.

In recent years, several studies have demonstrated the
feasibility of NLP for processing unstructured clinical text
in the context of BC. For instance, Narayan et al. developed
an NLP model to identify and characterize high-risk
NMIBC patients from U.S. EMRs, with a focus on patient
cohort identification rather than predictive modeling of
pathological grade.** Schroeck et al. created a rule-based
NLP engine to extract structured pathology variables from
narrative pathology reports, primarily targeting post-
operative histopathology data.*® Similarly, Yang et al.
employed a context-based NLP approach to determine mus-
cle invasion status from free-text clinical documentation,
thereby addressing tumor staging but not grading.>*
While these works underscore the potential of NLP in
handling clinical narratives, they are predominantly cen-
tered on English-language datasets and largely confined
to information extraction or staging tasks after diagnosis.
In contrast, our study is the first to leverage domain-
specific large language models (LLMs) for preoperative
grade prediction of BC using long-form Chinese admis-
sion records and CTU descriptions, thus addressing
both the linguistic challenges of Chinese medical narra-
tives and the clinical need for noninvasive, pretreatment
risk stratification.

While NLP techniques, such as rule-based algorithms
and transformer-based models, have been extensively
applied in medical text analysis and have undergone great
development, it is still challenging to understand very
long Chinese medical texts from real clinical health records.
The challenges stem from the substantial length of medical
texts, the complexity of medical terminology, the inherent
ambiguity of the Chinese language, and the variability in
narrative styles. Recently, LLMs have been recognized as
an effective way to solve the toughest problems in the field
of natural language understanding; furthermore, to obtain
more accurate results, many domain-specific LLMs have

been trained for specific tasks. HuatuoGPT-7B* is an
LLM trained on a vast Chinese medical corpus, and can
be specifically used for Chinese medical note analysis. It
has achieved excellent performance in understanding
Chinese medical language. To leverage the great capacity
of LLMs in understanding long Chinese medical texts, we
attempt to embed clinical notes, that is, admission records
and CTU descriptions, based on HuatuoGPT-7B to
develop an end-to-end deep-learning model for BC grade
prediction.

The contributions we made in this paper are as follows:

1. We constructed a Chinese medical text dataset,
BCgrading-Text, which comprises admission
records and CTU examination descriptions from
642 patients who were pathologically diagnosed
with BC in real-world clinical settings. Each case
was annotated as either LG or HG BC based on
histopathological examination results. To ensure
experimental consistency and reproducibility, the
dataset is partitioned into fixed training, validation,
and test subsets, providing a reliable benchmark
for research in Chinese medical long-text
classification.

2. We propose an LLM-based model for long-text clas-
sification in the Chinese medical domain, specific-
ally designed to process EMRs. Our goal is to
explore a more effective strategy for applying
LLMs to medical text classification tasks. Notably,
we introduce a novel modification to the attention
mechanism by replacing the conventional additive
residual connection with a multiplicative operation.
This design acts as a gating mechanism to enhance
the influence of important textual components.

3. We conduct extensive experiments to explore the
model architecture and pattern selection. Through
a series of ablation studies, we identified an effective
and competitive strategy for leveraging LLMs to
predict BC grades from lengthy Chinese medical
texts, highlighting clear advantages in handling
long and complex clinical narratives.

Methods

Dataset construction

Patient inclusion. All procedures performed in our study
involving human participants were conducted in accord-
ance with the 1964 Helsinki Declaration and its subsequent
amendments or comparable ethical standards. This study
was approved by the Institutional Review Board of the
Second Affiliated Hospital of Dalian Medical University
(Approval No. KY2025-541-01). Owing to the retrospect-
ive design and the use of anonymized clinical data, the
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requirement for informed consent was waived by the ethics
committee.

Patients who were pathologically diagnosed with BC
and received treatment at the Second Hospital of Dalian
Medical University between 2018 and 2022 were included
in our study. The inclusion principles for patients are as fol-
lows: (1) CTU scans are performed before cystectomy and
(2) bladder biopsy is performed to obtain pathological
results. Finally, 642 patients were included in this study.
Patient ages ranged from 23 to 98 years, with an average
age of 69.04+11.34 years. Among all patients, 189
patients (29.44%) had LG BC, and 453 patients
(70.56%) had HG BC, indicating a class imbalance in
the dataset with a predominance of HG cases. This imbal-
ance may affect model performance, particularly in recog-
nizing LG BC, and has been considered during model
training and optimization.

Text dataset. We extracted two kinds of texts from the
EMRs of patients, that is, admission records (7,) and
CTU descriptions (7¢), as processing objects to formulate
a clinical profile for patients. After removing patient-private
information and performing text cleaning and deduplica-
tion, the preprocessed admission records include chief com-
plaint; present illness history; past medical history (general
health; history of illnesses and injuries; infectious disease
history; surgical and trauma history; blood transfusion his-
tory; allergy and vaccination history); personal history;
marital and reproductive history; family history; physical
examination (vital signs; general condition; skin and
mucosa; superficial lymph nodes; head and associated
structures; neck; chest; lungs; heart; abdomen; external
genitalia; digital rectal examination; spine and limbs; ner-
vous system); specialist findings; auxiliary examination;
and preliminary diagnosis. The CTU descriptions are only
the detailed narratives of CTU reports provided by radiolo-
gists, excluding the diagnostic conclusion. The formats of
these two texts were unified among patients, as shown in
Figure 1.

Our constructed dataset, known as the BCgrading-Text
dataset, comprises 642 pairs of admission records and
CTU descriptions from patients with BC. Two urologists
—one with 10 years of clinical experience and the other
with 15 years of clinical surgical experience—evaluated
the included texts and annotated them as LG or HG BC
based on histopathological results. In cases of disagreement
between their annotations, a senior urologist with 20 years
of experience re-evaluated the cases to reconcile discrepan-
cies and minimize interobserver variability. The LG group
is labeled 0 (negative), and the HG group is therefore
labeled 1 (positive). Accordingly, the task of predicting
BC grade is framed as a Chinese medical long-text classifi-
cation problem.

