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Background and purpose: Robust parameters are needed to predict lymph node metastasis (LNM) in
locally advanced cervical cancer patients in order to select optimal treatment regimen. The aim of this
study is to utilize radiomics analysis of magnetic resonance imaging (MRI) to improve diagnostic perfor-
mance of LNM in cervical cancer patients.
Materials and methods: A total of 189 cervical cancer patients were divided into a training cohort
(n = 126) and a validation cohort (n = 63). For each patient, we extracted radiomic features from intratu-
moral and peritumoral tissues on sagittal T2WI and axial apparent diffusion coefficient (ADC) maps.
Afterward, the radiomic features associated with LNM status were selected by univariate ROC testing
and logistic regression with the least absolute shrinkage and selection operator (LASSO) penalty in the
training cohort. Based on the selected features, a support vector machine (SVM) model was established
to predict LNM status. To further improve the diagnostic performance, a decision tree which combines
the radiomics model with clinical factors was built.
Results: Radiomics model of the intratumoral and peritumoral tissues on T2WI (T2tumor+peri) showed best
sensitivity and clinical LN (c-LN) status showed best specificity to predict LNM. The decision tree that
combines radiomics model of T2tumor+peri and c-LN status achieved best diagnostic performance, with
AUC and sensitivity of 0.895 and 94.3%, 0.847 and 100% in the training and validation cohort respectively.
Conclusions: The decision tree, which incorporates radiomics model of T2tumor+peri and c-LN status can be
potentially applied in the preoperative prediction of LNM in locally advanced cervical cancer patients.

� 2019 Elsevier B.V. All rights reserved. Radiotherapy and Oncology 138 (2019) 141–148
The primary treatment for stage Ib-IIa cervical cancer is either
surgery or chemoradiotherapy, which have similar survival rates
[1]. Complete lymphadenectomy is recommended by the US
National Comprehensive Cancer Network (NCCN) for the surgery
of cervical cancer patients. Adjuvant chemoradiotherapy is needed
if lymph node metastasis (LNM) is detected histopathologically
after surgery. Combined surgery and chemoradiotherapy is associ-
ated with increased adverse effects and more complications and
should be avoided in the treatment plan [1]. Criteria for selecting
cervical cancer patients for radical hysterectomy should be defined
so that postoperative adjuvant chemoradiotherapy will be given to
a maximum of 5% to 20% of the patients [2]. Thus a preoperative
and noninvasive test to determine lymph node (LN) status with
high diagnostic performance is of great importance to select the
most appropriate treatment option and avoid unnecessary surgical
intervention for locally advanced cervical cancer patients.

Many attempts have been made to improve the precise LN sta-
tus evaluation before operation, including magnetic resonance
imaging (MRI), positron emission tomography (PET)-computed
tomography (CT) and sentinel lymph node (SLN) biopsy, with
SLN providing best diagnostic accuracy, followed by PET-CT and
MRI [3]. However, unusual lymphatic drainage patterns that exist,
the preoperative lymphoscintigraphy, and experience of the sur-
geons in SLN biopsy influence the SLN biopsy results [4,5].
Although PET-CT is superior to MRI, considering the limited
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PET-CT facilities and extensive clinical application of MRI for
pretherapeutic evaluation of cervical cancer, it is worthwhile to
explore parameters of MRI to diagnose LN metastasis (LNM) [6].
Besides, MRI was more sensitive than PET/CT for detecting meta-
static LN in patients with cervical cancer [7]. MRI has long been
the modalities of choice for the preoperative detection of LNM in
patients with cervical cancer according to morphologic criteria
such as size and shape. However, these methods cannot help detect
small metastatic LN and may be falsely positive in LNs enlarged
owing to hyperplasia. Quantitative analysis based on both tumor
and LNs resulted in inconsistent results, which may be due to the
inferior capability of parameters reflecting tumor heterogeneity
and the difficulty in the one-by-one correspondence with image
and pathology [8–11].

Radiomics analysis can provide various high-dimensional data
that reflect tumor heterogeneity which cannot be identified by
general gross observation [12–15]. Radiomics analysis has showed
potential in the preoperative evaluation of LN status in colorectal,
bladder and breast cancer, with AUC of 0.736–0.926 [16–19].

