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A multi-data fusion deep
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urothelial carcinoma
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Background: Upper tract urothelial carcinoma (UTUC) is a rare but highly invasive
urinary malignancy with a high postoperative recurrence rate.

Methods: We retrospectively collected data from 133 UTUC patients who
underwent radical nephroureterectomy between 2005 and 2017. Patients were
divided into a training set (n=103) and a testing set (n=30). A multi-modal deep
learning model named Multi-modal Image-Clinical Combination Classi�er
(MICC) was developed by integrating multi-phase contrast-enhanced CT
imaging and clinical data. The model’s prognostic performance was compared
with two unimodal models—ImageNet (CT-based) and ClinicalNet (clinical data-
based)—and traditional clinical parameters including pathological T stage.
Feature importance was evaluated using SHapley Additive exPlanations (SHAP).

Results: The MICC model achieved superior prognostic accuracy with AUCs of
0.918 and 0.895 in the training and testing sets, respectively, outperforming
unimodal models. Classi�cation metrics were robust, with accuracy of 0.854,
sensitivity of 0.889, speci�city of 0.836, negative predictive value (NPV) of 0.933,
and positive predictive value (PPV) of 0.744. Precision-recall analysis con�rmed
strong identi�cation of high-risk patients despite dataset imbalance. SHAP
analysis highlighted that CT imaging features contributed most signi�cantly to
the model’s predictions.
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Conclusion: Integrating multi-phase CT imaging with clinical data, the MICC
model provides accurate prognostic prediction for UTUC patients. This approach
has potential to assist clinicians in personalized risk strati�cation and treatment
planning, ultimately improving patient outcomes.
KEYWORDS

upper tract urothelial carcinoma, deep learning, prognostic indicators, CT image, multi-
phase contrast-enhanced CT, clinical data, arti� cial intelligence, radiomics
1 Introduction

Upper tract urothelial carcinoma (UTUC) is a rare malignancy,
accounting for approximately 5% to 10% of all urothelial
carcinomas (1, 2). Prognosis in UTUC is closely linked to tumor
grade and stage, with higher-grade tumors associated with
signi�cantly reduced 5-year survival rates (3, 4). Accurate
identi�cation of high-risk tumors is essential for formulating
effective long-term treatment strategies (5). Therefore, the
development of precise prognostic models is critical to support
urologists in risk strati�cation and clinical decision-making.

Previous prognostic models have largely overlooked the
prognostic value of CT imaging. Contrast-enhanced CT, the
primary imaging modality for UTUC diagnosis, offers superior
visualization of tumor characteristics, including size, shape,
enhancement patterns, and local invasion, as well as involvement
of adjacent structures such as renal parenchyma, vessels, and lymph
nodes (6, 7). However, the diagnosis of tumor by contrast-enhanced
CT mainly relies on the experience of the radiologist. Therefore,
there is a possibility of missed diagnosis, especially for early-stage or
small tumors.

Deep learning (DL) has shown substantial promise in
prognostic modeling across various malignancies, including
colorectal (8, 9), lung (10), and liver cancers (11). However, its
application in predicting outcomes for UTUC remains largely
unexplored. A key advantage of DL lies in its ability to
autonomously extract complex and clinically relevant features
from high-dimensional, heterogeneous data with minimal human
intervention (12, 13). This makes DL particularly well-suited for the
analysis of CT imaging, which is inherently noisy and variable.
Therefore, DL presents an opportunity for more accurate and
innovative risk strati�cation for patients with UTUT (14).

Our study introduces several key technical innovations that
distinguish it from existing UTUC research. Unlike traditional
radiomics approaches that rely on manual ROI delineation and
hand-crafted features (15), our RGBA fusion method enables end-
to-end automatic feature learning directly from multi-phase CT
images. This approach overcomes the limitations of single-phase
deep learning methods (16) by preserving complete temporal
dynamics across all contrast phases. Furthermore, our Multi-
modal Image-Clinical Combination Classi�er (MICC) advances
02
beyond conventional statistical methods (nomograms, Cox
regression) (17, 18) by leveraging deep neural networks to capture
complex, non-linear interactions between imaging and clinical
features without requiring explicit feature selection or
dimensionality reduction.

In this study, we propose a novel multi-modal DL model,
termed the Multi-modal Image-Clinical Combination Classi�er
(MICC), which integrates multi-phase contrast-enhanced CT
imaging with clinical variables to predict postoperative prognosis
in UTUC patients. This approach has the potential to improve
predictive accuracy and quality of information available for
individualized clinical decision-making.
2 Materials and methods

2.1 Patients

This study was reviewed and approved by the Ethics Committee
on Clinical Research of The First Af�liated Hospital of Wenzhou
Medical University (Approval No. KY2023-R165; Approval Date:
August 14, 2023). Given the retrospective design, the requirement
for informed consent was waived.