In our BCgrading-Text dataset, we established fixed
splits for the training, validation, and test sets to ensure

consistency across experiments. This design aims to pro-
vide a benchmark dataset that enables other researchers to
reproduce our results. Specifically, the training set com-
prises 449 cases (132 LG cases and 317 HG cases), the val-
idation set includes 96 cases (28 LG cases and 68 HG
cases), and the test set contains the remaining 97 cases
(29 LG cases and 68 HG cases).

External validation dataset. To further evaluate the general-
izability of the proposed model, we additionally collected
an independent dataset from another subspecialty depart-
ment of our hospital. Although this dataset was obtained
from the same institution, the medical records were docu-
mented by different surgeons, with notable variations in ter-
minology usage and narrative style, thereby providing a
heterogeneous validation cohort that could serve as a proxy
for external validation.

This external validation dataset comprised 76 patients
with pathologically confirmed BC, including 23 cases of
LG and 53 cases of HG. The inclusion and exclusion criteria
were consistent with those described in the “Patient inclu-
sion” section. Both admission records and CTU descrip-
tions were extracted and preprocessed following the same
pipeline outlined in the “Text dataset” section. To ensure
comparability, five representative baseline models and
our proposed model were retrained on the internal
BCgrading-Text training set and subsequently evaluated
on this external validation dataset.

Model architecture

Owing to their powerful capability in language understand-
ing and generating, LLM-based models have shown excel-
lent performance in NLP-related medical tasks, such as
automatic ICD coding and drug recommendation. In this
study, we propose LLM-BCgrading, an LLM-based neural
architecture, to classify BC grades from two types of long
Chinese medical texts: (1) admission records and (2) CTU
descriptions. We utilize HuatuoGPT-7B, which is a large
Chinese-language model trained on real-world data from
doctors and distilled data from ChatGPT, to understand
and represent Chinese medical long-texts. As shown in
Figure 2, our model comprises two modules: LLM-based
text understanding is used for medical text representation
via HuatuoGPT-7B, and attention-based feature fusion is
adopted to enhance the extracted features for better
performance.

LLM-based text understanding. For each patient, two
types of texts are provided: the admission record 7,
and the CTU description T.. Each text is fed into
HuatuoGPT-7B to obtain the last hidden states from the
encoder as its embeddings, with the encoder specifically
designed for natural language understanding. According
to the HuatuoGPT-7B technical documentation, the
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Chinese version

APBEids:

[EF] © RIUR ST HEHE R MDA oo
CHUREET - B SFERTHIURIURE -5
[BEAESE] -

CARBELLY « BEAEARBR RAF, FRAESE65FE -
Lo BB - NS S

[ sG] « Ak “HFA. G5A%7 S50 5
[FAR LM HAT = BHIAFARSE;
Lot se ] = 5N I S8 % L ) ot A e
D B 0 L ] - AR AT e oo
English version

Admission Records:

dysuria for 5 years:;

progressive dysuria 5 years ago--;
Past Medical History:

ago-;
History of Illnesses and Injuries: Denies history of trauma;

infectious diseases;
Surgical and Trauma History: Denies any history of surgery;

products:-+;
Allergy and Vaccination History: Denies history of vaccinations:;

Chief Complaint: Urinary frequency and urgency accompanied by progressive

Present Illness History: The patient developed urinary frequency and urgency with

General Health: Previously in good health; history of cerebral infarction 6 years

Infectious Disease History: Denies history of hepatitis, tuberculosis, or other

Blood Transfusion History: Denies history of blood transfusion or use of blood

Chinese version

CTU#IR :

JESIE L AT, B A OB SR BRI S AT L2 I RN B I A 1A
J RN, BKEMEEZ78+56mm, M58 A S 584K,
HEMESH AR B 7 At . WU 2 R R AR, K& 2919mm.
FERE T BT ok, AR EARRRL, SR R 55k, XU
B FAR WY TRAN AR R R B e

English version

CTU Description:

The bladder is adequately filled, with localized thickening of the left bladder
wall. A soft tissue mass protrudes into the bladder cavity, presenting with an
irregular surface; the largest cross-sectional area measures approximately
78x56 mm. Contrast-enhanced scans show heterogeneous enhancement.
During the excretory phase, an irregular filling defect is observed. Multiple
rounded non-enhancing lesions are seen in both kidneys, with the largest
measuring approximately 19 mm. The distal segment of the right ureter is
slightly dilated. The left adrenal gland is enlarged, showing homogeneous
enhancement on contrast scan. No hydronephrosis is noted in the bilateral
renal pelvises. The contrast agent shows good excretory filling. Multiple
small round low-density lesions are present in the liver, with the largest
measuring approximately 8 mm; these show no enhancement on contrast

scan., -

Admission records (Ta)

CTU descriptions (Tc)

Figure |. lllustration of the two text formats used in this study. The figure shows the two types of text formats included in our
dataset, BCgrading-Text. The left panel shows the admission record structure, and the right panel displays the formats of the CTU
descriptions. The Chinese version represents the actual text processed in our study, while the English translation is provided solely to
improve the readability of the article. CTU: computed tomography urography.

dimension of the hidden states is set to 3584 which is the
embedding dimension of 7, and T in this study. The pro-
cess was formulated as follows:

H, = HuatuoGPT(7,) (1)
H, = HuatuoGPT(7,) 2)

where H, € R**** and H, € R334,

Gated multiplicative attention mechanism. To emphasize
important semantic features within the text representation,
we alternatively employ a variant attention mechanism,
named gated multiplicative attention mechanism
(GMAM). First, a multihead cross-attention mechanism
was applied to compute an intermediate vector 4 which
can be formulated as follows:

A = MultiHeadAttn(H,, H,) 3)

where 4 € R¥*, and MultiHeadAttn(-) is the multihead
cross-attention mechanism.

