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Abstract

Background To explore the value of a multiparametric magnetic resonance imaging (MRI)-based deep learning
model for the preoperative prediction of Ki67 expression in prostate cancer (PCa).

Materials The data of 229 patients with PCa from two centers were retrospectively analyzed and divided into train-
ing, internal validation, and external validation sets. Deep learning features were extracted and selected from each
patient’s prostate multiparametric MRI (diffusion-weighted imaging, T2-weighted imaging, and contrast-enhanced
T1-weighted imaging sequences) data to establish a deep radiomic signature and construct models for the preopera-
tive prediction of Ki6/ expression. Independent predictive risk factors were identified and incorporated into a clinical
model, and the clinical and deep learning models were combined to obtain a joint model. The predictive perfor-
mance of multiple deep-learning models was then evaluated.

Results Seven prediction models were constructed: one clinical model, three deep learning models (the DLRS-
Resnet, DLRS-Inception, and DLRS-Densenet models), and three joint models (the Nomogram-Resnet, Nomogram-
Inception, and Nomogram-Densenet models). The areas under the curve (AUCs) of the clinical model in the testing,
internal validation, and external validation sets were 0.794,0.711, and 0.75, respectively. The AUCs of the deep models
and joint models ranged from 0.939 to 0.993. The Del.ong test revealed that the predictive performance of the deep
learning models and the joint models was superior to that of the clinical model (p <0.01). The predictive performance
of the DLRS-Resnet model was inferior to that of the Nomogram-Resnet model (p <0.01), whereas the predictive per-
formance of the remaining deep learning models and joint models did not differ significantly.

Conclusion The multiple easy-to-use deep learning—based models for predicting Ki67 expression in PCa developed
in this study can help physicians obtain more detailed prognostic data before a patient undergoes surgery.
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Background
Prostate cancer (PCa) is the most common malignancy
and is responsible for the second-highest rate of can-
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preoperative assessment of PCa can help physicians for-
mulate personalized treatment and follow-up plans and
is beneficial to patients’ long-term prognoses.

Ki67 is a marker gene of tumor cell proliferation and is
involved in cell anabolism. It is expressed throughout the
cell cycle, except for the GO phase. High Ki67 expression
implies active cell proliferation; the Ki67 index can reflect
the proliferation capacity of tumor cells [6, 7]. High Ki67
expression in PCa is a poor prognostic factor and is cor-
related with overall survival, disease-free survival, and
distant metastasis [8, 9]. The existing methods for detect-
ing Ki67 expression levels are invasive, complex, barely
reproducible, and susceptible to subjective influence [10,
11]. Therefore, researchers must develop noninvasive,
simple, and reproducible methods for detecting Ki67
expression in patients with PCa. The results of the pre-
sent study may facilitate the formulation of more precise
treatment plans for patients with PCa.

As the core of artificial intelligence, deep learning algo-
rithms have achieved amazing accuracy in image rec-
ognition and object detection in recent years [12, 13].
Convolutional neural networks (CNNSs), a representative
class of deep learning algorithms which comprise convo-
lutional, pooling, excitation, and fully connected layers,
have been applied extensively in radiomics. Models con-
structed using CNNs can automatically learn to extract
and select image features used to make predictions; such
models facilitate deep mining of image information [14]
and have extensive application prospects.

Regarding noninvasive preoperative prediction of Ki67
expression in PCa, Zhang et al. [15] used quantitative
parameters of dynamic contrast-enhanced (DCE) MRI to
preoperatively predict Ki67 expression. Among the quan-
titative parameters examined therein, K" achieved the
highest predictive performance with an AUC value of
0.826, whereas K yielded an AUC of 0.784. Fan et al.
[10] used three MRI sequences (T2-weighted imaging
[T2W1I], diffusion-weighted imaging [DWI], and DCE
MRI) to construct various radiomics prediction mod-
els to predict Ki67 expression in PCa. The random for-
est model achieved the highest performance. The models
developed in the aforementioned studies used quantita-
tive parameters of functional MRI or handcrafted radi-
omics to predict Ki67 expression in PCa; however, these
models were not subjected to external validation, and
their stability and reliability therefore remain questiona-
ble. To date, no studies have evaluated the use of multiple
deep learning models for the prediction of Ki67 expres-
sion. Therefore, in the present study, three CNN-based
deep learning models (Resnetl01, Inception_v3, and
Densenet121) for preoperatively predicting Ki67 expres-
sion in PCa were constructed. The models were validated
using internal and external data sets and may therefore
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serve as reliable tools in the development of personalized
preoperative treatment plans.

Methods

Patients

This study was conducted in accordance with the Dec-
laration of Helsinki in 1964 and approved by the Insti-
tutional Review Board (IRB) of Tongde Hospital of
Zhejiang Province (2022-234 K) and Shanghai Putuo Dis-
trict People’s Hospital (2022-7). The need for informed
consent for this retrospective study was waived. The data
of 229 patients with PCa confirmed by pathology reports
from January 2019 to December 2021 at two cent-
ers were collected. The patients were aged 44—94 years
(mean: 75.5+ 8.1 years). All the patients underwent regu-
lar T2WI, DWI, and enhanced MRI examinations. The
inclusion criteria were as follows: (1) All patients’” MRI
examinations were performed prior to puncture biopsy
and surgery; (2) complete clinicopathological data; and
(3) no antitumor treatment before the MRI examination.
The exclusion criteria were as follows: (1) incomplete
imaging and clinical data and (2) poor image quality that
would hinder image analysis.(Fig. 1).

Image analysis

All the patients received 3.0T MRI (Verio, Siemens, Ger-
many) or 1.5T MRI (Avanto, Siemens, Germany) scan-
ning equipped with 8-channel abdominal coil. Automatic
gradient shimming was used to bias field correction. The
selected sequences including axial T2WI, DWI, and con-
trast-enhanced T1WI (CE- T1). MRI scanning param-
eters were summarized in Table 1. The patients’ clinical
and pathological data were recorded. Age, tumor location
(peripheral, transitional zone or both involvement), long
diameter (LD), short diameter (SD), ADC values, total
prostate specific antigen (TPSA), free prostate specific
antigen (FPSA), MRI-based TN staging (mrTN), M stage
was assessed based on radiological (including X-ray plain
film, CT, MRI and/or Emission CT bone scan) examina-
tion (rM), Ki67 expression, capsule invasion (CI), semi-
nal vesicle invasion (SVI) and enhance mode (EMode).
The cutoff value for Ki67 expression was set to 10%, and
the patients were divided into a low-expression group
(<10%) and high-expression group (>10%) accordingly.

