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INTRODUCTION
Cervical carcinoma is the fourth most frequently diag-
nosed cancer and the fourth leading cause of cancer death 
in females.1 Early-stage cervical carcinoma (between Inter-
national Federation of Gynecology and Obstetrics (FIGO) 
stages Ib and IIa) can be cured by surgery or radiotherapy, 
which have similar rates of effectiveness.2,3 Surgery is widely 
chosen, because it removes the primary disease, preserves 
fertility and ovarian function, and permits better targeting 

of adjuvant therapy through accurate surgical staging.3,4 
Lymph node metastasis (LNM) is the most important inde-
pendent risk factor for recurrence and survival, therefore, 
pelvic and/or para-aortic lymphadenectomy is recom-
mended to be performed simultaneously with the surgical 
removal of the primary tumor.3 But, only 15 to 25% patients 
with early-stage cervical cancer had LNM,5 which means a 
significant portion of patients undergo lymphadenectomy 
unnecessarily and suffer from procedure-related morbidity. 
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Objectives: To develop and validate a radiomics model 
for preoperative identification of lymph node metastasis 
(LNM) in patients with early-stage cervical squamous 
cell carcinoma (CSCC).
Methods: Total of 190 eligible patients were randomly 
divided into training (n = 100) and validation (n = 90) 
cohorts. Handcrafted features and deep-learning features 
were extracted from T2W fat suppression images. The 
minimum redundancy maximum relevance algorithm 
and LASSO regression with 10-fold cross-validation were 
used for key features selection. A radiomics model that 
incorporated the handcrafted-signature, deep-signature, 
and squamous cell carcinoma antigen (SCC-Ag) levels 
was developed by logistic regression. The model perfor-
mance was assessed and validated with respect to its 
calibration, discrimination, and clinical usefulness.
Results: Three handcrafted features and three deep-
learning features were selected and used to build 
handcrafted- and deep-signature. The model, which 

incorporated the handcrafted-signature, deep-signature, 
and SCC-Ag, showed satisfactory calibration and 
discrimination in the training cohort (AUC: 0.852, 95% CI: 
0.761–0.943) and the validation cohort (AUC: 0.815, 
95% CI: 0.711–0.919). Decision curve analysis indicated 
the clinical usefulness of the radiomics model. The radi-
omics model yielded greater AUCs than either the radi-
omics signature (AUC = 0.806 and 0.779, respectively) 
or the SCC-Ag (AUC = 0.735 and 0.688, respectively) 
alone in both the training and validation cohorts.
Conclusion: The presented radiomics model can be used 
for preoperative identification of LNM in patients with 
early-stage CSCC. Its performance outperforms that of 
SCC-Ag level analysis alone.
Advances in knowledge: A radiomics model incorpo-
rated radiomics signature and SCC-Ag levels demon-
strated good performance in identifying LNM in patients 
with early-stage CSCC.
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Moreover, many scholars believe that, for cervical cancer with 
LNM, chemoradiation should be the preferred therapeutic 
method.3,6 Therefore, accurate identification of LNM in patients 
with early-stage cervical cancer is crucial for making appropriate 
treatment decisions.

Magnetic resonance imaging (MRI) is recommended as an 
adjunct to clinical examination. It is highly sensitive and specific 
for depicting important prognostic factors such as tumor size, 
parametrial and pelvic side-wall invasion, and adjacent organ 
invasion, but it is unable to accurately identify LNM, espe-
cially for small metastatic lymph nodes.7,8 Several studies have 
reported that radiomics analysis of the primary cancer lesions 
has higher sensitivity and specificity in predicting LNM.9–13 
A number of studies found that radiomics analysis of MRIs 
can enable superior prediction of LNM in patients with early-
stage cervical cancer, with area under curves (AUCs) of 0.753 
to 0.895.14,15 Most of the studies included all cervical cancers, 
regardless of individual histopathological type. Additionally, 
there were also no clinical risk factors included in final analyses. 
However, several studies of other cancer types have found that 
prediction efficiency is superior after embedding the radiomics 
and clinical factors in the predictive model.9,13,16

