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Preoperative clinical radiomics model based ==
on deep learning in prognostic assessment
of patients with gallbladder carcinoma
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Abstract

Objective We aimed to develop a preoperative clinical radiomics survival prediction model based on the radiomics
features via deep learning to provide a reference basis for preoperative assessment and treatment decisions for
patients with gallbladder carcinoma (GBC).

Methods A total of 168 GBC patients who underwent preoperative upper abdominal enhanced CT from one
high-volume medical center between January 2011 to December 2020 were retrospectively analyzed. The region
of interest (ROI) was manually outlined by two physicians using 3D Slicer software to establish a nnU-Net model.
The DeepSurv survival prediction model was developed by combining radiomics features and preoperative clinical
variables.

Results A total of 1502 radiomics features were extracted from the ROI results based on the nnU-Net model and
manual segmentation, and 13 radiomics features were obtained through the 4-step dimensionality reduction
methods, respectively. The C-index and AUC of 1-, 2-, and 3-year survival prediction for the nnU-Net based clinical
radiomics DeepSurv model was higher than clinical and nnU-Net based radiomics DeepSurv models in the training
and testing sets, and close to manual based clinical radiomics DeepSurv model. Delong-test was performed on the
AUC of 1-, 2-, and 3-year survival prediction for the two preoperative clinical radiomics DeepSurv prediction models in
the testing set, and the results showed that the two models had the same prediction efficiency (all P>0.05).

Conclusions By using the DeepSurv model via nnU-Net segmentation, postoperative survival outcomes for
individual gallbladder carcinoma patients could be assessed and stratified, which can provide references for
preoperative diagnosis and treatment decisions.
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Introduction

Gallbladder carcinoma (GBC) is the most prevalent bili-
ary tract malignancy and ranks sixth among all diges-
tive tract malignancies, which is characterized by a low
early diagnosis rate, a high degree of malignancy, and
a poor prognosis [1, 2]. The incidence rate of GBC has
been increasing worldwide in recent years, and it is
(1.00 ~1.30)/100,000 in China [3]. Despite advancements
in diagnosis and treatment, the survival of GBC has
remained stagnant over the last 10 years. Patients with
GBC can benefit from a preoperative evaluation of their
prognosis, which will assist in selecting effective treat-
ment options [4]. There is an urgent need for comprehen-
sive, accurate, and scientific ways to assess and analyze
the prognosis of patients with GBC preoperatively.

Radiomics, gradually being applied to the diagnosis of
the disease and the prognosis assessment of patients with
malignancies, can effectively compensate for the short-
comings of the human eye to identify signs and empiri-
cal judgments from traditional imaging examinations
[5-7]. However, in procedures of radiomics research,
it is a critical step to outline and segment the region of
interest (ROI) with the characteristics of time-consuming
and susceptible. In order to address the limitations of the
manual ROI segmentation approach to optimize the pro-
cedures, Isensee et al. [8] proposed the nnU-Net model,
as a semantic segmentation model of biomedical 3D
images to realize automatic segmentation of ROI, which
can optimize research procedures with the advantages
of convenience, better consistency and efficiency, and
strong generalizability.

Cox proportional hazards deep neural network (Deep-
Surv)is a prognostic model for survival analysis that aims
to investigate the associations between covariates and the
effectiveness of various treatments [9]. Compared to tra-
ditional survival prediction models, DeepSurv can avoid
making overly hypothetical predictions for sample data,
and allow for a more comprehensive use of the clinico-
pathological variables to improve the predictive efficacy.

Nevertheless, there are no reports about Deepsurv pre-
diction models based on preoperative radiomics features
from nnU-Net segmentation and clinical variables for
prognostic assessment in patients with GBC after cura-
tive-intent resection. In this study, we aimed to establish
a preoperative clinical radiomics Deepsurv prediction
model based on the radiomics features via deep learning
to provide a reference basis for preoperative assessment
and treatment decisions.