Deep learning process

Step 1 (Preparing the data sets): Python 3.9 (https://www.
python.org/) and PyCharm Community Edition (https://
pytorch.org/) were used for data processing. The pros-
tate MRI images from the 229 patients included in the
data set comprised three MRI sequences (T2W1I1, DWTI,
and T1C). A total of 687 images in JPG format were pro-
cessed. The regions of interest (ROI) of the lesions with
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Fig. 1 Flow diagram of enrolled patients in this study

Table 1 MRI scanning parameters in two centers

Sequence Parameters Siemens 3.0T Siemens 1.5T
T2WI TR/TE,ms 4000/97 4120/97
FOV.mm 200%200 200%200
Thicknessmm 30 30
Matrix 426*256 460*512
DWI b value 0,800,1500 0,1000
TR/TE,ms 9700/93 3439/95
FOV.mm 256%256 250%250
Thicknessmm 30 30
Matrix 213*106 144*192
CE-T1 TR/TE,ms 5117 7.64/2.77
FOV,mm 256*256 234*250
Thickness,mm 3.0 3.0
Matrix 426*256 180*256

the maximum cross-sectional image of prostate cancer
lesions were selected and manually cut close to the edge
of the prostate gland on each image into a 256 X 256 size
as jpg format by an abdominal radiologist (10 years of
experience) and confirmed by the pathologist (15 years
of experience) based on the pathological results. Subse-
quently, the outlined images were confirmed by another
abdominal radiologist with 20 years of experience. If
their opinions conflicted, the conflicts were resolved

Incomplete pathological or
imaging data
(n1=158,n2=79)

Poor image quality
(n1=10, n2=4)
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through discussion until a consensus was reached. All the
images were converted into jpg format and were resized
to 256 x256. To avoid data heterogeneity, all the images
were normalized by the normalize [transforms. Normal-
ize (mean, std)] function: x= (x - mean)/std. The data
from Center 1 were divided into training and testing sets
in a ratio of 7:3. The models were constructed using the
training set and tested on the testing set and external
data (Fig. 2).

Step 2 (Constructing the CNN): First, three models
were constructed using different deep-learning neu-
ral network architectures (ResnetlOl, Inception_v3,
and Densenet121). The details of three CNN models in
present study are summarized as follow: (1) Resnet101
residual network structure: First 7X7X64 convolution
is carried out, followed by 33 (3+4+23+3) building
blocks. Each block includes 3 layers, so the blocks alto-
gether contain 99 (33 3) layers. With the last FC layer
(fully connected layer) included, the network finally
comprises a total of 101 (1+99+1) layers. The 101-layer
network only refers to the convolution layer or the full
connection layer, however the second-activation layer
or Pooling layer is not included. (2) DenseNet121 dense
convolutional network structure: The DenseNet net-
work structure mainly consists of three core structures,
namely, DenseLayer (the most basic atomic unit of the
model, which provides the initial feature extraction),
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Fig. 2 Flowchart of the study. First, model construction: Independent predictive factors of Ki67 expression in PCa were identified and incorporated
into the clinical model. Three deep learning models were constructed based on different deep-learning neural network architectures (Resnet101,
Inception_v3, and Densenet121), then deep learning signatures were calculated accordingly. Then the three deep learning models were combined
with the selected clinical features (mrT and ADC values) to create three nomograms. Second, model evaluation: the ROC curves, nomogram plots,

and calibration curves were used for model evaluation

DenseBlock (the basic unit of the model’s dense connec-
tion) and Transition (the transition unit among different
dense connections for convolutional and pooling lay-
ers, which is used to integrate the learned features and
reduce the size of the feature map). The model can be
built through splicing and layer classification of the above
structures. The DenseBlock of DenseNet-121 containing
six BottleNecks that are linked in series passes through
the convolutional layer and the pooling layer, and then
allows for output at the fully connected layer. (3) Incep-
tionV3 network structure: Inception-v3 model consists of
46 layers in total and 11 Inception modules, which inte-
grates different convolutional layers in parallel, mainly by
input matrix, intermediate structure and output matrix.
The prostate MRI data were input into the models. The
input data first passed through the convolution layer, in
which parameters such as the numbers of input chan-
nels (In channel) and output channels (Out channel),
convolution kernel size, and convolution stride were
set. The data then passed through the max-pooling
layer. The data repeatedly passed through the convolu-
tion layer and max-pooling layer before being subjected
to dimensionality reduction and flattening. The deep
learning features were extracted from the last fully con-
nected layer. Preliminary screening of the deep learning
features was performed using the minimum redundancy
maximum correlation (mRMR) method; thereafter, the

least absolute shrinkage and selection operator (LASSO)
method with 10-fold cross-validation, was used to fur-
ther reduce the dimensions and select the strongest rel-
evant features to construct a model.

Step 3 (Training and testing): First, the parameters (i.e.,
number of iterations and rounds) for CNN training were
set. Second, the loss function and optimizer model were
defined. Finally, the test data set was input into the CNN
model for testing, and evaluation indicators such as sen-
sitivity, specificity, and accuracy were calculated.

Statistical analysis

Statistical analysis was performed using R software ver-
sion 3.6.1 (R Core Team [2019],http:www.r-project.rog).
Normally distributed continuous variables are herein
presented as means +standard deviations, and categori-
cal variables are presented as frequencies and percent-
ages. A ¢ test and rank-sum test were used to analyze
data with and without normal distributions, respec-
tively; a chi-square test was used to analyze count data.
Univariate and multivariate analyses were performed on
the clinical variables in the training set, and independent
predictors were selected and incorporated into a clinical
model. Receiver operating characteristic (ROC) curves
were used to evaluate the predictive performance of the
models. The DeLong test was used to perform pairwise
comparisons of the ROC curves of each model. The
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Table 2 Comparison of Clinical and imaging features with different Ki67 status in three sets