Then, we apply a sigmoid activation function to the
intermediate vector 4 to compute a score vector G, which
is used as a gate in the next step. Finally, element-wise
multiplication was used to form the gated vector Hgsied

which was subsequently normalized via LayerNorm. The
process can be denoted as follows:

G = o(4) € R¥% 4)
Hgated =H,0Ge R3584 (5)
Hpom = LayerNorm(Hgyed) (6)

To reduce the computational cost, mitigate overfitting by
avoiding the curse of dimensionality, and filter out redun-
dant or noisy features, dimensionality reduction was per-
formed to project the normalized 3584-dimensional
embeddings to 256 dimensions:

Hpyroj = LayerNorm(ReLU(WprojHnorm + bproj)) — (7)
where Hy; € RY, d =256 in our implementation, and

Woroj and by are the learnable parameters.
A feed-forward network (FFN) is applied as follows:

Hegy = FFN(Hprop)
= Dropout(W, - GELU(W|* Hpoj + b1) + b2)  (8)

where Hy, € R, Wy, W,, by, and b, are the learnable
parameters.
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WU W s, #4
16*13mm. XHE KA. B
R ER L G e e

Both kidneys show round-like non-

\4

enhancing lesions measuring
approximately 16x13 mm. The size,
shape, and density of both adrenal

glands appear unremarkable...

HuatuoGPT-7B

CEVRY = Jod A AR i R -

Chief Complaint: Painless gross

hematuria...
[ EE] = B3R AT-
Present Illness History: The

?atnent eveloped symptoms
hree days ago...

[ARFAEHLY = T R4

General health: Good physical
constitution...

C

T

% CTU descriptions (Tc)
§ Admission records (Ta)

LLM-based Text Understanding
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Attention-based Feature Fusion

Figure 2. Architecture of the proposed LLM-BCgrading model. Input texts are encoded into embeddings via HuatuoGPT-7B, which is
capable of comprehending Chinese medical long-texts and capturing latent information relevant to BC grading. A variant of the
attention mechanism is incorporated to strengthen salient features and enhance overall model performance. LLM: large language

model; BC: bladder cancer.

The output of the FFN layer Hyy, is used for the final pre-
diction and passed through a linear classifier to generate
prediction logits over two classes:

¥ = Softmax(Weis* Hign + bels) (€))

where W5 and b5 are trainable parameters.

Model optimization. The dataset presented a pronounced
class imbalance, with HG cases considerably more frequent
than LG cases. Such imbalance can bias model predictions
toward the majority class, reducing sensitivity to the minor-
ity class. In addition, the clinical consequences of misclassi-
fication are asymmetric: predicting a HG case as LG
(missed diagnosis) is more severe than predicting a LG
case as HG (overtreatment).

To address both the statistical imbalance and the clinical
risk asymmetry, we employed a cost-sensitive cross-
entropy (CS-CE) loss.***” The formulation is defined as:

L= Leg + 2E[CH 7] (10)

where Lcg is the weighted cross-entropy (WCE) loss and
E,[C(y, )] represents the expected misclassification cost

under the predictive distribution:

N
Lee ==Y wy,logp(i| x) (1)
i=1

1 N
E[CO» 9 =52 > P =71 x)Con)  (12)
i=1

The cost matrix C was defined as:

| 0 G
€= [CHL 0

where N is the number of training cases, x; is the i-th input,
y; is the corresponding ground truth label, w), is the
class-specific weight, and p(y;| x;) denotes the predicted
probability of the true class, p(y =/ | x;) is the predicted
probability of class j for case i. Cry penalizes LG cases
predicted as HG, and Cyp penalizes HG cases predicted
as LG. A trade-off coefficient 1 = 1.0 was used in this
study.

For comparison, we also evaluated WCE?® and focal loss
with inverse-frequency weighting (Focal-IFW),*® but the
cost-sensitive formulation was ultimately adopted as the

}, Ciu=15 Cyp=30 (13)
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primary loss due to its ability to balance statistical skew
with clinical risk.

Evaluation metrics

To comprehensively evaluate model performance, we cal-
culated overall accuracy (Acc), balanced accuracy
(Bal-acc), weighted and macro F1 scores (F1-W and
F1-M), macro area under the receiver operating characteris-
tic (ROC) curve (AUC-M), and class-specific sensitivity
and specificity.

Let TP, TN, FP, and FN denote the number of true posi-
tives, true negatives, false positives, and false negatives for
a given class, respectively. The metrics are defined as fol-
lows:

TP + TN
Acc = 14
TP+ TN+ FP+FN (4
1 TP TN
Bal-acc = - 15
alace 2(TP+FN+TN+FP) (13)
. TP
Precision, = WCFPC (16)
TP
Recall, = ————— (17)
TP, + FN,
C ..
ne Precision, - Recall,

Fllyei = —(2 — 18
weighted ; N < Precision, + Recall, (18)
1 & Precision, - Recall,

F1 =— 2 19
e CZ( Precision, + Recall, (19)
e TP,
Sensitivity, = ————— 20
ensitivity, TP, + FN. (20)
o TN,
Specificity, = ——— 21
pecificity, TN, 1 FP, 2D

For binary classification, AUC was calculated for each
class by treating it as positive against the other class, and
then averaged:

1 Cc
AUCy = 5 > AUC, (22)

c=1

where C is the number of classes; n. is the number of cases
in class c¢; TP., TN, FP., FN; represents the number of
corresponding metrics for class c; Precision, and Recall,
refer to the precision and recall of class c, respectively .

Baseline pretrained models

To evaluate the effectiveness of our proposed framework,
we compared it with several widely used pretrained lan-
guage models covering different domains, languages, and
scales. These models differ in terms of their pretraining

corpora, maximum input length, long-text handling strat-
egies, and embedding dimensionalities. Specifically, we
included:

Bio_Clinical BERT, ,40 an English clinical models trained on
all notes from MIMIC-III, restricted to a 512-token input limit.

BERT-base-Chinese,*' a  general-domain Chinese
model, also limited to 512 tokens, serving as a widely
used NLP baseline.

Owen3-Embedding series (0.6B, 4B, and 8B),** three
multilingual embedding models that support up to ~32K
tokens and provide different embedding dimensionalities
(1024, 2560, and 4096, respectively), thereby enabling dir-
ect long-sequence representation learning. We simplified

these three models of 0.6B, 4B, and 8B as
Qwen3-em-0.6B, Qwen3-em-4B, and Qwen3-em-8B,
separately.