Methods

Patients and design

The study included all histologically confirmed GBC
patients treated at the First Affiliated Hospital of Xian
Jiaotong University between 2011 and 2020.The inclusion
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criteria were as follows: (1) postoperative pathologi-
cally confirmed GBC; (2) margin status recorded micro-
scopically negative or positive (RO/R1); (3) preoperative
underwent enhanced CT scan of the upper abdomen in-
hospital; (4) data on clinicopathological characteristics
and follow-up were available. The exclusion criteria were
as follows: (1) patients who received neoadjuvant therapy
or other treatments for malignant tumors before surgery;
(2) patients with distant metastases; (3) patients who died
perioperatively (postoperative survival was less than 30
days). In total, 168 patients met the inclusion/exclusion
criteria and were included in the study. Through January
2022, all included patients were evaluated using the 8th
edition AJCC staging system.

Follow-up

For all participants in the study, routine follow-up was
performed in outpatient and telephone settings. During
the first year following surgery, liver function, tumor bio-
markers (CEA, CA19-9, CA125), and ultrasound, con-
trast-enhanced CT or MRI examination were reviewed
every 2-3 months, and over a one-year period, follow-
ups were conducted once every 3—6 months. We calcu-
lated the overall survival (OS) from the date of radical
resection to the date of death or last follow-up of the
patient, as well as clinical evidence of tumor recurrence.
The follow-up ended in January 2022.

Image acquisition

Due to the profile of GBC lesions was susceptible to con-
trast agents during the arterial phase, this study focused
only on the portal vein phase images. Each patient under-
went an abdominal CT enhancement examination within
one month preoperatively. The scanning equipment was
a 256-detector row CT (Philips Healthcare, Netherlands).
CT scan parameters included the following. Tube volt-
age was set at 120 kVp. Tube current was 250 mAs, with
tube current modulation (TCM) activated at a DoseR-
ight Index 23. Slice thickness and reconstruction interval
were both 5.0 mm. Image reconstruction was performed
using iDose 4 at level 3 with a Standard (B) filter. The dis-
play method for image windowing parameters was s con-
figured with a window level of 40 and a window width of
300. The contrast agent used was Iodixanol (Visipaque)
320 mgl/mL, administered at a dose calculated as injec-
tion volume=weight (kg) x (1.2-1.5) mL/kg, with an
injection rate of 2.7-2.8 mL/s. CT scans were performed
in the arterial phase (25-35 s post-injection) and the por-
tal vein phase (65-70 s post-injection) following admin-
istration of the non-ionic contrast agent. The study’s
schematic workflow was presented in Fig. 1.
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Fig. 1 Schematic workflow of the study

Image segmentation and extraction of features

The segmentation process of the region of interest (ROI)
was conducted by two physicians manually (A radiologist
as reader 1 with 5 years of abdominal imaging experience
and a radiologist as reader 2 with 20 years of abdomi-
nal imaging experience reviewed all CT scans to explore
the characteristics of each image.). Specifically, reader 1
used 3D Slicer software version 4.11 (https://www.slicer
.org/) to label the lesion area, and reader 2 reviewed the
segmentation results. Any inconsistent differences were
resolved through consultation.

Subsequently, a nnU-Net (https://github.com/MIC-D
KFZ/nnUNet) ROI segmentation model was developed
based on a training set (N=126) and a testing set (N =42)
in a 7:3 ratio (Baseline characteristics and overall survival
comparison between the training and testing sets shown
in Supplementary Tables 1 and Supplementary Fig. 1).
Then, the model was inferred in the training and testing
sets to obtain the result of automatic ROI segmentation.
Based on these ROI results, the Pyradiomics package
(version 3.0.1) was used to extract the radiomics features,
which included 14 shape features, 18 first-order statis-
tical features, 75 texture features (24 GLCM features,
16 GLSZM features, 16 GLRLM features, 5 NGTDM5,

Importance

SGLDM14) and 1395 higher-order features based on
image filter transformation, for a total of 1502 radiomics
features.