ATrain B Invad C Exvad
Ki67(low) Ki67(high) p.overall Ki67(low) Ki67(high) p.overall Ki67(low) Ki67(high) p.overall
N=94 N=31 N=35 N=19 N=31 N=19
Age 76.0[72.0,82.0] 74.01[67.582.0] 0.386 77.0[69.0,81.0] 76.0[68.0;,83.5] 0.863 73.0[69.0;78.5] 76.0[71.580.0] 0.280
mrT <0.001 0.069 0614
| (45 7%) 3(9.68%) 16 (45.7%) 3(15.8%) 5 (48.4%) 6 (31.6%)
Il 1 (33.0%) 9 (29.0%) 12 (34.3%) 7 (36.8%) 10 (32.3%) 9 (47 .4%)
Il 1(11.7%) 8(25.8%) 5(14.3%) 5(26.3%) 5(16.1%) 3(15.8%)
[\ 9(9.57%) 11 (35.5%) 2 (5.71%) 4(21.1%) 1 (3.23%) 1 (5.26%)
mrN 0.026 0.087 0.273
No 80 (85.1%) 20 (64.5%) 30 (85.7%) 12 (63.2%) 27 (87.1%) 14 (73.7%)
Yes 14 (14.9%) 11 (35.5%) 5(14.3%) 7 (36.8%) 4 (12.9%) 5 (26.3%)
™ 0.006 0.169 0.549
No 83 (88.3%) 20 (64.5%) 33 (94.3%) 15 (78.9%) 30 (96.8%) 17 (89.5%)
Yes 11 (11.7%) 11 (35.5%) 2 (5.71%) 4(21.1%) 1(3.23%) 2(10.5%)
Svi 0.877 0.297 1.000
No 76 (80.9%) 24(77.4%) 30 (85.7%) 14 (73.7%) 28 (90.3%) 17 (89.5%)
Yes 18 (19.1%) 7 (22.6%) 5(14.3%) 5(26.3%) 3(9.68%) 2 (10.5%)
@ 0.005 0.364 0.011
No 44 (46.8%) 5(16.1%) 15 (42.9%) 5(26.3%) 21 (67.7%) 5(26.3%)
Yes 50 (53.2%) 26 (83.9%) 20 (57.1%) 14 (73.7%) 10 (32.3%) 14 (73.7%)
TPSA 14.0[9.64,31.1] 4141[23.3;100] <0.001 13.9[8.60,234] 32.0[15.7,100] 0.005 14.9[8.82,46.7] 27.3[12.945.1] 0484
FPSA 1.77[1.03;3.84] 6.78[2.6830.0] <0.001 1.10[0.77,2.75] 3.96[2.17,12.8] 0.001 1.67[0.86;448] 243[1.11,522] 0.660
Location: 0.005 0213 0.458
A 46 (48.9%) 10 (32.3%) 13 (37.1%) 3(15.8%) 9 (29.0%) 4(21.1%)
B 20 (21.3%) 2 (6.45%) 8(22.9%) 4(21.1%) 10 (32.3%) 4(21.1%)
C 28 (29.8%) 19 (61.3%) 14 (40.0%) 12 (63.2%) 12 (38.7%) 11(57.9%)
LD 17.3[11.8,22.2] 27.0[20.7,39.7] <0.001 154[12.1;,262]  23.7[14.8309] 0.150 16.1[104;26.0] 22.1[19.627.6] 0.084
SD 11.6[7.88,15.7] 19.2[14.1,239] <0.001 109[7.50;13.9] 14.7[10.1,21.0] 0.025 10.3[6.80;164] 13.8[11.4,19.6] 0.101
Number: 0.639 0.194 0.759
U 46 (48.9%) 13 (41.9%) 18 (51.4%) 14 (73.7%) 19 (61.3%) 10 (52.6%)
M 48 (51.1%) 18 (58.1%) 17 (48.6%) 5(26.3%) 12 (38.7%) 9 (47.4%)
ADC 580 [509;695]  521[495;580] 0.007 578[500,694]  557[504;632] 0.556 650 [600;747] 583 [537,626] 0.002
EMode: 0514 1.000 0457
\ 1 (1.06%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%) 0 (0.00%)
I 34 (36.2%) 8 (25.8%) 13 (37.1%) 7 (36.8%) 7 (22.6%) 5(26.3%)
11l 47 (50.0%) 16 (51.6%) 11 (31.4%) 6 (31.6%) 12 (38.7%) 10 (52.6%)
v 2(12.8%) 7 (22.6%) 11 (31.4%) 6 (31.6%) 12 (38.7%) 4(21.1%)
DLRS-Resnet -4.18 [-6.12;- 3.25[0.74;4.23] <0.001 -394 [-5.77;- 2.15[0.34;3.28] <0.001 -4.38 [-5.83;- 2.88[1.53,467] <0.001
2.37] 2.58] 1.85]
DLRS-Inception -3.46 [-5.00;- 1.60 <0.001 -3.77 [-5.39;- 296 [1.07,3.63] <0.001 -3.57 [-544;- 1.60[1.01;2.48] <0.001
1.99] [-0.16;3.14] 2.65] 2.18]
DLRS- -4.60 [-6.60;- 233[0.894.27] <0.001 -4.68 [-5.87;- 3.13[2.14,599] <0.001 -4.80[-7.38;- 2.18[0484.51] <0.001
Densenet 2.66] 2.47] 2.71]

mrTN MRI-based TN staging, rM M stage based on radiological examination, Location A= peripheral, B=transitional zone, C=both involvement, LD Long diameter,
SD Short diameter, Cl Capsule invasion, TPSA Total prostate specific antigen, FPSA Free prostate specific antigen, EMode | =no enhancement; Il = progressive
enhancement; lll =fast-in and fast-out enhancement; IV: fast-in and slow-out enhancement pattern
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calibration curve was used to test the degree of model
calibration, and the decision curve was used to analyze
the net clinical benefit of each model. All the p values
were two-tailed, and statistical significance was defined
as a p value of <0.05.

Results

Patient clinical features

A total of 229 patients were pathologically confirmed
PCa. Among them, 214 patients underwent prostate can-
cer puncture biopsy, and 15 patients underwent radical
prostatectomy. Of the patients in the training, internal
validation, and external validation sets, 31 (24.8%) and
19 (35.2%), and 19 (38%), respectively, had high Ki67
expression. In the training set, age, number of lesions and
EMode had no statistical difference (P> 0.05), while mrT,
mrN, mrM, TPSA, Location, LD, SD and ADC values
of the high- and low-expression groups differed signifi-
cantly (p<0.05). A comparison of the clinical features of
the patients in the training, internal validation, and exter-
nal validation sets is presented in Table 2. According to
European Association of Urology-European Association
of Nuclear Medicine-European Society for Radiotherapy
and Oncology-European Society of Urogenital Radiol-
ogy-International Society of Geriatric Oncology (EAU-
EANM-ESTRO-ESUR-SIOG) guidelines on prostate
cancer, Gleason score of 7 was used as the critical value
to divide patients into low-risk (<7) and high-risk (>7)
groups [16]. There were 65 cases of low-risk and 164
cases of high-risk in this study.