These diverse baselines allow us to comprehensively
assess the contribution of domain adaptation (general vs.
clinical vs. medical Chinese), context length, and embed-
ding dimensionality to downstream BC grading.

Model interpretability analysis

To improve the transparency of model predictions, we
employed Shapley additive explanations (SHAP)* to quan-
tify the contribution of individual textual features to the
classification outcome. SHAP values were calculated using
the Python SHAP package (v0.39.0) within the Google
Colab environment. Global interpretability was assessed
through summary plots and bar plots of mean SHAP values,
which highlighted the relative importance of admission
records versus CTU descriptions. Case-level interpretability
was further explored by extracting and visualizing the top-
contributing sentences from each text for representative
patients.

Experiments and results

Implementation details

All the experiments were conducted using PyTorch 2.6.0 +
cul24 with CUDA 12.4 support, running on Google Colab
Pro with NVIDIA Tesla T4 GPU (16 GB memory),
NVIDIA L4 GPU (24 GB memory), and NVIDIA A100
(40 GB memory). The code was implemented in Python
3.11.13 and executed within a Linux-based container envir-
onment. The model was trained via the Adam optimizer
with a fixed learning rate of le — 5. The batch size is set
to 32, and the number of epochs is set to 150. We evaluated
our model using standard metrics as described in the
“Evaluation metrics” section. To train and evaluate the
model, we constructed the BCgrading-Text dataset, which
consists of 642 paired admission records and CTU descrip-
tions. The dataset was randomly split into training, valid-
ation, and test sets at a ratio of 0.70:0.15:0.15, with fixed
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case assignments as described in the “Text dataset” section.
In addition, an external validation set of 76 cases was col-
lected from another subdepartment to assess model
generalizability.

Model configuration pattern selection

We demonstrate the effectiveness of our proposed framework
by conducting extensive experiments in this subsection. We
compare the results of different data configurations, data
fusion strategies, and the efficacy of the GMAM in all model
settings to determine the best model configuration for BC
grading prediction based on clinical admission records and
CTU descriptions.

Data ablation. To evaluate the contribution of different
types of clinical notes (i.e. admission records denoted 7,
and CTU descriptions denoted 7 in this study) to model
performance, we conducted an ablation study by comparing
three configurations: using only admission records
(T,-only), using only CTU descriptions (7.-only), and com-
bining both components (7, + 7). As shown in Table 1,
using CTU descriptions alone (7.-only) yielded the weakest
performance (macro F1=0.567, balanced accuracy=
0.569), indicating limited discriminatory value. Admission
records alone (7,-only) substantially improved performance
(macro F1=0.715, balanced accuracy = 0.695), highlight-
ing their richer clinical information. When combining
both sources (7, + T.), the model achieved the best balance
across metrics, with the highest macro F1 (0.749) and
balanced accuracy (0.757), driven by a marked improve-
ment in LG sensitivity (0.690), confirming the complemen-
tary value of CTU descriptions to admission records.

Data fusion strategies. To investigate the impact of different
fusion strategies for the two kinds of data on model per-
formance, we compared three approaches: (1) early fusion
by directly concatenating the two text sequences before
embedding (T, + T, before emb), (2) direct vector concat-
enation after independent embeddings (7, + 7. concat),
and (3) cross-attention-based fusion after independent
embeddings (7,+ 7, attn-based). As summarized in
Table 2, fusing T, and T, before embedding yielded the
highest macro AUC of 0.785 but poor balance between
classes, with LG sensitivity only 0.552. T,+ T, concat
fusion improved balanced accuracy to 0.737 and macro
F1 to 0.739 though LG sensitivity remained limited
(0.621). In contrast, the T, + T attn-based fusion achieved
the best overall trade-off, with the highest balanced accur-
acy (0.757) and macro F1 (0.749), markedly improving
LG sensitivity to 0.690 while maintaining HG sensitivity,
and was therefore selected as the final fusion strategy.

Efficacy of GMAM. We investigate the impact of attention
mechanism design on model performance by comparing

the conventional attention mechanism followed by a
residual connection** (AttnResidual) with our proposed
GMAM. The GMAM replaces the standard additive
residual connection with a sigmoid-based multiplicative
gating operation, allowing the model to dynamically modu-
late the importance of the attended features.

Experimental results showed that GMAM consistently
outperformed AttnResidual in both 7.-only and 7,-only
configurations, yielding higher balanced accuracy and
macro F'1 (as shown in Table 3). This advantage became
more evident when combined with an FFN under the 7, +
T.-Attnfusion strategy, where GMAM-FFN achieved the
most favorable trade-off across metrics, markedly improv-
ing LG sensitivity while preserving HG detection. These
findings suggest that multiplicative gating provides a
more effective way to emphasize salient features and sup-
press redundant signals than additive residual connections.

The superiority of GMAM over the conventional
AttnResidual design is further illustrated in Figure 3.
Across all configurations, GMAM consistently achieved
higher macro F1 scores, with particularly notable gains in
the T.-only (+0.122) and T,+ T.-FFN (4+0.083) settings.
These improvements indicate that multiplicative gating is
especially effective in scenarios where feature interactions
are either sparse (7;-only) or heterogeneous (7, + T fusion).
In addition, the incremental advantage of GMAM becomes
more pronounced as model complexity increases, such as
when combined with FFN layers, suggesting that gating
enables deeper architectures to better exploit complementary
information without amplifying noise. Together, these find-
ings highlight the robustness and scalability of GMAM as a
general attention mechanism for medical text classification.

Comparison of different dimensions

Given the substantial length of the Chinese medical texts
involved in this study, we employed HuatuoGPT-7B to
generate 3584-dimensional embeddings. To avoid exces-
sive computational cost and overfitting, we applied a linear
projection to reduce dimensionality and conducted experi-
ments across multiple target dimensions.