Then significant radiomics features were screened by
4-step dimensionality reduction methods, including vari-
ance method, Pearson analysis, univariate Cox analysis,
and random survival forest. And overall pipeline’s robust-
ness was assessed by 5-fold cross-validation, and the
predictive performance of the segmentation models was
assessed by the Dice similarity coefficient and intraclass
correlation coefficient (ICC) [10]. The ICC was calculated
to assess the consistency between manual and segmen-
tation model-based ROIL Specifically, a two-way ran-
dom effects model was used to compute the ICC for the
radiomics features extracted from the two ROI delinea-
tion methods. The ICC calculation was performed using
R version 4.1.1 with the irr package (version 0.84.1). An
ICC>0.75 indicated a satisfactory agreement and gener-
alization ability was evaluated by 5-fold cross-validation.

Deepsurv prediction model development and assessment

DeepSurv was established by Python version 3.7.10, the
TensorFlow version 1.15.5 deep learning framework, and
the TFDeepsurv toolkit version 2.1.0. After adjusting the


https://www.slicer.org/
https://www.slicer.org/
https://github.com/MIC-DKFZ/nnUNet
https://github.com/MIC-DKFZ/nnUNet

Jin et al. BMC Cancer (2025) 25:341

hyperparameters according to the training curves, and
determining the interval range of each hyperparameter,
Bayesian optimization was used as the search strategy for
the hyperparameters. The number of search rounds was
3000, and the model was iterated 2000 epochs at each
search to determine the regionally optimal solution for
each hyperparameter. The predictive ability of the sur-
vival prediction model was assessed using C-index, ROC
curves and Delong-test, respectively. In addition, the
mean and standard deviation of the C-index and the area
under the ROC curves (AUC) were estimated through
bootstrap. The code was available for use at https://githu
b.com/chickenburge/GBC-prognostic-assessment.

Statistical analysis

All statistical analyses were performed using SPSS ver-
sion 25, R version 4.1.1, scikit-learn tool library version
0.24.2 of Python version 3.7.10. Normally distributed
measurement data were expressed as mean +* standard
deviation. The differences between groups were evalu-
ated using Student’s t-test (two-sided). Data with skewed
distributions were expressed as medians (ranges), and
Mann-Whitney tests were conducted to determine
the differences. Analyses of categorical variables were

Manual
Segmentation

Automatic
Segmentation
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conducted using the x* test. Survival analysis was con-
ducted using the Kaplan-Meier method and the Log-rank
test. Variables with P<0.05 were considered statistically
significant.

Results

CT segmentation model of the portal phase of GBC

A 5-fold cross-validation was conducted for the 3D nnU-
Net full-resolution segmentation model (with a high
image resolution) in the training set, with 1000 epochs of
iteration in each fold. Based on the decreasing trend of
the loss function curves in red in the training set and the
loss function curves in blue in the testing set, indicated
that the five segmentation models fit well (Supplemen-
tary Fig. 2).

The Dice similarity coefficients for ROI of manual
segmentation and nnU-Net model segmentation were
(0.92+0.08) and (0.74+0.15) in the training and testing
sets, respectively. The results of the Dice similarity coef-
ficient analysis and the legend of the ROI segmentation
results (Fig. 2) indicated that the predictive performance
of the portal vein phase segmentation for GBC was sat-
isfactory, which could meet the requirements of subse-
quent radiomics and survival prediction research.

Overlap of Manual and
Automatic Segmentation

Fig. 2 Comparison of the results of nnU-Net and manual segmentation methods in 3 different patients
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Extraction and screening of radiomics features

1502 radiomics features were extracted from the ROI of
manual and nnU-Net segmentation, respectively. Consis-
tency analysis was performed on the extracted radiomics
features from both methods, and the median ICC value
of all features was calculated to be 0.87 (IQR:0.47, 0.94).

In the nnU-Net model segmentation, 13 radiomics fea-
tures were obtained by a 4-step dimensionality reduc-
tion method. The 13 radiomics features include 3 shape
features and 10 higher-order features, and the final
radiomics feature screening results based on the random
forest model are shown in Table 1, the features are listed
in descending order of importance, the most impor-
tant omics feature is original_shape_MinorAxisLength,
the importance is 0.01140, and the least important fea-
ture is logarithm_firstorder_Kurtosis. The importance is
-0.00339.