Squamous cell carcinoma (SCC) is the predominant histological 
subtype of cervical cancer and accounts for more than 80% of 
cervical cancer incidences.3 A number of studies have found that 
the level of serum squamous cell carcinoma antigen (SCC-Ag) 
in the preoperative phase may be a useful marker for predicting 
LNM of cervical squamous cell carcinoma (CSCC), especially in 
its early stage.17–19

To the best of our knowledge, there has been no study incor-
porating radiomics and SCC-Ag levels in the LNM predictive 
model for patients with early-stage CSCC. Therefore, the objec-
tive of this study was to develop and validate a radiomics model 
that incorporated the radiomics signature and SCC-Ag levels for 
the preoperative prediction of LNM in patients with early-stage 
CSCC.

METHODS AND MATERIALS
Patients
An institutional review board approval (GDREC2018521H(R1)) 
was obtained for this retrospective study, and the informed 
consent requirement was waived. Patients who underwent 
radical hysterectomy with pelvic and/or para-aortic lymph-
adenectomy between January 2009 and March 2018 were iden-
tified from the institutional database. The inclusion criteria were 
as follows: (a) histologically confirmed CSCC; (b) a clinical diag-
nosis between FIGO (2009) stages IB to IIA; and (c) a pelvic MRI 
test performed less than 3 weeks before surgical resection. Exclu-
sion criteria were: (a) preoperative neoadjuvant chemotherapy or 
radiation therapy (n = 118) and conization (n = 29); (b) incom-
plete clinical data (n = 32); or (c) poor visualization of the tumor 
due to small size (less than 3 slices of ROI, n＝13）or imaging 
artifacts (n = 33). A total of 190 consecutive patients who met 
the criteria were randomly divided into a training cohort (n = 
100, mean age, 49.92 years ± 9.56; range, 22 to 73 years) and a 

validation cohort (n = 90, mean age, 49.91 years ± 9.23; range, 31 
to 74 years). Figure 1 presents the patient recruitment pathway, 
along with the inclusion and exclusion criteria.

Baseline clinical data (age, preoperative FIGO stage, levels of 
squamous cell carcinoma antigen(SCC-Ag), and menstrual 
status, as well as pregnancy, parturition, and abortion numbers) 
and histopathological data (histological subtype and lymph 
node (LN) status) were derived from medical records. Labora-
tory analysis of SCC-Ag was done via routine blood tests within 
1 week before surgery. The threshold value for SCC-Ag levels 
was <2.35 µ g/L and ≥2.35 µ g/L, according to the study done by 
Xu et al, which found that 2.35 µ g/L was the optimum cutoff of 
SCC-Ag levels for predicting LNM of CSCC.17 Maximum diam-
eter of tumor was obtained and defined as the longest diameter 
measured on both sagittal and transversal T2W images.

MRI acquisition and segmentation
The magnetic resonance (MR) images were obtained on a 3.0 T 
MR images (Signa Excite HD 3.0, GE Healthcare, Milwaukee, 
WI) or a 1.5 T MR imager (Achieva 1.5T, Philips Healthcare, 
Best, Netherlands), equipped with an 8-channel body array coil. 
Sagittal fat-suppressed T2W (T2-FS) sequence was utilized for 
the following analysis. The scanning parameters were as follows: 
1) GE scanner: TR/TE = 4000/140 ms, field of view (FOV) = 
280×280 mm2, matrix = 320×192, slice thickness = 4 mm, slice 
gap = 0.4 mm; and 2) Philips scanner: TR/TE = 3700/90 ms, FOV 
= 260×204 mm2, matrix = 260×162, slice thickness = 4 mm, slice 
gap = 0.4 mm.

Sagittal T2-FS images in the format of Digital Imaging and 
Communications in Medicine were retrieved from the Picture 
Archiving and Communication System (PACS, Carestream 
Health) for tumor segmentation. We used the ITK-SNAP 
open-source software (V.3.6.0, www.​itk-​snap.​org) for three-
dimensional manual segmentation. The region of interest 
(ROI) was manually delineated on the sagittal T2-FS images 
along the border of each tumor slice (Figure 2). To evaluate the 
intra- and interobserver reproducibility of the radiomics anal-
ysis, we initially randomly chose 30 cases for segmentation. ROI 
segmentation was performed by two radiologists with 9 (reader 
1) and 13 (reader 2) years’ experience in abdominal MR inter-
pretation, respectively. To assess intraobserver reproducibility, 
reader one then repeated the same procedure two weeks later. 
Features with intraclass correlation coefficient (ICC) larger than 
0.75 were considered as having good agreements. The ROIs of 
the remaining cases were outlined by reader 1.