As shown in Table 4, model performance varied with the
reduced dimensionality. Very low dimensions (D =64)
already provided competitive results (macro F1=0.744,
balanced accuracy = 0.747), while increasing the dimension
to D = 128 slightly improved overall accuracy (0.794) but at
the expense of class balance (balanced accuracy =0.715).
The best trade-off was achieved at D =256, where the
model obtained the highest macro F'1 (0.749) and balanced
accuracy (0.757), with substantial improvement in low-
grade sensitivity (0.690). Larger dimensions (>512) did
not yield further gains; instead, performance gradually
declined, likely due to redundancy and overfitting. These
results demonstrate that moderate dimensionality reduction
not only alleviates computational burden but also enhances
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Table I. Ablation study for different types of clinical notes.

T-only 0.701 0.569 0.664 0.567 0.614 0.241/0.897 0.897/0.241
Ta-only 0.794 0.695 0.775 0.715 0.753 0.448/0.941 0.941/0.448
T+ T, 0.784 0.757 0.786 0.749 0.740 0.690/0.824 0.824/0.690

Acc: accuracy; Bal-acc: balanced accuracy; FI-W: weighted F| score; FI-M: macro Fl scores; AUC-M: macro area under the ROC curve; Sen: sensitivity;
Spe: specificity; LG: low grade; HG: high grade; T,: admission record; T.: computed tomography urography description.

Bold indicates the best results.

generalization, with D =256 emerging as the most effective
embedding size for this task.

The trend is further illustrated in Figure 4, which plots
macro F1 score against embedding dimensionality. While
a reduced dimension of 64 already preserved much of the
model’s discriminative ability, performance slightly
dropped at 128 and then peaked at 256, confirming it as
the optimal setting. Beyond this point, larger embedding
sizes (512-2048) led to progressively lower macro F1
scores, with the steepest decline observed at 1024. This sug-
gests that excessive dimensionality introduced redundancy
and overfitting, outweighing the benefits of richer represen-
tations. Taken together, both the tabular and graphical ana-
lyses indicate that 256 dimensions strike the best balance
between information retention and generalization, and
were therefore adopted as the final configuration for subse-
quent experiments.

Comparison of different learning strategy

We compared the three imbalance-handling loss functions
and the results are listed in Table 5. The CS-CE achieved
the highest overall accuracy (0.784) and weighted F1
(0.786), while also yielding the best macro F1 (0.749),
slightly outperforming Focal-IFW (0.734) and WCE
(0.716). Compared with WCE, cost-sensitive training mark-
edly improved HG sensitivity, though with a reduction in
LG sensitivity. Focal-IFW produced more balanced class
sensitivities (0.724 and 0.779) but did not surpass the macro
F1 achieved by the CS-CE approach. Although Focal-IFW
showed the highest macro AUC, cost-sensitive optimization
provided the most favorable balance between class-wise
performance and overall accuracy, and was therefore
adopted for subsequent experiments.

Comparative evaluation on internal and external
datasets

To comprehensively evaluate the effectiveness and robustness
of the proposed framework, we compared HuatuoGPT-7B
with representative baselines, including Bio_ClinicalBERT,
BERT-base-Chinese, and Qwen3-Embedding models (0.6B,
4B, 8B).

On the internal BCgrading-Text test set, HuatuoGPT-7B
consistently achieved the highest balanced accuracy (0.757)
and macro F1 score (0.749), outperforming all baselines
(Table 6). Although Qwen3-em-8B obtained the highest macro
AUC (0.760), HuatuoGPT-7B demonstrated competitive AUC
(0.740) while maintaining superior threshold-dependent per-
formance metrics. Notably, Bio_Clinical BERT showed rela-
tively poor performance (macro F1=0.613), reflecting
the limited transferability of English-pretrained models to
Chinese medical narratives, while BERT-base-Chinese
achieved moderate results. The Qwen3 series performed
better, particularly the 0.6B model, but still lagged behind
HuatuoGPT-7B in overall effectiveness.

The confusion matrices on the internal test set (Figure 5)
provide further insight into model behavior. Across all
models, predictions for HG BC were relatively stable,
whereas LG classification was more variable. Several base-
lines, including Qwen3-em-8B and Bio_ClinicalBERT,
exhibited a higher proportion of false negatives for LG
cases. In contrast, HuatuoGPT-7B achieved more balanced
sensitivity across both classes, which explains its superior
macro F1 and balanced accuracy despite not always produ-
cing the highest AUC.

To further assess generalizability, we conducted external
validation using an independent dataset of 76 patients col-
lected from another subdepartment within the same hospital.
All models exhibited performance degradation when trans-
ferred to this heterogeneous dataset (Table 6 and Figure 6),
yet HuatuoGPT-7B remained the strongest performance
with a macro F1 score of 0.680 and balanced accuracy of
0.676. Although Qwen3-em-4B achieved a slightly higher
macro AUC (0.716), HuatuoGPT-7B showed the most stable
macro F'1 and balanced accuracy, suggesting better calibration
under distributional shifts. Importantly, Bio_ClinicalBERT
suffered the steepest decline (macro F'1 =0.412), highlighting
the challenges faced by non-Chinese pretrained models in this
task.

Taken together, these results demonstrate that
HuatuoGPT-7B delivers superior balanced accuracy and
F1 compared with widely used transformer-based base-
lines, while maintaining competitive AUC performance.
Moreover, the model exhibited greater robustness to hetero-
geneous documentation styles in the external validation
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Table 2. Ablation experiments for different data fusion strategies.

T.+ T, before emb 0.784 0.717 0.777 0.727 0.785 0.552/0.882 0.882/0.552
T.+ T, concat 0.784 0.737 0.782 0.739 0.742 0.621/0.853 0.853/0.621
T, + T, attn-based 0.784 0.757 0.786 0.749 0.740 0.690/0.824 0.824/0.690

Acc: accuracy; Bal-acc: balanced accuracy; FI-W: weighted F| score; FI-M: macro Fl scores; AUC-M: macro area under the ROC curve; Sen: sensitivity;

Spe: specificity; LG: low grade; HG: high grade; T,: admission record; T.: computed tomography urography description.

Bold indicates the best results.

Table 3. Performance comparison of models employing AttnResidual and GMAM for BC grade prediction.