In the manual segmentation, 13 radiomics features
were also obtained through the 4-step dimensionality
reduction methods. The 13 radiomics features included
2 shape features and 11 higher-order features, and the
final radiomics features screening results were shown in
Table 1.
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Construction of survival prediction models

Based on the above results, we developed four Deepsurv
prediction models including clinical model, radiomics
model and two clinical radiomics models established
based on the 10 preoperative clinical variables and 13
radiomics features from the nnU-Net model and manual
segmentation, respectively.

3000 rounds of the hyperparametric search were
conducted by a Bayesian optimized parametric search
strategy. The specific hyperparameters of the different
Deepsurv prediction models are shown in Supplemen-
tary Table 2. The C-index and its 5-fold cross validation
(Supplementary Tables 3 and Supplementary Table 4),
the AUC of 1-, 2-, and 3-year survival prediction for the
nnU-Net based clinical radiomics model were higher
than clinical and nnU-Net based radiomics prediction
models in the training and testing sets, and close to man-
ual based clinical radiomics model (Fig. 3; Table 2).

The Delong-test was conducted to compare statisti-
cal differences of the AUC of 1-year, 2-year and 3-year
survival prediction for the two preoperative clinical
radiomics DeepSurv prediction models via nnU-Net
model and manual segmentation in the testing set. The
results showed that the Z-values of the AUC of 1-, 2-, and
3-year survival prediction between the two models were
1.53, 1.42 and 0.49, respectively (all P>0.05). The results

Table 1 Screening results and importance degree of radiomics features

Image segmentation methods Radiomics features

Importance degree

nnU-Net segmentation

original_shape_Maximum2DDiameterSlice
gradient_glrim_RunLengthNonUniformity
wavelet-HLL_firstorder_Skewness
gradient_firstorder_TotalEnergy
original_shape_Maximum3DDiameter
log-sigma-3-0-mm-3D_gldm_LargeDependencelowGraylLevelEmphasis
log-sigma-3-0-mm-3D_ngtdm_Busyness
wavelet-LHL_glszm_SizeZoneNonUniformity
wavelet-HLH_glszm_SizeZoneNonUniformity
wavelet-LHH_gldm_LargeDependencelLowGrayLevelEmphasis
wavelet-HHH_glrlm_LongRunEmphasis
logarithm_firstorder_Kurtosis
log-sigma-3-0-mm-3D_glszm_LargeAreaHighGraylLevelEmphasis
square_firstorder_TotalEnergy

wavelet-HLL_firstorder_Kurtosis

gradient_glszm_ZoneVariance

Manual segmentation

original_shape_Maximum2DDiameterRow
original_shape_Maximum3DDiameter

wavelet-LLL_firstorder_Minimum
log-sigma-3-0-mm-3D_firstorder_Kurtosis
wavelet-HLL_firstorder_Skewness
log-sigma-3-0-mm-3D_gldm_LargeDependencelowGraylevelEmphasis
wavelet-HLH_glszm_GrayLevelNonUniformity
gradient_firstorder_Skewness
wavelet-HLL_glszm_GrayLevelNonUniformity

original_shape_MinorAxisLength

0.01140
0.00917
0.00831
0.00763
0.00615
0.00484
0.00354
0.00299
0.00039
-0.00161
-0.00169
-0.00329
-0.00339
0.01954
0.01162
0.00571
0.00533
0.00505
0.00338
0.00234
0.00019
0.00013
-0.00113
-0.00136
-0.00161
-0.00299
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Fig. 3 Receiver operating characteristic curves for different survival prediction models predicting overall survival at 1-, 2- and 3-year. (A-C). nnU-Net
based clinical radiomics Deepsurv model; (D-F). Manual based clinical radiomics Deepsurv model; (H-J) Clinical Deepsurv model; (K-M). nnU-Net based

radiomics Deepsurv model

showed that the DeepSurv prediction models based on
nnU-Net and manual segmentation had the same predic-
tion efficiency.