Construction and predictive performance of clinical model
In this study, K167 expression level was considered as the
dependent variable, fourteen Clinical and MRI indicators
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(including Age, mrT, mrN, rM, SVI, CI, TPSA, FPSA,
Location, LD, SD, Number of lesions, ADC and EMode)
of prostate diseases as independent variables. All the
variables of interest were included in univariate and mul-
tivariate logistic regressions. Among the variables, mrT
(OR=0.91, P=0.038) and ADC (OR=0.99, P=0.04)
were identified as independent predictive factors of Ki67
expression in PCa and were incorporated into the clinical
model (Fig. 3). The AUCs of the clinical model in predict-
ing Ki67 expression in PCa were 0.794, 0.711, and 0.75 in
the training, internal validation, and external validation
sets, respectively.

Predictive performance of deep learning models

The three models constructed in the present study
(Resnet101, Inception_v3, and Densenetl121) extracted
6144, 6144, and 3000 deep learning features, respec-
tively. To avoid model overfitting due to feature redun-
dancy, mRMR and Lasso regression were performed to
filter out all the features with a high degree of multicol-
linearity. Finally, 43 (T2WI:17 » DWI:13,CE-T1WI:13),
39 (T2WIL:15 » DWI:11,CE-T1WIL:12), and 78 (T2W1:30
» DWIL:22,CE-T1W1:26) features related to Ki67 expres-
sion were selected from among the features extracted
by the ResnetlOl, Inception_v3, and Densenetl21
models, respectively. Three deep learning image tag-
ging models (the DLRS-Resnet, DLRS-Inception, and
DLRS-Densenet models) were constructed using the Cox
proportional-hazards model. According to the Youden’s
index values in the training set, the optimal cutoff val-
ues for the DLRS models were determined to be 0.272,
0.192, and 0.285, respectively. In the training, internal
validation, and external validation sets, the DLRS of the
high- and low-expression groups differed significantly

Subgroup OR.Univariable. Unit.P.value OR.Multivariable. Mult.P.value Univariable Multivariable
Age (cont. var.) 0.98 (0.93,1.03) 0.429 NA NA 0 b 0 b
mrT (cont. var.) 2.48 (1.63,3.78) <0.001 2.91 (1.06,8.01) 0.038** o ot
mrN: 1 vs 0 3.14 (1.24,7.96) 0.016 1.15 (0.3,4.47) 0.839 : 3 : !
mrM: 1 vs 0 4.15 (1.58,10.92) 0.004 0.26 (0.03,2.28) 0.223 )l ol
SVI: 1vs 0 1.23 (0.46,3.3) 0.679 NA NA 1+ o
Cl:1vs0 4.58 (1.62,12.94) 0.004 0.5 (0.1,2.44) 0.394 : :
TPSA (cont.var)  1.02(1.01,1.03) 0.002 0.9956 (0.9844,1.0068) 0.438 B B
FPSA (cont.var)  1.08 (1.04,1.13) <0.001 1.04 (0.98,1.11) 0.199 0 B B
Location (cont. var.) 1.83 (1.14,2.93) 0.012 0.61(0.31,1.21) 0.155 o 1
LD (cont. var.) 1.09 (1.05,1.13) <0.001 1.07 (0.97,1.18) 0.173 : :
SD (cont. var.) 1.12 (1.06,1.19) <0.001 1.01 (0.89,1.15) 0.841 B , B
Number: 1 vs 0 1.33 (0.58,3.01) 0.499 NA NA 1 o
ADC (cont. var.) 0.995 (0.9913,0.9987) 0.008 0.9941 (0.9886,0.9997) 0.04** : :
EMode (cont. var) 1.6 (0.88,2.89) 0.123 NA NA "o "o
012345 012345
a

Fig. 3 Clinical model construction. According to the results of univariate and multivariate logistic regression analysis, mrT and ADC values were
identified as independent predictors of Ki67 expression and were incorporated into the clinical model
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Fig. 4 Distribution of radscores of DLRS- Resnet (a), DLRS- Inception
(b) and DLRS- Densenet (c) between patients with high and low Ki67
expression in the testing, internal validation, and external validation
sets

(p<0.001). Figure 4 illustrates the DLRS distribution.
The AUCs of DLRS-Resnet in predicting Ki67 expression
in PCa in the training, internal validation, and external
validation sets were 0.961, 0.95, and 0.976, respectively;
the corresponding AUCs of DLRS-Inception were 0.939,
0.97, and 0.973, respectively; and the corresponding
AUCs of DLRS-Densenet were 0.98, 0.983, and 0.944,
respectively (Table 3).

Nomogram construction and predictive performance

The three deep learning models were combined with the
selected clinical features (mrT and ADC values) to cre-
ate three nomograms: Nomogram-Resnet, Nomogram-
Inception, and Nomogram-Densenet (Fig. 5). The AUCs
of Nomogram-Resnet in predicting Ki67 expression in
PCa in the testing, internal validation, and external vali-
dation sets were 0.975, 0.958, and 0.993, respectively;
the corresponding AUCs of Nomogram-Inception were
0.962, 0.988, and 0.983, respectively; and the correspond-
ing AUCs of Nomogram-Densenet were 0.983, 0.986, and
0.952, respectively. The AUC curves of each model are
displayed in Fig. 6.