Radiomics feature extraction
Both the deep learning features and hand-crafted features were 
extracted based on the T2-FS images. T2-FS images of each 
patient were normalized by minimum-maximum normal-
ization in order to convert all pixels into a range of [1, 50] 
integral intensities.20,21 The hand-crafted feature extraction 
was implemented with an in-house Matlab code (MATLAB 
2013a, MathWorks, Natick, MA). A total of 8715 features 
were extracted, including 14 first-order statistics features, 
14 size and shape-based features, 63 texture features and 
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8624 wavelet features (Supplementary Material 1). The deep 
learning features were extracted from the final features layer 
of the model Convolutional Neural Networks-fast (CNN-F),22 
pre-trained on ImageNet.23 Table 1 shows the CNN architec-
tures. The single-channel slice containing the largest ROI was 
resized into 3-channel image, from which the bounding box of 
the ROI was cropped out as the input of the deep model. Ulti-
mately, a total of 4096 deep learning features were extracted.

Radiomics feature selection
The model was built based on the deep learning and hand-
crafted features. Interclass correlation coefficients were applied 
to perform a reproducibility assessment of both features. The 
features with correlation coefficients > 0.75 were chosen for 
further analysis.

Figure 1. Patient selection flowchart

Figure 2. Tumor segmentation flowchart

http://birpublications.org/bjr
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The following methods and processes were used for the selection 
of key handcrafted features and deep learning features, respec-
tively. Firstly, prognostic value of each feature was test using the 
concordance statistics (C-statistics), a generalization of the area 
under the receiver operating characteristic (ROC) curve (AUC). 
Features with C-statistics above 0.560 were considered as predic-
tive features. Secondly, the minimum redundancy maximum 
relevance (mRMR) algorithm was applied to further select the 
features that could best characterize the relation with the label 
while ensuring that the features were mutually dissimilar from 
each other. Thirdly, the lasso algorithm was used to select the 
most prognostic features in training cohort through 10-fold 
cross-validation. Feature selection was performed only on the 
training cohort in order to maintain the independence between 
the training cohort and validation cohort, and validation cohort 
was untouched.

Development of the radiomics model
After feature selection, a handcrafted- and deep-signature was 
developed with selected key features. Then, the radiomics scores 
of handcrafted- and deep-signature were calculated.

A multivariate logistic regression method was used to analyze 
the candidate variables (SCC-Ag and radiomics scores of the 
handcrafted signature and the deep signature) affected by LNM. 
Backward step-wise selection was used with a significance level 
of 0.05 for variable retention. Finally, radiomics model was 
developed.

Assessment predictive performance of the 
radiomics model
Calibration curves were performed to assess the calibration of 
the radiomics model, accompanied with the Hosmer-Lemeshow 
test. To quantify the discrimination performance of the radiomics 
model, AUCs were calculated in training and validation cohort. 
A nomogram was presented as an intuitive tool for clinicians to 
assess the risk of LNM in patients with early-stage CSCC. Deci-
sion curve analysis was also conducted to determine the clinical 
impact of the radiomics model. What’s more, ROC analyses were 
executed to compare the discriminatory efficacy of the radiomics 
model to those of the radiomics signature and the SCC-Ag alone.

Statistical analysis
Statistical analyses were implemented with SPSS 21 and R 
software (v.3.4.0, https://www.​r-​project.​org). An independent 

samples t-test or Mann-Whitney U-test, where appropriate, were 
used to evaluate the differences in continuous variables (age and 
numbers of pregnancies, parturitions, and abortions) between 
the LNM (+) and LNM (-) groups in the training and validation 
cohorts, while the chi-squared test was used to assess the differ-
ences in categorical variables (menstrual status, FIGO stage, 
and SCC-Ag) between the LNM (+) and LNM (-) groups. The 
same statistical analysis was applied to compare the differences 
between the two cohorts regarding the LNM (+) and LNM (-) 
groups separately. A P-value below 0.05 was considered as statis-
tically significant using two-sided testing.