Predictive value of radiomics features and preoperative
clinical features
In order to validate the predictive value of preoperative
clinical and radiomics features on individual patient sur-
vival, four patients with close preoperative clinical vari-
ables were selected in the testing set (Table 3).

The Clinical Deepsurv model relies on preoperative
clinical variables (including age, gender, total biliru-
bin levels, tumor marker levels, Gallstones, lymph node

status, liver invasion, and other organ invasion in Sup-
plementary Table 1) to predict postoperative survival
probability over time. Due to the similarity in the clini-
cal pathological features of four patients (Table 3), the
survival curves predicted by the model for these four
patients are overlapping, resulting in a single combined
survival curve (Fig. 4A).

The nnU-Net based radiomics Deepsurv model pre-
dicts survival based on 13 radiomics features extracted
from preoperative portal vein phase images. The model
produces two overlapping survival curves for the four
patients (one for Patient A, and another for Patients B, C,
and D) (Fig. 4B), indicating that it performs better than
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Table 3 Clinicopathological features of four patients
Patient A Patient B Patient C Patient D

Preoperative variables

Age (year) 66 76 68 76

Gender Male Male Female Male

TBIL (umol/L) 11.20 1240 16.70 13.10

CEA (ng/ml) 0.20 211 233 1.18

CA19-9 (U/ml) 4.00 1648 4893 7.00

CA-125 (U/ml) 7.62 14.90 720 15.26

Gallstones No No No Yes

Image lymph node status No No No No

Image liver invasion No No No No

Image other organs invasion No No No No
Postoperative pathological examination

AJCC 8th edition T stage 3 3 3 3

AJCC 8th edition N stage 0 2 0 1

Margin status RO RO RO RO

Tumor differentiation Poor Moderate Moderate Poor

Histopathological classification Adenocarcinoma Adenocarcinoma Adenocarcinoma Adenocarcinoma
Survival status death death death death
Overall survival (month) 9 23 31 31

(A) Survival Curve (B) Survival Curve (C) Survival Curve
10 PatientA 10 PatientA 10 PatientA
PatientB — PatientB —— PatientB —
09 PatientC — | o8 PatientC — | o8 PatientC —
PatientD — PatientD — PatientD —

08 06

a 04

06
02
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00

06

04

02

00
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©
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Fig. 4 Survival curves of different survival prediction models for postoperative survival prediction in four patients. (A). Clinical Deepsurv model; (B). nnU-
Net based radiomics Deepsurv model; (C). nnU-Net based clinical radiomics Deepsurv model

via the nnU-Net deep neural network for the portal vein
phase. The mean Dice similarity coefficient of the nnU-
Net segmentation model was (0.74+0.15) in the testing
set, which indicated the model was with a satisfactory
performance. Delong-test showed that the prediction
performance of the ROI results segmented via the nnU-
Net model was close to manual segmentation. Shu et al.
[16] developed 2 segmentation models for pituitary ade-
nomas in MRI T1-weighted phase images via the nnU-
Net model, and the Dice similarity coefficients were both
higher than 0.80. Song et al. [17] also achieved a Dice
similarity coefficient of 0.82 based on the nnU-Net seg-
mentation model for lung nodules. However, a colorec-
tal tumor segmentation model via the nnU-Net model
with the Dice similarity coefficient of 0.74 was close to
the results of our study [18]. Cavity organ tumors always
have irregular shapes and are more difficult to segment
than solid organ tumors, which increases the limitations
and difficulty of segmenting. Therefore, a supplemental
sample size will be required to examine the advantages

and disadvantages of different deep learning segmenta-
tion models.