Comparison of predictive performance of models

The AUCs of the nomograms were higher than those of
the clinical and DLRS models. The DeLong test revealed
that the predictive performance of the DLRS mod-
els and nomograms was superior to that of the clinical
model (p<0.05), but the predictive performance of the
DLRS models and nomograms did not differ significantly
(Table 4). The calibration curves in Fig. 7 indicate that the
Ki-67 expression levels predicted using the nomograms
were highly consistent with postoperative immunohisto-
chemistry results. The closer the calibration curve is to
the 45° line, the higher the recognition accuracy of the
corresponding nomogram is. Decision curve analysis
revealed that all the DLRS models and nomograms had
a greater net benefit than did the clinical model (Fig. 8).
Supplemental clinical impact curves were constructed
to further illustrate the clinical value of the nomograms
(Fig. 9). According to the radar chart (Fig. 10), the Nomo-
gram-Densenet, Nomogram-Inception, and Nomogram-
Resnet models exhibited the highest performance in the
testing set, internal validation set, and external validation
set, respectively.
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Table 3 Diagnostic efficiency in different models
ROC AUC ACC SEN SPE PPV NPV
TRAIN Clinic 0.794 0.744 0.774 0.734 049 0.908
DLRS-Resnet 0.961 0.896 0.903 0.894 0.737 0.966
DLRS-Inception 0.939 0.872 0935 0.851 0.674 0976
DLRS-Densenet 0.98 0.928 0.935 0.926 0.806 0978
Nomogram-Resnet 0.975 0.952 0.871 0979 0.931 0.958
Nomogram-Inception 0.962 0.944 0.871 0.968 09 0.958
Nomogram-Densenet 0.983 0.92 1 0.894 0.756 1
INVAD Clinic 0.711 0.685 0.737 0.657 0.538 0.821
DLRS-Resnet 0.95 0.907 0.895 0914 0.85 0.941
DLRS-Inception 0.97 0.926 0.947 0914 0.857 097
DLRS-Densenet 0.983 0.907 1 0.857 0.792 1
Nomogram-Resnet 0.958 0.926 0.895 0.943 0.895 0.943
Nomogram-Inception 0.988 0.963 1 0.943 0.905 1
Nomogram-Densenet 0.986 0.963 0.895 1 1 0.946
EXVAD Clinic 0.75 0.68 0.842 0.581 0.552 0.857
DLRS-Resnet 0.976 0.94 1 0.903 0.864 1
DLRS-Inception 0.973 0.92 1 0.871 0.826 1
DLRS-Densenet 0.944 0.9 0.842 0935 0.889 0.906
Nomogram-Resnet 0.993 0.96 0.947 0.968 0.947 0.968
Nomogram-Inception 0.983 0.96 0.895 1 1 0.939
Nomogram-Densenet 0.952 0.88 0.895 0.871 0.81 0.931
Discussion Radiomics can be used to mine digital information from

To the best of our knowledge, this study is the first to
use multisequence MRI to construct three deep learning
models for the preoperative prediction of Ki67 expres-
sion in PCa. The deep learning models were combined
with independent predictive risk factors to create nomo-
grams. Both the deep learning models and nomograms
exhibited satisfactory predictive performance and were
validated using internal and external data sets.

Previous studies have demonstrated that Ki67 expres-
sion may be related to the prognosis of various tumors
[17, 18]. Patients with PCa with high Ki67 expression
(>10%) exhibit poor tumor differentiation and are at a
higher risk of metastasis and recurrence. Ki67 expres-
sion is a risk factor for poor prognosis in PCa [10, 19].
A study [6] showed that Ki67 upregulation has close
relationship with PCa aggressiveness. Ki67 expression is
associated with disease-free survival, biochemical recur-
rence and metastasis. Patients with high Ki67 expres-
sion are more likely (2.62 times) to develop biochemical
recurrence than those with low Ki67 expression. Another
study [20] suggests that Ki67 may provide additional
prognostic information for Gleason reporting methods
of PCa. However, accurately measuring Ki67 expression
through conventional imaging examinations is difficult.

medical images and reflect the heterogeneity of tumors
[21].

Most radiomics studies conducted to date have
involved the use of multilayer manual delineation for fea-
ture extraction [22]. Manual delineation is labor-inten-
sive, time-consuming, and subject to subjective influence.
The results of delineation and, in turn, the interpretation
of features, vary between doctors. In the present study,
an abdominal radiologist selected the ROIs of the lesions
with the maximum diameter during image segmentation.
Relative to manual delineation layer by layer, the method
employed in this study has multiple advantages: the sub-
sequent network is less affected by the accuracy of ROI
segmentation, and the method itself is easy to use and
can reduce physicians’ workloads. Thousands of deep
learning features were extracted by the deep learning
models to avoid model overfitting due to feature redun-
dancy. Among the features, those with a high degree of
multicollinearity were excluded, and those related to
Ki67 expression were selected. The selected features were
strongly correlated with PCa tumor proliferation and
invasion. The deep learning models DLRS-Resnet, DLRS-
Inception, and DLRS-Densenet achieved high prediction
accuracy, with AUCs ranging from 0.939 to 0.983.
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Fig.5 Incorporation of mrT, ADC, and radscores into the array plot for predicting Ki67 expression in PCa. Nomogram-Resnet (a),

Nomogram-Inception (b), and Nomogram-Densenet (c)
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Fig. 6 AUC curves of models in the testing (a), internal validation (b), and external validation sets (c)
Delong test in different models
Model comparison 21 p1 z2 p2 Z3 p3
Clinic vs DLRS-Resnet -3.621 <0.001 -3.043 0.002 -3.054 <0.001
Clinic vs DLRS-Inception -2.762 <0.001 -3.219 0.001 -3.086 0.002
Clinic vs DLRS-Densenet -4.283 <0.001 -3.693 <0.001 -2.607 0.009
Clinic vs Nomogram-Resnet -4.299 <0.001 -3.279 0.001 -3.548 <0.001
Clinic vs Nomogram-Inception -4.008 <0.001 -3.628 <0.001 -3418 <0.001
Clinic vs Nomogram-Densenet -4.573 <0.001 -3.683 <0.001 -2.979 <0.001
DLRS-Resnet vs Nomogram-Resnet -1.812 0.070 -0.926 0.354 -1.177 <0.001
DLRS-Inception vs Nomogram-Inception -1418 0.1561 -1.363 0.173 -0.767 0443
DLRS-Densenet vs Nomogram-Densenet -0478 0.632 -0.404 0.686 -0.725 0.469
DLRS-Resnet vs DLRS-Densenet -0.927 0.354 -0.930 0.353 0978 0328

P1=Training vs Invad, p2=p.Training vs Exvad, p3= Invad vs Exvad

The three deep learning models developed in this study
had distinct characteristics. Resnetl01 architecture is
based on a 101-layer deep residual network, which ena-
bles it to overcome the vanishing gradient problem [23,
24] and achieve high classification accuracy. Inception
architecture uses 1x 1 convolution to reduce dimension-
ality and minimize computational complexity. The prin-
ciple of decomposing a sparse matrix into a dense matrix
can be used to accelerate convergence and achieve higher
accuracy [25-27]. The number of output feature maps of
each convolution layer in the dense block of Densenet is
extremely small (<100); the network is narrow and has
few parameters. The connection makes the transmission
of features and gradients more efficient, rendering the
network easier to train [28, 29].