T-AttnResidual 0.742  0.579 0.676 0.564  0.694 0.172/0.985 0.985/0.172
T.-GMAM 0.763 0.673 0.749 0.686  0.690 0.448/0.897 0.897/0.448
T.-AttnResidual-FFN 0.701 0.609 0688 0.614 0619 0.379/0.838 0.838/0.379
T-GMAM-FFN 0732  0.6ll 0702 0.618 0613 0.310/0.912 0.912/0.310
Ta-AttnResidual 0.773 0.680 0.757  0.696  0.740 0.448/0.912 0.9128/0.448
T,-GMAM 0.784  0.687 0.766 0.705 0.740 0.448/0.927 0.927/0.448
T.-AttnResidual-FFN 0.784  0.678 0762 0.696 0718 0.414/0.941 0.941/0.414
T.-GMAM-FFN 0.794  0.695 0.775 0715  0.753 0.448/0.941 0.941/0.448
Ta + T-Attnfusion-AttnResidual 0.794  0.675 0.765 0.696 0.711 0.379/0.971 0.971/0.379
T, + T-Attnfusion-GMAM 0.784  0.707 0.774  0.721 0.771 0.517/0.897 0.897/0.517
Ta + T-Attnfusion-AttnResidual-FFN  0.773 0.650 0.742  0.666  0.723 0.345/0.956 0.956/0.345
Ta+ T-Attnfusion-GMAM-FFN 0.784  0.757 0.786 0749 0.740 0.690/0.824 0.824/0.690

Acc: accuracy; Bal-acc: balanced accuracy; FI-W: weighted F| score; FI-M: macro Fl scores; AUC-M: macro area under the ROC curve; Sen: sensitivity;
Spe: specificity; LG: low grade; HG: high grade; T,: admission record; T.: computed tomography urography description; GMAM: gated multiplicative

attention mechanism; BC: bladder cancer; FFN: feed-forward network.
Bold indicates the best results.

dataset, underscoring its potential for practical application
in Chinese medical text classification.

SHAP-based model interpretability

To enhance the transparency of model decision-making, we
applied SHAP analysis at both the global and case levels. At
the global level, the cross-case sentence-level SHAP sum-
mary plot (Figure 7(a)) demonstrated distinct contribution
patterns between admission records and CTU descriptions.
CTU features displayed a wider distribution and more
extreme SHAP values, suggesting a stronger case-specific
influence on prediction outcomes, whereas admission

records contributed more consistently but with moderate
magnitudes. The averaged SHAP values (Figure 7(b)) fur-
ther confirmed that both clinical texts contributed positively
to HG prediction and negatively to LG prediction, with
CTU showing stronger effects in both directions (0.281
for HG, —0.366 for LG) compared with admission records
(0.235 and —0.225, respectively). These findings indicate
that while admission texts provide broad contextual infor-
mation, CTU descriptions capture lesion-focused and dis-
criminative features that play a decisive role in grade
classification.

At the case level, we examined the top four sentence-
level SHAP contributions from both the admission records
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Figure 3. Comparison of macro Fl scores between AttnResidual and GMAM across different configurations. The results show that
GMAM consistently outperforms AttnResidual in both single-text (T, T,) and multitext (T, + T.) settings. The GMAM-FFN model
achieves the best overall performance, highlighting the benefit of combining gated multiplicative attention with an FFN. GMAM: gated
multiplicative attention mechanism; T.: computed tomography urography description; T,: admission record; FFN: feed-forward

network.

and CTU descriptions for a representative patient
(Figure 8). In Figure 8(a), positive contributions mainly
arose from the chief complaint of painless gross hematuria
and the progression of untreated hematuria with irritative
urinary symptoms, whereas negative contributions were
associated with normal systemic examination findings. In
Figure 8(b), CTU descriptions exerted stronger overall
influence, with sentences describing bladder wall thicken-
ing with large intraluminal filling defects and multiple
enlarged lymph nodes strongly promoting HG prediction,
while vertebral nodularity and mild hydronephrosis contrib-
uted negatively. Together, these findings highlight the com-
plementary roles of admission narratives and CTU imaging
in shaping the model’s predictions, providing interpretable
insights into how clinical and radiological features jointly
drive grade classification.

Discussion

This study proposes an innovative approach for the non-
invasive preoperative prediction of BC histological grade
by leveraging long-form Chinese medical texts extracted
from EMRs, specifically admission records and CTU
descriptions. By integrating both text sources through an
attention-based fusion strategy, predictive performance
was significantly enhanced, achieving a maximum macro
F1 score of 0.749 and a balanced accuracy of 0.757 with

a reduced embedding dimension of 256. These findings
demonstrate the feasibility of applying LLMs, exemplified
by HuatuoGPT-7B, to capture latent features from
Chinese medical narratives for BC grading.

Our results suggest that attention-based fusion offers
clear advantages over simply mixed strategies. The superior
performance of attention-based fusion arises from its ability
to perform selective integration of 7, and 7. Unlike simple
concatenation, which passively merges embeddings and
may introduce redundant or noisy features, the attention
mechanism allows T, to query 7, and highlight complemen-
tary cues while suppressing irrelevant signals. This
context-aware reweighting preserves the richer information
in admission records, while amplifying useful details from
CTU descriptions only when they add value. As a result,
attention-based fusion achieves a more balanced trade-off
across classes, particularly improving LG sensitivity with-
out sacrificing HG detection.

The dimensionality analysis suggests that an intermedi-
ate embedding size (e.g. 256 dimensions) may provide a
favorable trade-off between capturing sufficient semantic
information and mitigating overfitting. This finding aligns
with broader observations in NLP research, where exces-
sively high-dimensional embeddings often yield diminish-
ing returns.*>*®  Clinically, the relative instability
observed in LG predictions highlights the intrinsic difficulty
of distinguishing subtle textual cues for these cases. This
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Table 4. Comparison of models with different reduced dimensions.