We conducted a retrospective analysis of medical records from
patients who underwent contrast-enhanced CT for UTUC at our
institution between March 2015 and April 2017. Inclusion and
exclusion criteria for the 133 eligible patients are detailed
in Figure 1A.

Clinical variables collected for each patient included: gender
(female vs. male), age (� 65 vs.<65 years), body mass index (BMI � 25
vs.<25 kg/m�), American Society of Anesthesiologists Physical
Status Classi�cation (ASA � 3 vs.<3), presence of hydronephrosis
(yes vs. no), surgical approach (open vs. laparoscopic), hemoglobin
(Hb) levels, albumin levels, tumor size (>3 cm vs. � 3 cm), tumor
location (renal pelvis vs. ureter vs. both), tumor multiplicity
(multiple vs. unifocal), lymphovascular invasion (LVI: yes vs. no),
tumor stage (pT1–pT2 vs. pT3–pT4), and nodal stage (N0 vs. N1).

Postoperative follow-up included cystoscopy, computed
tomography (CT) imaging, and both urine and blood tests.
Patients were followed every three months during the �rst year
and annually thereafter. Outcomes were de�ned as follows: overall
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survival (OS) was the interval from surgery to death from any cause;
cancer-speci�c survival (CSS) was the interval from surgery to death
speci�cally due to UTUC; and progression-free survival (PFS) was
de�ned as the time from surgery to either tumor recurrence
or death.
2.2 Study design and data partitioning

To ensure methodological rigor and prevent data contamination,
a strict data separation protocol was implemented. The 133 patients
were randomly assigned to a Training set (n = 103) and an
independent Testing set (n = 30) using strati�ed sampling to
Frontiers in Oncology 03
preserve the distribution of outcome classes across both sets—an
essential consideration given the class imbalance inherent in
survival data.

Within the Training set, �ve-fold cross-validation was
employed for model development and hyperparameter tuning. In
each fold, 80% of the data were used for model training and 20% for
validation. This cross-validation strategy enabled parameter
optimization while mitigating the risk of over�tting. All feature
extraction, data normalization, and model architecture design were
conducted exclusively within the Training set, with no access to the
Testing set at any stage of model development.

Three models were developed: the Multi-modal Image-Clinical
Combination Classi�er (MICC), ImageNet, and ClinicalNet. All
FIGURE 1

processing of the MICC model and patient inclusion/exclusion criteria. (A) The MICC model processes CT images stored as DICOM �les, reducing
noise and resizing images. It transforms the four phases of CT (arterial phase, portal vein phase, delayed phase, and plain scan) into RGBA (Red,
Green, Blue and Alpha) arrays, which are then consolidated into color images. These RGBA images are input into a model based on Ef�cientNet-B3,
and are subjected to average pooling, integrated with clinical data. A cross-entropy loss function is used to train the model, generate scores for each
patient, and categorize patients into high and low-risk groups based on the optimal cutoff value from the ROC analysis. (B) Out of 355 patients from
the First Af�liated Hospital of Wenzhou Medical University, 133 were enrolled in this study and divided into the Training set (n=103) and Testing set
(n=30). Both CT images and clinical information were included in this study.
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models were fully trained and �nalized using only the Training set
and the cross-validation procedure. Model architectures,
hyperparameters, and con�gurations were determined prior to
Testing set evaluation, ensuring complete isolation of the test data.

The Testing set was reserved strictly for �nal model evaluation
and was accessed only once, after all model parameters were �xed.
This rigorous separation eliminated the possibility of data leakage
and enabled an unbiased evaluation of each model’s generalizability
to previously unseen cases. Notably, the MICC model’s superior
performance on the Testing set was identi�ed during this single
�nal evaluation, rather than through iterative testing or model
selection based on Testing set outcomes.

To ensure fair and direct comparisons, all three models—
MICC, ImageNet, and ClinicalNet—were trained using the same
data partitioning protocol, including the identical Training set (n =
103) for cross-validation and the same independent Testing set (n =
30) for �nal performance assessment. This consistent methodology
allowed for valid comparisons across models utilizing different
input modalities.
2.3 Preprocessing of CT images

The preprocessing work�ow for the MICC model is illustrated
in Figure 1B. All CT images, including contrast-enhanced and non-
enhanced scans, were stored in DICOM (Digital Imaging and
Communications in Medicine) format. To minimize background
noise from adjacent organs, the window width and level were
standardized at 300 and 40, respectively. From each 3D CT scan,
only the 2D axial slice showing the largest tumor cross-section
along the z-axis was selected for model development.