Primary tumors metastasize through lymphatics to regional LNs
[20]. Functional lymphatics is absent in many tumors but can be
identified in the tumor margin and peritumoral tissue [21–23].
Active lymphangiogenesis with abnormal function of altered
lymph flow can occur in the peritumoral tissue [21] and lymphat-
ics in the tumor margin facilitate lymphatic metastasis [24]. The
peritumoral tissue plays an important role in the process of LN
metastasis. To the best of our knowledge, there has been no radio-
mics study for the preoperative prediction of LN metastasis based
on cervical cancer and peritumoral tissues.

Hence, in this study, we sought to utilize radiomics analysis of
MRI based on both of the intratumoral and peritumoral tissues to
improve diagnostic performance for the preoperative prediction
of LN metastasis in patients with cervical cancer.
Materials and methods

Patients

Our institutional review board approved this retrospective
study and the informed consent from patients were waived.

A total of 189 consecutive patients with cervical cancer who
were treated between March 2012 and December 2017 were
enrolled in our study, according to the following inclusion criteria:
(i) patients who underwent radical hysterectomy and pelvic lym-
phadenectomy; (ii) All patients who received no treatment before
MRI examination; (iii) patients whose MRI including sagittal T2WI
and axial DWI was performed fewer than 15 days before surgery.
The exclusion criteria were as follows: (i) patients who underwent
preoperative therapy (neoadjuvant chemotherapy, radiotherapy,
or conization); (ii) lesions invisible on both sagittal T2WI and axial
DWI; (iii) poor image quality because of patients’ motion during
examination and chemical shift artifacts from gas in the colon
and rectum; (iv) suffering from other rare types of cervical tumor.

Patients’ characteristics including age, menstrual status, Inter-
national Federation of Gynecology and Obstetrics (FIGO) stage,
histopathological features after surgery including tumor type, LN
and lymphovascular space invasion (LVSI) status were obtained
by reviewing the medical records. All MRI scans were reviewed
by two radiologists with 9 and 8 years of experience in pelvic dis-
ease interpretation. The maximal tumor diameter (MTD), the short
diameter of largest LN in pelvic area were recorded. Based on com-
monly used criteria in daily clinical practice, patients with the
short diameter of largest LN larger than 10 mm were regarded as
positive clinical LN (c-LN) status [25]. Any disagreement was
resolved by consultation.
MRI acquisition

All patients underwent pelvic MRI using one of the two 3.0-T
MR image systems, either with (Discovery MR 750; GE Medical
Systems, Milwaukee, Wis) or (Magnetom TrioTim; Siemens
Healthineers) equipped with an 8-channel phased-array coil in
supine position. Sagittal T2WI (TR/TE: 4000/87 ms;
FOV = 320 � 260 mm2; matrix = 348 � 299; slice thickness/gap:
4/1mm) and Axial DWI (TR/TE: 4616/76 ms; FOV:
300 � 300 mm2; matrix: 200 � 196; slice thickness/gap: 6/1 mm;
b values of 0 and 800 s/mm2) were obtained using single-shot
spin-echo echo-planar imaging (EPI)) were retrieved from the
picture archiving and communication system (PACS) for image
feature extraction.
Image segmentation

ITK-SNAP software were explored for three-dimensional man-
ual segmentation (open source software; www.itksnap.org). All
manual segmentations of the intratumoral and peritumoral tissues
on sagittal T2WI and axial DWI were done by a radiologist who had
8 years of experience in gynecological MR imaging, and each seg-
mentation was validated by a senior radiologist, who had 9 years
of experience. The peritumoral tissue was defined as 5 pixels larger
around the tumor [26]. Apparent diffusion coefficient (ADC) maps
were generated using monoexponential model according to the
two b values of DWI. Intratumoral and peritumoral tissues were
annotated on DWI with b value of 800 s/mm2 and then copied to
the corresponding ADC maps [27]. The radiomics workflow is pre-
sented in Fig. 1.
Radiomic feature extraction

After intratumoral and peritumoral tissues were manually seg-
mented, an open-source software named PyRadiomics was used
for radiomic feature extraction [28]. T2WI and ADC maps were
standardized by z-score normalization to obtain a standard normal
distribution of the image intensities. Afterward, we extracted
radiomic features of intratumoral and peritumoral tissues on
T2WI and ADC maps respectively.