RESULTS
Clinical characteristics
Patient characteristics in the training and validation cohorts 
were given in Table 2. There were no significant differences in 
the clinical and histopathological characteristics (age, preoper-
ative FIGO stage, menstrual status, and numbers of pregnan-
cies, parturitions, and abortions, as well as SCC-Ag levels and 
LN status) between the two cohorts. LNM positivity was 23 and 
28% in the training and validation cohorts, respectively. In the 
characteristic analysis, age and SCC-Ag levels were found signifi-
cantly different between the LNM (+) and LNM (-) groups in 
both the training and validation cohorts.

Feature selection and radiomics signature building
In total, 8715 handcrafted features and 4096 deep learning 
features were extracted for each patient. Through the feature selec-
tion, three key handcrafted features and three key deep learning 
features were selected. A handcrafted signature and a deep signa-
ture were building by a logistic regression using the three key 
handcrafted features and three key deep learning features, respec-
tively. The performance of handcrafted- and deep signature in 
training and validation cohort were showed in Table 3. Radiomics 
scores of handcrafted signature and deep signature can be calcu-
lated in training and validation cohort by the following formula:

	

‍

score_hc =
exp

(
−4.36−7.75∗coif5_5_variance+4.04∗bior2.8_4_GLDM_DE+2.83∗rbio2.2_1_uniform

)
1+exp

(
−4.36−7.75∗coif5_5_variance+4.04∗bior2.8_4_GLDM_DE+2.83∗rbio2.2_1_uniform

)
‍

�

‍where, score_hc‍for radiomics score of handcrafted signature.

Table 1. CNN architectures

Arch. conv1 conv2 conv3 conv4 conv5 full6 full7 full8
CNN-F 64 × 11×11

stride = 4
pad = 0,

LRN,
×2 pool

256 × 5×5
stride = 1
pad = 2,

LRN,
×2 pool

256 × 3×3
stride = 1
pad = 1,

256 × 3×3
stride = 1
pad = 1,

256 × 3×3
stride = 1
pad = 1,
×2 pool

4096
drop-out

4096
drop-out

1000
soft-max

Note: The CNN model has five convolution layers and three fully connected layers. For the convolution layers, the first row descripts the number 
and the sizes of convolution filters as “num x size x size”; the second row descripts the convolution stride; the third row descripts the spatial 
padding; the last indicates the max-pooling down-sampling factor. LRN indicates local response normalization.24 For the full-connected layers, the 
first row descripts the dimensionality of the output. Full6 and full7 are regularized with dropout,25 while the last layer acts as a multi way soft-max 
classifier.

http://birpublications.org/bjr
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	﻿‍
score_dl = exp

(
−3.356+3.034∗X509+3.439∗X1540+0.168∗X2552

)
1+exp

(
−3.356+3.034∗X509+3.439∗X1540+0.168∗X2552

)
‍�

‍where, score_dl‍for radiomics score of deep signature.

In the training and validation cohort, handcrafted signature 
and deep signature showed statistically significant differences 
between LNM (+) and LNM (-) (Table 2).

Development and validation of the radiomics 
model
SCC-Ag, radiomics scores of the handcrafted signature 
and deep signature were independent predictors of LNM in 

patients with early-stage CSCC, indicated by multivariate 
logistic regression analysis (Table  4). A radiomics model 
incorporating these three predictors was generated in the 
training cohort. In the training cohort, good calibration could 
be depicted from the calibration curve of the radiomics model 
(Figure  3A), with a non-significant p-value of 0.753 yielded 
in the Hosmer–Lemeshow test. Besides, the radiomics model 
shown good discrimination performance in the training cohort 
(Figure 3B), with an AUC of 0.852 (95% CI: 0.761–0.943). In 
the validation cohort, the radiomics model showed similar 
calibration and discrimination performance (Figure  3C and 
D), with a non-significant Hosmer–Lemeshow test statistic (p 
= 0.055) and an AUC of 0.815 (95% CI: 0.711–0.919).