All selected images were resized using OpenCV to conform to
the input dimensions required by the model. Intensity
normalization was performed by computing the mean and
standard deviation for each image channel. Each phase of
grayscale CT imaging was then transformed into a four-channel
RGBA image using NumPy: the plain, arterial, portal venous, and
delayed phases were assigned to the alpha, red, green, and blue
channels, respectively (19). The resulting multi-phase images were
fused into a single RGBA composite image for subsequent feature
extraction and modeling.
2.4 Feature extraction and fusion via RGBA
color transformation

Each CT scan comprised four contrast-enhanced phases: plain,
arterial, portal venous, and delayed. Features were initially extracted
from each phase independently. Notably, during the arterial phase,
enhancement of the renal cortex in the affected left kidney was
markedly reduced compared to the contralateral kidney
(Figures 2A, B). This attenuation persisted into the portal venous
phase (Figures 2C, D). In the delayed phase, while the right kidney
showed homogeneous enhancement, the medullary region of the
left kidney, corresponding to the tumor site, exhibited
Frontiers in Oncology 04
heterogeneous enhancement (Figures 2E, F). These radiological
features are consistent with the typical imaging patterns of
UTUC, characterized by absent or reduced enhancement in early
phases and partial enhancement in delayed imaging.

In the �nal RGBA composite image, the right kidney,
consistently enhanced across arterial, portal, and delayed phases,
appeared white due to full representation in the red, green, and blue
channels. In contrast, the left kidney, with its heterogeneous and
phase-dependent enhancement, appeared gray with central blue-
green hues (Figure 2G). This transformation allowed for
simultaneous visualization of radiologic variation across all
phases, enhancing the model’s ability to capture prognostically
relevant features.

These RGBA-fused images were subsequently input into the
Ef�cientNet-B3 architecture for feature extraction and served as the
imaging component of the MICC model.
2.5 Model architecture

We developed the MICC model by integrating multi-phase CT
images with clinical information. To enable a comprehensive
performance evaluation, we also constructed two single-modality
models for comparison: ImageNet and ClinicalNet.

ImageNet was implemented as a binary classi�cation model that
processes RGBA-based CT images of UTUC using the Ef�cientNet-
B3 architecture. This model directly receives multi-phase CT
images as input and outputs a binary classi�cation result, without
the need for additional feature engineering. Ef�cientNet-B3, a state-
of-the-art transfer learning network, effectively balances model
depth, width, and resolution, and has demonstrated superior
performance across a range of transfer learning tasks (20).

For clinical data processing, we intentionally retained all clinical
features without performing explicit feature selection, based on the
following considerations:
1. The sample-to-feature ratio (n/p � 8.4) did not represent a
typical high-dimensional, small-sample scenario;

2. The XGBoost algorithm, employed in ClinicalNet,
inherently addresses feature redundancy via its tree-based
structure and built-in regularization mechanisms;

3. The use of �ve-fold cross-validation contributed to model
robustness and generalizability;

4. Preserving all clinical variables was critical for identifying
potential interactions between clinical and imaging data in
our multimodal fusion framework.
The ClinicalNet model was implemented using XGBoost to
process the complete set of clinical features (21).

Our proposed MICC model integrates both modalities by �rst
extracting features from CT images using Ef�cientNet-B3, which
are then transformed into a feature vector of size 64 via a linear
layer. Simultaneously, clinical features are also processed and
transformed into a feature vector of size 64 using a separate
linear layer. These two feature vectors are concatenated and
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FIGURE 2

CT scan images and their corresponding features extracted for RGBA color. (B) Original arterial phase CT images and (A) arterial phase images
transformed into RGBA (red) through feature extraction. The feature within the green-lined area represents the area of interest in the arterial phase.
(D) Original portal vein phase CT images and (C) RGBA (green) images of the portal vein phase. The feature within the yellow-lined area represents
the area of interest in the portal vein phase. (F) Original delayed phase CT images and (E) RGBA (blue) images of the delayed phase. The feature
within the orange-lined area represents the area of interest in the delayed phase. (G) RGBA image created by the fusion of three phases of CT
contrast images (red, green, and blue) and CT plain scan images (alpha). The area marked with a black line represents normal kidneys, distinguished
by a white overlay of features from all channels. The enlarged section identi�es the tumor region, distinguished by a gray area with central blue-
green bands, which effectively captures the radiological changes across the four phases.
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