From each of intratumoral and peritumoral tissues on T2WI
(T2tumor and T2peri), we extracted 1299 radiomic features including
(i) 19 intensity features: these features are the first-order statistics
calculated from the tumor intensities such as entropy, reflecting
the signal intensity for different tumors, (ii) 16 shape features:
evaluate the size and shape information of tumor, which are com-
monly used for identifying LN in clinical, (iii) 74 texture features:
these features measure the relationship between each tumor voxel
and its surrounding environments, which can quantify intra-tumor
heterogeneity and complex tumor patterns such as the use of size-
zone matrix [29], (iv) 736 wavelet features: we decomposed the
MR image into low and high frequencies and extracted the features
in group i and ii from each frequency range. The wavelet transfor-
mation enables us to quantify high-dimensional multi-frequency
tumor information that are difficult to be visually interpreted,
and (v) 460 Laplacian of Gaussian (LoG) features: these are textural
features extracted after a Laplacian of Gaussian spatial band-pass
filter. These features describe the tumor information from multi-
scale space that combines both the very detailed and macroscopic
tumor texture patterns. From each of intratumoral and peritumoral
tissues on ADC maps (ADCtumor and ADCperi), we extracted the first
four groups of features as in the T2WI. The resolution of the ADC
maps is lower than that of T2WI. Therefore, we excluded the LoG
features for ADCmaps since the multi-scale space information con-
tains much noise when the spatial resolution is low. Finally, 1299
radiomic features were extracted for each of the T2tumor and T2peri
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Fig. 1. The radiomics workflow.
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areas; and 838 radiomic features were extracted for each of the
ADCtumor and ADCperi areas.
Radiomic feature selection

Although the radiomic features reflect tumor information from
various perspectives, not all of them are correlated with LNM. Con-
sequently, we used a two-step feature selection to reserve the
important features that are highly associated with LNM. First, we
examined the univariate predictive performance for all the radio-
mic features by univariate ROC testing in the training cohort.
According to the area under the ROC curve (AUC), the first 20% fea-
tures with the highest AUC were selected for candidate. Second, we
used regularized multivariate logistic regression with the least
absolute shrinkage and selection operator (LASSO) penalty for mul-
tivariate feature selection. The LASSO regularization involves a
parameter k to control the number of selected features where a lar-
ger k reserves more features. To obtain an optimal feature number
and avoid over-fitting, we used 5-fold cross validation in the train-
ing cohort to choose the optimal k. The k value that maximized the
AUC in the training cohort was selected as the optimal regulariza-
tion parameter, and the feature number was therefore determined
automatically by the k [30].
Radiomics model building

After feature selection, we used a support vector machine
(SVM) model to predict the LNM by the selected features. The
SVM model used a radial basis kernel and a regularization param-
eter C. To determine the optimal C value that controls the general-
ization ability of the SVM model, we used 5-fold cross validation in
the training cohort. The C value that maximized the AUC in the
training cohort was selected as the optimal regularization param-
eter. After being trained in the training cohort with the optimal C
value, the SVM model predicts a radiomics signature indicating
the LNM probability for each patient.
Statistical analysis

All the statistical analyses in this study were implemented with
SPSS 21 and python 2.7. The independent sample t test was used to
assess the significance of the mean value on age between LNM pos-
itive and LNM negative groups. The chi-squared test was used to
evaluate the significance of the categorical variables such as
menstrual status, FIGO stage, MTD, histology and lymphovascular
(LVSI) between LNM positive and LNM negative groups in the
training and validation cohorts, respectively. For the variables that
have frequency less than 5, the Fisher’s exact test was used. P value
of less than 0.05 was considered as a significant difference. The
logistic regression with LASSO penalty and the SVM model were
implemented using python 2.7 in the scikit-learn package.
Results