D=64 0.784 0.747 0.785 0.744 0.762 0.655/0.838 0.838/0.655
D=128 0.794 0.715 0.783 0.731 0.742 0.517/0.912 0.912/0.517
D=256 0.784 0.757 0.786 0.749 0.740 0.690/0.824 0.824/0.690
D=5I12 0.784 0.707 0.774 0.721 0.723 0.517/0.897 0.897/0.517
D=1024 0.773 0.680 0.757 0.696 0.707 0.448/0.912 0.912/0.448
D=2048 0.784 0.688 0.766 0.705 0.727 0.448/0.927 0.927/0.448

Acc: accuracy; Bal-acc: balanced accuracy; FI-W: weighted Fl score; FI1-M: macro Fl scores; AUC-M: macro area under the ROC curve; Sen: sensitivity;

Spe: specificity; LG: low grade; HG: high grade.
Bold indicates the best results.
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Figure 4. Macro Fl score versus embedding dimensionality for the proposed classification model. The plot illustrates the effect of
varying embedding dimension D on the model’s macro Fl score performance.

underscores the need for advanced modeling strategies,
such as incorporating multimodal information or domain-
specific pretraining, to enhance the sensitivity of models
in identifying LG BC.

Beyond LLM-based frameworks, numerous studies have
demonstrated that optimization strategies can substantially
enhance the performance and generalization of classification
models in diverse application domains. For instance,

metaheuristic algorithms and hybrid optimization techniques
have been employed for oral cancer detection,*” breast cancer
recognition,*® weed detection in precision agriculture,*” and
intrusion detection in IoT systems.’® Similarly, recent inno-
vations in hybrid feature selection methods®' have high-
lighted the importance of integrating optimization into
model design. Although these works are applied in different
contexts, they share the common methodological goal of
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Table 5. Performance comparison of different imbalance-handling loss functions.

WCE 0.732 0.759 0.743 0.716 0.747 0.828/0.691 0.691/0.828
Focal-IFW 0.763 0.752 0.769 0.734 0.756 0.724/0.779 0.779/0.724
CS-CE 0.784 0.757 0.786 0.749 0.740 0.690/0.824 0.824/0.690

Acc: accuracy; Bal-acc: balanced accuracy; FI-W: weighted F| score; FI-M: macro Fl scores; AUC-M: macro area under the ROC curve; Sen: sensitivity;
Spe: specificity; LG: low grade; HG: high grade; WCE: weighted cross-entropy; Focal-IFW: focal loss with inverse-frequency weighting; CS-CE:

cost-sensitive cross-entropy.
Bold indicates the best results.

Table 6. Comparative performance of baseline models and the proposed HuatuoGPT-7B framework on the BCgrading-Text dataset

(internal) and the external validation dataset.

Bio_ClinicalBERT 0.609 0.613
Bert-base-Chinese 0616 0.622
Qwen3-em-0.6B 0.724 0.737
Qwen3-em-4B 0.663 0.665
Qwen3-em-8B 0.700 0.727
HuatuoGPT-7B (ours) 0.757 0.749

0.623 0.456 0.412 0.605
0.656 0.614 0.621 0.682
0.726 0.639 0.649 0.710
0.665 0.626 0.626 0.716
0.760 0.608 0.614 0.660
0.740 0.676 0.680 0.700

Bal-acc: balanced accuracy; FI-M: macro Fl scores; AUC-M: macro area under the ROC curve.

Bold indicates the best results.

improving classification reliability under challenging data
conditions. Our adoption of a CS-CE loss function follows
the same principle, ensuring that clinically adverse misclassi-
fications are more heavily penalized. Situating our model
within this broader optimization-driven research landscape
underscores the value of domain-tailored optimization for
improving robustness in BC grading tasks.

A notable advantage of our framework lies in its interpret-
ability. While deep-learning models are often criticized as
“black boxes,” the integration of SHAP analysis provided
transparent explanations of how admission records and
CTU descriptions influenced predictions. Interestingly,
although admission records alone achieved higher overall
classification performance than CTU descriptions, SHAP ana-
lysis revealed that CTU features exerted more extreme case-
specific contributions, whereas admission features contribu-
ted more consistently but with moderate magnitudes. This pat-
tern underscores their complementary roles: admission
records offer broad contextual information that stabilizes
model performance, while CTU descriptions capture lesion-
focused cues that can strongly drive decisions in individual
cases.

Rather than reiterating performance metrics, interpret-
ability highlights the clinical plausibility of the model—fea-
tures such as hematuria history, bladder wall thickening, and
nodal involvement were consistently identified as key dri-
vers of HG classification, aligning well with established
diagnostic reasoning in urology. This alignment between
model-derived attributions and clinical knowledge strength-
ens the credibility of our approach and supports its potential
for clinician acceptance. Moreover, interpretability facili-
tates error analysis by revealing cases where irrelevant or
nonspecific findings attenuate predictions, thereby offering
concrete opportunities for model refinement. In the broader
context of Al in medicine, such transparent interpretability
is increasingly recognized as a prerequisite for safe deploy-
ment and ethical clinical integration.

Although our study remains at an experimental stage, it
is important to consider potential paths for clinical transla-
tion. The proposed model could be embedded into HISs as a
background decision-support module, where admission
records and CTU descriptions are automatically processed
and the predicted grade is presented as an advisory flag
for clinicians. Deployment would require moderate
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Figure 5. Confusion matrices of baseline models and HuatuoGPT-7B on the BCgrading-Text test set. HuatuoGPT-7B demonstrated
more balanced classification between LG and HG cases compared with other models.

Comparison of Macro F1 Score across Models
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Figure 6. Macro Fl scores of different models on the BCgrading-Text dataset and the external validation dataset. All models showed
reduced performance under distributional shift, whereas HuatuoGPT-7B maintained the most stable performance across datasets.
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Figure 7. SHAP interpretability of admission records and CTU descriptions in BC grading. (a) Sentence-level SHAP summary plot
showing broader and more extreme contributions from CTU compared with admission. (b) Average SHAP values by grade, indicating
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[2] [(Emme) : BFEFCAFLMSEMRMNFER, RESSIE, MLEFRMmR,
[2] [Present Tllness]: Six months ago, the patient developed gross hematuria involving the entire urinary stream, with light red urine occasionally containing strip-like clots
[B] BEXTEM, FRTRYCET, BORERNEART. R BFR.
[3] The patient did not seek medical attention or systematic treatment. Subsequently, hematuria worsened, accompanied by urinary frequency, urgency, and incomplete voiding.
[1] (EiF]

[1] [Chief Complaint]: Intermittent, painless gross hematuria throughout the entire urinary stream for more than 6 months.