Regarding the noninvasive preoperative prediction of
Ki67 expression in tumors, although manual radiomics
models based on image data to predict Ki67 expression
in the tumor cells of patients with bladder cancer, breast
cancer, and lung cancer have been constructed in previ-
ous studies [30-32], few of these studies involved exter-
nal validation. The models constructed in the present
study therefore achieved higher prediction performance.
In contrast to manual radiomics, deep learning models,
like those constructed in this study, automatically learn
from high-dimensional data through neural networks,
which minimizes the need for feature engineering and
saves time. In the present study, the introduction of
deeper and more complex network structures required
repeated adjustments in the models’ parameters to
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Fig. 10 Radar diagrams are charts that display multidimensional model data. In the testing (a), internal validation (b), and external validation
(c) sets, the Nomogram-Densenet Nomogram-Inception and Nomogram-Resnet models, respectively, had the largest area in the radar diagram,

corresponding to the highest performance
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achieve optimal results. Internal and external validation
demonstrated the reliability and robustness of the deep
learning models.

The results of the present study indicate that the differ-
ences in MRI scanners and scanning parameters between
centers exert no significant effect on the predictive per-
formance of deep learning algorithms, which supports
the reliability and robustness of the deep learning mod-
els. The AUCs of the nomograms constructed by combin-
ing clinical features and DLRS were optimal. Clinical data
and medical images complement each other and can be
combined to display tumor features from different angles
[33]. Nomograms can be used to obtain more compre-
hensive information on tumor prognosis. Utilizing the
proposed method enables physicians to develop more
personalized and effective treatment strategies [34].

A study [35] adopted biparametric MRI
(T2WI+ADC map) to characterize prostate can-
cer. Multiple integrated nomograms were established
combining clinical variables, PI-RADS score and
deep learning. The ClaD (clinical variables+ PI-RADS
score+deep learning) nomogram got the best predict-
ing performance compared with deep learning model,
DIN (clinical variables+deep learning) nomogram,
and PIN (clinical variables+ PI-RADS score) nomo-
gram. The Prostate Imaging—Reporting and PI-RADS
based on multiparameter MRI was widely applied and
recognized in clinical practice. However, the subjec-
tive methods are often dependent on physician’s expe-
rience and expertise, differences exist among different
individuals. By contrast, deep learning can obtain more
features than the naked eye and reflect the heterogene-
ity of tumors. Similarity, Jing et al. [36] used PI-RADS
and MRI radiomics signature (based on T2WI+DWI
sequence) to construct nomogram for predicting clini-
cally significant prostate cancer. They revealed that
nomogram had better predictive performance than PI-
RADS in both the training group, internal and external
validation group. Compared with these studies, the pre-
sent study has the following superiorities. First, mul-
tisequence single-layer segmented images were used
for feature extraction and selection. Relative to other
radiomic models, the proposed model is simpler and
easier to use which saves much time on image segmen-
tation and feature learning. Second, three deep learn-
ing prediction models with distinct characteristics were
constructed, all of which exhibited satisfactory predic-
tion performance. Third, the models were subjected to
internal and external validation that determined to be
stable and reliable.

This study has some limitations. First, the sample con-
tained fewer patients with low Ki67 expression than
high Ki67 expression, and the results must therefore be
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validated using a larger sample. Second, deep learning
analysis process involved manual segmentation and was
susceptible to subjective influences. Automatic segmen-
tation technology will be further investigated in future
follow-up studies. Finally, the degree to which immuno-
histochemical indicators reflect tumor features warrants
further investigation.

Conclusions

In this study, three easy-to-use DLRS models and radi-
omic nomograms for predicting Ki67 expression in PCa
were developed. The models exhibit strong predictive
performance and may serve as a new noninvasive strat-
egy for preoperative prediction of PCa prognosis.

Abbreviations

AUC Area under the curve

T1C Contrast enhancement TTWI
@ Confidence interval

DCA Decision curve analysis

DCE Dynamic contrast-enhanced
DWI Diffusion-weighted imaging
EMode Enhance mode

Ex-valid External validation

FPSA Free prostate specific antigen
In-valid Internal validation

LASSO Least absolute shrinkage and selection order

LD Long diameter

T2WI T2-weighted imaging

in-valid Internal validation

PCa Prostate cancer

ROC Receiver operating characteristic
SD Short diameter

SvI Seminal vesicle invasion

TPSA Total prostate specific antigen

Acknowledgements
Not applicable.

Authors’ contributions

WA and SD designed the study. SD and JD took charge of the writing of this
paper. SD and YC were responsible for the software and statistics. GM and JS
to data collection. JH and HW for data analysis. XZ and GN contributed to the
literature search. WA took charge of review and editing of the manuscript. All
authors have read and approved the manuscript.

Funding
This work was supported by the Medical Health Science and Technology
Project of Zhejiang Province (2019RC028, 2022KY122, 2023KY079).

Availability of data and materials
All data generated or analyzed during this study are included in this published
article.

Declarations

Ethics approval and consent to participate

This study was conducted in accordance with the Declaration of Helsinki in
1964 and approved by the Institutional Review Board (IRB) of Tongde Hospital
of Zhejiang Province (2022-234 K) and Shanghai Putuo District People’s
Hospital (2022-7). The need for informed consent for this retrospective study
was waived.



Deng et al. BMC Cancer

(2023) 23:638

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 20 February 2023 Accepted: 29 June 2023
Published online: 08 July 2023

References

1.

2.

Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2022. CA Cancer
JClin. 2022;72(1):7-33. https://doi.org/10.3322/caac.21708.

Xia C, Dong X, LiH, Cao M, Sun D, He S, et al. Cancer statistics in China
and United States, 2022: profiles, trends, and determinants. Chin Med
J(Engl). 2022;135(5):584-90. https://doi.org/10.1097/CM9.0000000000
002108.

Ban J, Fock V, Aryee DNT, Kovar H. Mechanisms, diagnosis and treatment
of bone metastases. Cells. 2021;10(11):2944. https://doi.org/10.3390/cells
10112944,

Panebianco V, Villeirs G, Weinreb JC, Turkbey BI, Margolis DJ, Richenberg J,
et al. Prostate magnetic resonance imaging for local recurrence reporting
(PI-RR): International Consensus -based Guidelines on Multiparametric
magnetic resonance imaging for prostate Cancer recurrence after Radia-

tion Therapy and Radical Prostatectomy. Eur Urol Oncol. 2021,4(6):868-76.

https://doi.org/10.1016/j.eu0.2021.01.003.

Scialpi M. Simplified PI-RADS-based biparametric MRI: a rationale for
detecting and managing prostate cancer. Clin Imaging. 2021;80:290-1.
https://doi.org/10.1016/j.clinimag.2021.07.024.