Table 2. Characteristics of Patients in the Training and Validation Cohorts

Training cohort Validation cohort P＃

Characteristic LNM(+) LNM(-) P LNM(+) LNM(-) P 0.449

(23, 23%) (77, 77%) (25, 28%) (65, 72%)

Age (years, mean ± SD) 46.17 ± 8.72 51.04 ± 9.57 0.031 46.20 ± 8.55 51.34 ± 9.15 0.017 0.995

Menstrual status (N. %) 0.148 0.055 0.544

Premenopausal 17 (17%) 44 (44%) 19 (21%) 30 (33%)

Postmenopausal 6 (6%) 33 (33%) 6 (7%) 35 (39%)

Pregnancy no. (mean 
± SD)

3.96 ± 1.92 4.36 ± 1.99 0.31 3.92 ± 1.68 3.83 ± 1.95 0.67 0.104

Parturition no. (mean 
± SD)

2.96 ± 1.61 3.25 ± 1.65 0.448 2.56 ± 1.39 2.75 ± 1.32 0.65 0.063

Abortion no. (mean ± 
SD)

0.96 ± 1.30 1.12 ± 1.28 0.485 1.24 ± 1.20 1.12 ± 1.51 0.355 0.962

FIGO Stage (N. %) 0.394 0.299 0.727

ⅠB 16 (16%) 46 (46%) 14 (16%) 44 (49%)

ⅡA 7 (7%) 31 (31%) 11 (12%) 21 (23%)

SCC－Ag (N. %) <0.001 <0.001 0.987

≤2.35 8 (8%) 63 (63%) 11 (12%) 53 (59%)

>2.35 15 (15%) 14 (14%) 14 (16%) 12 (13%)

Maximum diameter of 
tumor (mm, mean ± SD)

33.80 ± 8.42 27.52 ± 10.42 0.01 33.94 ± 9.31 25.56 ± 11.11 0.001 0.492

score_hc (mean ± SD) 0.38 ± 0.19 0.19 ± 0.16 <0.001 0.32 ± 0.18 0.18 ± 0.16 0.001 0.702

score_dl (mean ± SD) 0.33 ± 0.20 0.20 ± 0.13 0.006 0.27 ± 0.19 0.15 ± 0.11 0.004 0.053

LNM, lymph node metastasis; SCC-Ag, squamous cell carcinoma antigen; score_hc, radiomics score of handcrafted signature; score_dl, radiomics 
score of deep signature.
Note: P value was derived from the univariable association analyses between each of the clinical characteristics and lymph node status. P＃ 
represented the difference of each clinical characteristic between the training and validation cohorts.

Table 3. performance of handcrafted signature, deep signature and clinical factor

Training cohort Validation cohort
cutoff AUC ACC SEN SPE AUC ACC SEN SPE

SCC-Ag 0.500 0.735 0.780 0.652 0.818 0.688 0.744 0.560 0.815

Handcrafted signature −0.855 0.794 0.790 0.739 0.805 0.725 0.700 0.440 0.800

Deep signature −1.246 0.735 0.720 0.739 0.714 0.718 0.767 0.560 0.846

SCC-Ag, squamous cell carcinoma antigen;AUC, area under curve; ACC, accuracy; SEN, sensitivity; SPE, specificity.

http://birpublications.org/bjr
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In addition, as shown in Figure 3B and D, the radiomics model 
yielded the greatest AUCs, which indicated that the model 
achieved better predictive efficacy than either the radiomics 

signature or the SCC-Ag alone. Thermodynamics signature 
alone achieved AUCs of 0.806 (95%CI: 0.703–0.905) in the 
training cohort and 0.779 (95%CI: 0.671–0.885) in the vali-
dation cohort. The AUCs of the SCC-Ag alone in the training 
cohort and validation cohort were 0.735 (95%CI: 0.627–0.844) 
and 0.688 (95%CI: 0.578–0.798), respectively.