[8] BEFEFIMERAR, FHOWRIR, BER2B. RFR, HRPEIER.

Case 88 — Admission sentence contribution (Top+4/4)

BT S RARMAR6 AR,

[8] The patient had marked urinary frequency with an average of four nightly voids,

y jed by urgency, i
[38] (¥ikmufL) : HWHEEAZ, M. M6, MBSENER, MEXTIER, AHKHER.
[38] [Spine and Extremities]: No spinal deformity; no tenderness over spinous processes, interspinous, or paraspinal regions; joints of extremities normal; muscle tone normal

[21) BSMRESRZ, RAER, SMEELHHEDBY.

[21] Normal external ear appearance; hearing intact, no abnormal discharge from the external auditory canal

[20] PREZE7KGH, BREGETE, MMERR, BM, WNEASAEE, HiFL93mm, RNEFLMARMERS, REXEHEFHDES.

[20] No eyelid edema or ptosis; sclera anicteric; conjunctiva normal; pupils equal, round, and reactive to light (=3 mm in diameter bilaterally); extraocular movements intact

[22] BIPRESE, RFHEME, BRELTSESBY.

[22] Normal external nasal appearance; no septal deviation; no abnormal nasal discharge.

(5] BEERAEAMRNS LM AHELER, BAEEEN20mm, FIREH, WEB2REFTEL.

[5] Multiple retroperitoneal and right pelvic lymph nodes were enlarged, the largest measuring ~20 mm with clear margins and mild ring enhancement

[1] BRtFEREE, BIEE, BREGNERGETNSEXAVARRAOEENER, BABERNA43TMm, FEEMHEMER--

[1] The bladder was well fllled, walls thickening and multiple intraluminal filling defects on the right and posterior walls, the largest ~48 x 37 mm; adjacent fat planes indistinct |

[6] A nodular hyperdense shadow was observed in the L1 vertebral body.

(7] BRI RETR, BUHXSMATERE, 1

[7] A nodular shadow was observed anterior to the splenic hilum, showing enhancement similar to the spleen

[2) EHBIBRAL AR T 95, FEEB2RBMIART, ALSENMREFREFRFEN, GMBRABERETKRK,

[2] Heterogencous arterial enhancement with excretory-phase filling defect; indistinct margin with distal right ureter; mild dilatation and hydronephrosis of the right urinary tract.

emptying, and interrupted stream.

-0.05 0.00 0.05 0.10
SHAP (logit)

Case 88 — CTU sentence contribution (Top£4/4)

(4] BEERDFVE.

[4] No pelvic effusion was observed.

(6] 1 AT NS THEBEY.

015 010 005 000 005 0.0
SHAP (logit)

Figure 8. Case-level SHAP interpretability. (a) Admission records: symptom history supported HG prediction, whereas normal
systemic findings attenuated it. (b) CTU descriptions: tumor burden and nodal enlargement strongly promoted HG classification, while
vertebral and hydronephrotic findings contributed negatively. SHAP: Shapley additive explanations; CTU: computed tomography

urography.

computational resources, such as an on-premise server with
GPU or CPU acceleration, and the entire pipeline could
operate within the hospital network to ensure data privacy.
In practice, such a system may reduce the time clinicians
spend manually reviewing lengthy clinical narratives and

lower the risk of misclassification by providing an add-
itional, objective preoperative reference. Importantly, the
tool is designed to support rather than replace pathological
confirmation, and further multisite validation is required
before real-world use.
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Despite these promising results, several limitations remain.
First, although an external validation was conducted using an
independent dataset from another subspecialty within the same
hospital, the study remains a single-center retrospective analysis
with limited sample size. The heterogeneity in documentation
provided a proxy for real-world variability, but true multicenter
datasets are still needed to confirm robustness and generalizabil-
ity. Second, the framework relies on Chinese-specific LLMs,
and the embeddings from HuatuoGPT-7B are not directly trans-
ferable to other languages or healthcare systems, which restricts
its broader applicability. Although comparative experiments
with  Bio_ClinicalBERT, BERT-base-Chinese, and the
Qwen3-Embedding series demonstrated the superiority of
HuatuoGPT-7B in balanced accuracy and macro F1, future
work will need to explore domain adaptation, multilingual
LLMs, and cross-lingual transfer learning to enhance generaliz-
ability. Third, performance may be further improved by domain-
specific fine-tuning on larger and more diverse BC datasets.
Finally, integrating multimodal data such as imaging and labora-
tory results could enhance model robustness and interpretability,
supporting more reliable clinical decision-making.

Conclusions

This study presents an interpretable LLM-based framework
for the preoperative prediction of BC grade using Chinese
medical long-texts. By fusing admission records and CTU
descriptions with an attention-based strategy, optimizing
embedding dimensionality, and incorporating a cost-
sensitive loss function, the model achieved robust and
balanced performance while maintaining clinical plausibil-
ity. SHAP analysis further highlighted complementary con-
tributions of the two text sources and enhanced
transparency of model decision-making. Although the cur-
rent work remains limited by its single-center, retrospective
nature, the findings underscore the potential of LLM-driven
approaches to support clinical decision-making in BC and
provide a foundation for future multicenter and multimodal
research.

Abbreviations

Al artificial intelligence

AUC area under the ROC curve

BC bladder cancer

CS-CE cost-sensitive cross-entropy

CTU computed tomography urography

EMR electronic medical record

FFN feed-forward network

FN false negative

Focal-IFW  focal loss with inverse-frequency weighting
FP false positive

GMAM gated multiplicative attention mechanism
HG high grade

HIS hospital information system

LG low grade

LLM large language model

MIBC muscle-invasive bladder cancer

NLP natural language processing

NMIBC non-muscle-invasive bladder cancer

PUNLMP papillary urothelial neoplasm of low malignant potential
SHAP Shapley additive explanations

TN true negative

TP true positive

WCE weighted cross-entropy
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