Maia R, Santos GAD, Reis S, Viana NI, Pimenta R, Guimaraes VR, et al. Can
we use Ki67 expression to predict prostate cancer aggressiveness? Rev
Col Bras Cir. 2022;49:220223200. https://doi.org/10.1590/0100-6991e-
20223200-en. English, Portuguese.

Fleming GF, Pagani O, Regan MM, Walley BA, Francis PA. Adjuvant
abemaciclib combined with endocrine therapy for high-risk early breast
cancer: updated efficacy and Ki-67 analysis from the monarchE study.
Ann Oncol. 2022;33(6):658. https://doi.org/10.1016/j.annonc.2022.03.003.
ZhangY, Li Z, Gao C, Shen J, Chen M, Liu Y, et al. Preoperative histogram
parameters of dynamic contrast-enhanced MRl as a potential imaging
biomarker for assessing the expression of Ki-67 in prostate cancer. Cancer
Med. 2021;10(13):4240-9. https://doi.org/10.1002/cam4.3912.

Li S, Chen X, Shen K. Association of Ki-67 Change Pattern after Core
Needle Biopsy and Prognosis in HR+/HER2- early breast Cancer patients.
Front Surg. 2022;9:905575. https://doi.org/10.3389/fsurg.2022.905575.
Fan X, Xie N, Chen J, LiT, Cao R, Yu H, et al. Multiparametric MRl and
machine learning based Radiomic Models for Preoperative Prediction

of multiple biological characteristics in prostate Cancer. Front Oncol.
2022;12:839621. https://doi.org/10.3389/fonc.2022.839621.

. Tendl-Schulz KA, Rossler F, Wimmer P, Heber UM, Mittlbock M, Kozakowski

N, et al. Factors influencing agreement of breast cancer luminal molecu-
lar subtype by Ki67 labeling index between core needle biopsy and
surgical resection specimens. Virchows Arch. 2020;477(4):545-55. https://
doi.org/10.1007/500428-020-02818-4.

Park S, Araki M, Nakajima A, Lee H, Fuster V, Ye JC, et al. Enhanced diagno-
sis of Plague Erosion by Deep Learning in patients with Acute Coronary
Syndromes. JACC Cardiovasc Interv. 2022;15(20):2020-31. https://doi.org/
10.1016/},jcin.2022.08.040.

Opfer R, Krtiger J, Spies L, Ostwaldt AC, Kitzler HH, Schippling S, et al.
Automatic segmentation of the thalamus using a massively trained 3D
convolutional neural network: higher sensitivity for the detection of
reduced thalamus volume by improved inter-scanner stability. Eur Radiol.
2022. https://doi.org/10.1007/500330-022-09170-y.

Galuszynski NC, Duker R, Potts AJ, Kattenborn T. Automated mapping of
Portulacaria afra canopies for restoration monitoring with convolutional
neural networks and heterogeneous unmanned aerial vehicle imagery.
Peer). 2022;10:e14219. https://doi.org/10.7717/peerj.14219.

Zhang A, Wang X, Fan C, Mao X. The role of Ki67 in evaluating neoad-
juvant endocrine therapy of hormone receptor-positive breast Cancer.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

Page 14 of 15

Front Endocrinol (Lausanne). 2021;12:687244. https://doi.org/10.3389/
fendo.2021.687244.

. Mottet N, van den Bergh RCN, Briers E, Van den Broeck T, Cumberbatch

MG, De Santis M, et al. EAU-EANM-ESTRO-ESUR-SIOG guidelines on
prostate cancer-2020 update. Part 1: screening, diagnosis, and local treat-
ment with curative intent. Eur Urol. 2021;79(2):243-62. https://doi.org/10.
1016/j.eururo.2020.09.042.

. Klaestad E, Opdahl S, Raj SX, Bofin AM, Valla M. Long term trends of

breast cancer incidence according to proliferation status. BMC Cancer.
2022;22(1):1340. https://doi.org/10.1186/512885-022-10438-1.

. AoW, Bao X, Mao G, Yang G, Wang J, Hu J. Value of apparent diffusion

coefficient for assessing preoperative T staging of low rectal Cancer
and whether this is correlated with Ki-67 expression. Can Assoc Radiol J.
2020;71(1):5-11. https://doi.org/10.1177/0846537119885666.

. Vlajnic T, Brunner P, Eppenberger-Castori S, Rentsch CA, Zellweger T,

Bubendorf L. High Inter- and Intratumoral variability of Ki67 labeling
index in newly diagnosed prostate Cancer with high gleason scores.
Pathobiology. 2022;89(2):74-80. https://doi.org/10.1159/000519007.
Blessin NC, Yang C, Mandelkow T, Raedler JB, Li W, Badly E, et al. Auto-
mated Ki-67 labeling index assessment in prostate cancer using artificial
intelligence and multiplex fluorescence immunohistochemistry. J Pathol.
2023;260(1):5-16. https://doi.org/10.1002/path.6057.

Ao W, Cheng G, Lin B, Yang R, Liu X, Zhou S, et al. A novel CT-based radi-
omic nomogram for predicting the recurrence and metastasis of gastric
stromal tumors. Am J Cancer Res. 2021;11(6):3123-34.

ShiH, Xu Z, Cheng G, Ji H, He L, Zhu J, et al. CT-based radiomic nomo-
gram for predicting the severity of patients with COVID-19. Eur J Med Res.
2022;27(1):13. https://doi.org/10.1186/540001-022-00634-x.

Lin SL. Application combining VMD and ResNet101 in Intelligent diag-
nosis of Motor Faults. Sens (Basel). 2021;21(18):6065. https://doi.org/10.
3390/521186065.

Chen YM, Huang WT, Ho WH, Tsai JT. Classification of age-related macular
degeneration using convolutional-neural-network-based transfer learn-
ing. BMC Bioinformatics. 2021;22(Suppl 5):99. https://doi.org/10.1186/
$12859-021-04001-1.

Tian Y, Li E, Liang Z, Tan M, He X. Diagnosis of typical Apple Diseases: a
deep learning method based on Multi-Scale dense classification net-
work. Front Plant Sci. 2021;12:698474. https://doi.org/10.3389/fpls.2021.
698474.

Al Husaini MAS, Habaebi MH, Gunawan TS, Islam MR, Elsheikh EAA, Suli-
man FM. Thermal-based early breast cancer detection using inception
V3, inception V4 and modified inception MV4. Neural Comput Appl.
2022;34(1):333-48. https://doi.org/10.1007/500521-021-06372-1.