Clinical usefulness of the radiomics model
To provide a visualization tool for clinicians in assessing the 
risk of LNM in early-stage CSCC patients, the radiomics 
nomogram was developed by radiomics model (Figure  4). 
The decision curve analysis (DCA) for the radiomics model 
compared with that of SCC-Ag level analysis is presented 
in Figure 5.The DCA indicated that, across the majority of 
the range of risk thresholds, the radiomics model had the 
highest net benefit compared with the results of either the 
radiomics signature or the SCC-Ag alone and simple strat-
egies such as the treat-all strategy or the treat-none scheme 
strategy.

Table 4. Multivariate logistic regression analysis for LNM in 
the training cohort

Intercept and 
variable

Multivariate logistic regression

OR (95% CI） P-value
intercept 0.021 (0.004–0.077) <0.001

SCC－Ag (<2.35 
µ g/L and ≥2.35 
µ g/L)

5.400 (1.709–18.144） 0.005

score_hc 36.967 (1.207–1772.010) 0.049

score_dl 42.940 (1.651–1331.957) 0.025

OR, Odds Ratio; 95% CI, 95% confidence interval; SCC-Ag, squamous 
cell carcinoma antigen; LNM, lymph node metastasis;score_hc, 
radiomics score of handcrafted signature; score_dl, radiomics score 
of deep signature.

Figure 3. Calibration curves of the radiomics model in the training cohort (A) and validation cohort (C). Calibration curves 
depicted the calibration of the radiomics model in terms of agreement between the predicted risk of lymph node metastases 
(LNM) and observed outcomes of LNM. The diagonal blue line represented a perfect prediction by an ideal model, and the dotted 
red line represented the predictive performance of the model. Closer fit of the red line to the diagonal blue line represented a bet-
ter prediction. Receiver operating characteristic (ROC) curves to discriminate LNM (+) from LNM (-) for the radiomics model, and 
the radiomics signature and SCC-Ag alone in the training cohort (B) and the validation cohort (D). The radiomics model achieved 
stronger discriminatory ability than either the radiomics signature or SCC-Ag alone in discriminating LNM (+) from LNM (-) both 
in the training cohort and in the validation cohort.

http://birpublications.org/bjr
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DISCUSSION
In the present study, we developed and validated a nomogram for 
the preoperative diagnosis of LNM in patients with early-stage 
CSCC. The radiomics nomogram, which incorporated the radio-
mics signature based on T2-FS images and SCC-Ag levels, exhib-
ited favorable discrimination of LN status with an AUC as high as 
0.852 in the training cohort, and demonstrated similar discrim-
ination in the validation cohort (AUC = 0.815). The comparable 
discrimination implied that the nomogram that incorporated the 
radiomics signature and SCC-Ag levels was robust in quantifying 
an individual’s risk of LNM.

LN status is one of the most important factors affecting clinical 
decision-making between either surgery or radical chemoradio-
therapy. Many attempts have been made to improve the precision 
of LN status evaluation before operating. Several previous studies 
found that radiomics analysis of MRIs, with AUCs of 0.753 to 
0.895, can enable superior prediction of LNM in patients with 
early-stage cervical cancer.14,15,26 A number of studies also have 
reported that elevated levels of SCC-Ag in early-stage cervical 
cancer were significantly associated with LNM, suggesting 
that SCC-Ag may be a useful marker for predicting LNM of 
CSCC.17,19,27 In our study, the AUCs of the SCC-Ag level alone in 
the training cohort and validation cohort were 0.735 and 0.688, 
respectively, which is similar to previous study (with AUC of 
0.763).17SCC-Ag is present in the normal squamous epithelium 
and is produced in large amounts by malignant proliferative squa-
mous epithelium. It is an important tumor marker for CSCC and 

widely used for the diagnosis of CSCC, therapeutic effect evalua-
tion, and follow-up monitoring.28–31 Unlike previous studies, our 
study incorporated the radiomics signature and SCC-Ag levels to 
develop a radiomics model for preoperative prediction of LNM 
in patients with early-stage CSCC. The results suggested that the 
radiomics model achieved greater predictive efficacy than either 
the radiomics signature or the SCC-Ag levelalone.