13 radiomics features after 4-step dimensionality
reduction methods were obtained by screening from
1502 radiomics features in the study, including three
shape features, namely the short-axis length, maximum
two-dimensional diameter (cross-section), and maxi-
mum three-dimensional diameter of the ROI, which
prompted the potential information including the tumor
shape, tumor size and the extent invasion of surrounding
organs of the lesion. The other 10 higher-order features
were mostly textural features based on images derived
under different filters, which were difficult to interpret
their physical meaning through conventional experi-
ence. Kuess et al. [19] found that the textural features of
the MRI images correlated with the pathological nature
of the prostate carcinoma lesions from 25 patients.
Aydos et al. [20] also analyzed the correlation between
PET-CT images and tumor histopathological findings in
90 patients of non-small cell lung cancer, and it found
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that textural features correlated with tumor tissue type,
degree of tumor differentiation and degree of tissue
necrosis, and could predict tumor type and mediastinum
lymph node metastasis. Gupta et al. [21] found a correla-
tion between the medium texture scale and tumor patho-
logical differentiation in patients with GBC, providing a
new direction on tumor differentiation for preoperative
assessment. Therefore, preoperative radiomics features
can supplement potential pathological and prognostic
information.

At present, there is a paucity of research on the prog-
nostic assessment for GBC based on radiomics. Liu et
al. [22] established a nomogram prediction model based
on clinicopathological and radiomic feature with a 1-,
3-year AUC of 0.73 for postoperative survival prediction.
In contrast, our study achieved AUCs of 0.82+0.05 and
0.77 £0.07 for 1-year and 3-year postoperative survival
predictions, respectively, and a C-index of 0.74+0.05,
in the test set (Table 2). The survival prediction model
based on deep learning in our study outperforms previ-
ous traditional machine learning methods and can fulfill
more individualized survival predictions. Meng et al. [23]
integrated preoperative contrast-enhanced CT with pre-
operative and postoperative clinicopathological informa-
tion to develop a Deep Learning Radiomic Nomogram
incorporating clinical, radiomics, and deep learning sig-
natures, achieving a C-index of 0.736. In this study, com-
parable predictive performance was achieved using only
preoperative information from patients. The sample size
remains a major limitation in deep learning research.
In future studies with larger sample sizes, research
approaches leveraging deep learning features hold sig-
nificant promise. Moreover, Xiang et al. [24] developed a
nomogram prediction model based on radiomics signa-
ture, pathological T stage, N stage and tumor differentia-
tion grade for the assessment of postoperative recurrence
of GBC, which has limited value for clinical treatment
decisions preoperatively despite its good predictive
ability.

Compared to reported studies on GBC survival predic-
tion based on radiomics, we developed a nnU-Net seg-
mentation model and Deepsurv prediction model based
on the portal vein phase CT images, more convincing
and innovative, and the C-index of the nnU-Net based
clinical radiomics model was higher than clinical and
radiomics prediction models in the training and testing
sets, and close to manual based clinical radiomics model,
with the best prognostic assessment ability. By compar-
ing four patients with similar preoperative clinical vari-
ables, we found that the prognosis of the patients was still
different owing to pathological features such as N stage
and tumor differentiation variations (Table 3). We found
that the preoperative nnU-Net based clinical radiomics
model could assess and stratify postoperative survival

Page 9 of 10

outcomes for individual patient, but the preoperative
clinical Deepsurv prediction model was unable to distin-
guish prognosis for different patient in the study cohort.
Therefore, when radiomics features were added to the
clinical radiomics model, the prediction ability of the
clinical radiomics model was correspondingly improved
to discriminate prognosis for individual patient.

There were several limitations in our study. It was a
single-center retrospective study with a small sample
that would need to be validated with a prospective study.
Furthermore, we chose only portal vein phase images
for analysis in this study, and we were unable to com-
bine arterial phase images with portal vein phase images.
Additionally, it still needs to be further explored the pre-
dictive ability of clinical radiomics survival models based
on different machine learning algorithms to provide deci-
sion support for the clinical diagnosis and treatment of
GBC by a multicenter, prospective, and large-scale study.

Conclusion

In summary, this study confirmed that the preopera-
tive nnU-Net based clinical radiomics DeepSurv model
for GBC performed better than both the preoperative
clinical and the radiomics DeepSurv prediction models,
which has a certain survival predictive value for GBC
patients after radical resection and provides a reference
for preoperative diagnosis and treatment decisions.
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