Zhou LQ, Wu XL, Huang SY, Chen J, Meng F, Li H, et al. Lymph node
metastasis prediction from primary breast Cancer US images using deep
learning. Radiology. 2020;294(1):19-28. https://doi.org/10.1148/radiol.
2019190372.

Girdhar N, Sinha A, Gupta S. DenseNet-II: an improved deep convolu-
tional neural network for melanoma cancer detection. Soft comput.
2022;1-20. https://doi.org/10.1007/500500-022-07406-z.

Zhu Z, Lu S, Wang SH, Gorriz JM, Zhang YD. DSNN: a DenseNet-Based
SNN for Explainable Brain Disease classification. Front Syst Neurosci.
2022;16:838822. https://doi.org/10.3389/fnsys.2022.838822.

Zheng Z, Gu Z, Xu F, Maskey N, Maskey N, He Y, Yan Y, et al. Magnetic reso-
nance imaging-based radiomics signature for preoperative prediction of
Ki67 expression in bladder cancer. Cancer Imaging. 2021;21(1):65. https://
doi.org/10.1186/540644-021-00433-3.

Liu J,Wang X, Hu M, Zheng Y, Zhu L, Wang W, et al. Development of

an ultrasound-based radiomics nomogram to preoperatively predict
Ki-67 expression level in patients with breast cancer. Front Oncol.
2022;12:963925. https://doi.org/10.3389/fonc.2022.963925.

Yao W, Liao', Li X, Zhang F, Zhang H, Hu B, et al. Noninvasive Method for
Predicting the expression of Ki67 and prognosis in Non-Small-Cell Lung
Cancer Patients: Radiomics. J Healthc Eng. 2022,2022:7761589. https://
doi.org/10.1155/2022/7761589.

Liu X, Zhang D, Liu Z, Li Z, Xie P, Sun K, et al. Deep learning radiomics-
based prediction of distant metastasis in patients with locally advanced
rectal cancer after neoadjuvant chemoradiotherapy: a multicentre study.
EBioMedicine. 2021;69:103442. https://doi.org/10.1016/j.ebiom.2021.
103442.


https://doi.org/10.3322/caac.21708
https://doi.org/10.1097/CM9.0000000000002108
https://doi.org/10.1097/CM9.0000000000002108
https://doi.org/10.3390/cells10112944
https://doi.org/10.3390/cells10112944
https://doi.org/10.1016/j.euo.2021.01.003
https://doi.org/10.1016/j.clinimag.2021.07.024
https://doi.org/10.1590/0100-6991e-20223200-en
https://doi.org/10.1590/0100-6991e-20223200-en
https://doi.org/10.1016/j.annonc.2022.03.003
https://doi.org/10.1002/cam4.3912
https://doi.org/10.3389/fsurg.2022.905575
https://doi.org/10.3389/fonc.2022.839621
https://doi.org/10.1007/s00428-020-02818-4
https://doi.org/10.1007/s00428-020-02818-4
https://doi.org/10.1016/j.jcin.2022.08.040
https://doi.org/10.1016/j.jcin.2022.08.040
https://doi.org/10.1007/s00330-022-09170-y
https://doi.org/10.7717/peerj.14219
https://doi.org/10.3389/fendo.2021.687244
https://doi.org/10.3389/fendo.2021.687244
https://doi.org/10.1016/j.eururo.2020.09.042
https://doi.org/10.1016/j.eururo.2020.09.042
https://doi.org/10.1186/s12885-022-10438-1
https://doi.org/10.1177/0846537119885666
https://doi.org/10.1159/000519007
https://doi.org/10.1002/path.6057
https://doi.org/10.1186/s40001-022-00634-x
https://doi.org/10.3390/s21186065
https://doi.org/10.3390/s21186065
https://doi.org/10.1186/s12859-021-04001-1
https://doi.org/10.1186/s12859-021-04001-1
https://doi.org/10.3389/fpls.2021.698474
https://doi.org/10.3389/fpls.2021.698474
https://doi.org/10.1007/s00521-021-06372-1
https://doi.org/10.1148/radiol.2019190372
https://doi.org/10.1148/radiol.2019190372
https://doi.org/10.1007/s00500-022-07406-z
https://doi.org/10.3389/fnsys.2022.838822
https://doi.org/10.1186/s40644-021-00433-3
https://doi.org/10.1186/s40644-021-00433-3
https://doi.org/10.3389/fonc.2022.963925
https://doi.org/10.1155/2022/7761589
https://doi.org/10.1155/2022/7761589
https://doi.org/10.1016/j.ebiom.2021.103442
https://doi.org/10.1016/j.ebiom.2021.103442

Deng et al. BMC Cancer

34.

35.

36.

(2023) 23:638

Liu Z, Meng X, Zhang H, Li Z, Liu J, Sun K, et al. Predicting distant metas-
tasis and chemotherapy benefit in locally advanced rectal cancer. Nat
Commun. 2020;11(1):4308. https://doi.org/10.1038/541467-020-18162-9.
Hiremath A, Shiradkar R, Fu P Mahran A, Rastinehad AR, Tewari A, et al.
An integrated nomogram combining deep learning, prostate imaging-
reporting and data system (PI-RADS) scoring, and clinical variables for

identification of clinically significant prostate cancer on biparametric MRI:
a retrospective multicentre study. Lancet Digit Health. 2021;3(7):e445-54.

https://doi.org/10.1016/52589-7500(21)00082-0.
Jing G, Xing P, Li Z, Ma X, Lu H, Shao C, et al. Prediction of clinically signifi-

cant prostate cancer with a multimodal MRI-based radiomics nomogram.

Front Oncol. 2022;12:918830. https://doi.org/10.3389/fonc.2022.918830.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 15 of 15

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1038/s41467-020-18162-9
https://doi.org/10.1016/S2589-7500(21)00082-0
https://doi.org/10.3389/fonc.2022.918830

	Deep learning–based radiomic nomograms for predicting Ki67 expression in prostate cancer
	Abstract 
	Background 
	Materials 
	Results 
	Conclusion 

	Background
	Methods
	Patients
	Image analysis
	Deep learning process
	Statistical analysis

	Results
	Patient clinical features
	Construction and predictive performance of clinical model
	Predictive performance of deep learning models
	Nomogram construction and predictive performance
	Comparison of predictive performance of models

	Discussion
	Conclusions
	Acknowledgements
	References