Most radiomics features are sensitive to image acquisition and 
reconstruction parameters, which affects its reproducibility and 
validity.32 Because of the inconsistent scanning sequences and 
parameters, and the low number of cases in our study, we only 
took the role of radiomics features based on T2-FS into account 
in detecting LNM. However, the predictive efficacy is satisfactory 
in our study, which is close to the results of the study done by Wu 
et al (with AUCs of 0.895 and 0.847 in the training and valida-
tion cohorts, respectively).15 T2-weighted imaging (T2WI) is the 
basic gynecologic pelvic MR imaging sequence, and the patho-
logical processes of the uterus are best identified on T2WI.33–35 
Compared to other MR imaging sequences, we can accurately 
delineate the local extent of a tumor and depict extra uterine 
tumor spread on T2WI. Most of the studies based on MR used T2 
or T2-FS weighted sequence as the basic sequence for radiomics 
studies, including the studies of cervical cancer.14,15,36 In Wu’s 
study, radiomics model based on T2WI was more sensitivity than 
other models in predicting LNM in cervical cancer.15A study 
on soft tissue sarcoma found that radiomics model based on 
T2-FS showed the best reproducibility among the model based 

Figure 4. Radiomics model nomogram. The radiomics nomogram incorporating radiomics signature and SCC-Ag was generated 
in the training cohort. Abbreviations: SCC-Ag, squamous cell carcinoma antigen; score_hc, radiomics score of handcrafted signa-
ture; score_dl, radiomics score of deep signature.

http://birpublications.org/bjr
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on contrast-enhanced T1W fat-saturated sequence and the 
combined model.37 Of course, we believe that the discriminative 
performance of the radiomics model that combine the radiomics 
signature based on T2WI, diffusion-weighted imaging (DWI), 
and dynamic contrast-enhanced (DCE) imaging with SCC-Ag 
level analysis may be improved as well, which is worth future 
exploration.

Compared with two previous studies regarding using radiomics 
to detect LNM in patients with early-stage cervical cancer,14,15 
our study has three main advantages. Firstly, our study is 

focused on squamous cell carcinoma, which is the most patho-
logical subtype of cervical cancer and can be learned by biopsy. 
Secondly, our study verified that SCC-Ag was a useful marker for 
predicting LNM of CSCC. The radiomics model that incorpo-
rated radiomics and SCC-Ag levels achieved greater predictive 
efficacy than SCC-Ag level analysis alone. Thirdly, in our study, 
deep learning features were extracted and utilized with hand-
crafted features for model building. The deep learning features 
and handcrafted features were combined through stacking 
algorithm, which build the final model with the predictions of 
base learner. Stacking algorithm can achieve a better result by a 
compromise between bias and variance.38

There are also several limitations of our study. First, it is a single-
centered retrospective study and the sample size of patients 
recruited is relatively small. A multicentred study with a larger 
sample size will be able to confirm the discriminative efficacy of 
the radiomics model we propose in the present study. Second, we 
only extracted radiomics features from T2-FS images. Functional 
MR imaging has proved valuable for tissue characterization.39 
For example, DWI can provide information about water mobility, 
tissue cellularity and the integrity of cellular membranes. DCE 
can be used to evaluate tissue perfusion and capillary perme-
ability. Therefore, future studies are essential for exploring the 
discriminative performance of the radiomics model based on the 
incorporation of conventional and functional MRI and SCC-Ag 
analysis.

In conclusion, our study constructed a radiomics nomogram 
that incorporated both the radiomics signature based on a hand-
crafted features model and a deep learning features model and 
SCC-Ag levels, and this nomogram can be conveniently applied 
in the preoperative prediction of LNM in patients with early-
stage CSCC.
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Figure 5. Decision curve analysis for the radiomics model 
compared with the radiomics signature and SCC-Ag alone. 
The x-axis represented the threshold probability and the 
y-axis measured the net benefit. The red line represented the 
radiomics model. The blue line represented the SCC-Ag. The 
green line represented the assumption that all patients had 
lymph node metastases (LNM). The black line represented 
the hypothesis that no patients had LNM. Across the majority 
of the range of risk thresholds, the radiomics model had the 
highest net benefit compared with that of either the radiom-
ics signature or the SCC-Ag alone, and simple strategies such 
as the treat-all strategy or the treat-none strategy.
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