Demographic and clinical data

Of the 429 patients with cervical cancer scheduled for radical
hysterectomy and pelvic lymphadenectomy between March 2012
and December 2017, 145 patients who underwent preoperative
neoadjuvant chemotherapy or radiotherapy and 34 patients who
underwent preoperative conization were excluded; 40 patients
were excluded because of lesions of cervix were invisible on
MRI; 11 patients were excluded because of poor image quality
either due to motion or chemical shift artifact; and 10 patients
were excluded because they suffered from rare tumor type of cer-
vix, including 2 patients with carcinosarcoma, 3 patients with neu-
roendocrine carcinoma, 1 patient with polypoid adenomyoma, 1
patient with myofibroblastoma, 1 patient with follicular soft tissue
sarcoma, 2 patients with small cell tumors; finally, 189 patients
fulfilled the eligibility criteria and were enrolled (Fig. 2). All the
enrolled patients were sorted in chronological order, the first 2/3
(126 patients between March 2012 and March 2017) constituted
the training cohort, and the last 1/3 (63 patients between March
2017 and December 2017) constituted the validation cohort.
Patients’ Characteristics were given in Table 1.

LNM prevalence was 27.8% and 22.2% in the training and valida-
tion cohorts, respectively. Distribution of clinical (patients age,
FIGO stage, menstrual status), MTD, c-LN status and pathological
characteristics (histology, LVSI) were balanced between the train-
ing and validation cohorts. The MTD and c-LN status showed statis-
tical difference between patients with and without LNM both in
the training and validation cohorts, as were shown in Table 1.
Feature selection and radiomics model building

The c-LN status showed differential diagnosis of LNM in both
the training cohort (AUC = 0.695, accuracy = 82.5%, sensitiv-
ity = 40.1% and specificity = 98.8%) and the validation cohort



Fig. 2. The patients’ recruitment pathway.

Table 1
Characteristics of patients in the training and validation cohorts.

Training Cohort n = 126 Validation Cohort n = 63 Py
Characteristics LNM(+) 35(27.8) LNM(�) 91(72.2) P LNM(+) 14(22.2) LNM(�) 49(77.8) P 0.411

Age, years 0.634 0.431 0.885
Mean 49 50 48 50
Range 33–67 27–71 29–67 32–75

Menstrual status (N. %) 0.421 0.229 0.836
Premenopausal 22(62.9) 50(54.9) 10(71.4) 25(51.0)
Postmenopausal 13(37.1) 41(45.1) 4(28.6) 24(49.0)

FIGO Stage (N. %) 0.582 <0.0001 0.280
IB 17(48.6) 38(41.8) 3(21.4) 32(65.3)
IIA 13(37.1) 43(47.3) 5(35.7) 16(32.7)
IIB 5(14.3) 10(11.0) 6(42.9) 1(2.0)

MTD (N. %) 0.001 0.007 0.405
�4 cm 20(57.1) 77(84.6) 6(42.9) 39(79.6)
＞4 cm 15(42.9) 14(15.4) 8(57.1) 10(20.4)

c-LN status (N. %) <0.0001 0.001 0.694
Negative 18(51.4) 85(93.4) 6(42.9) 44(89.8)
Positive 17(48.6) 6(6.6) 8(57.1) 5(10.2)

Histology (N. %) 0.603 1.000 0.592
SCC 30(85.7) 77(84.6) 13(92.9) 44(89.8)
AC 5(14.3) 10(11.0) 1(1.1) 4(8.2)
ASC 0(0) 4(4.4) 0(0) 1(2.0)

LVSI (N. %) <0.0001 0.035 0.148
Negative 11(31.4) 63(69.2) 3(21.4) 27(55.1)
Positive 24(68.6) 28(30.8) 11(78.6) 22(44.9)

Note: p is derived from the univariable association analyses of each clinicopathologic variable between patients with and without LNM in the training and validation cohort
respectively. py represents the difference of each clinicopathological variable between the training and validation cohorts.
Abbreviations: LNM: lymph node metastasis; c-LN status: clinical lymph node status; SCC: squamous cell carcinoma; AC: adenocarcinoma; ASC: adenosquamous carcinoma;
LVSI: lymphovascular invasion.
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(AUC = 0.717, accuracy = 87.4%, sensitivity = 43.1% and speci-
ficity = 100%) as shown in the Table 2. Among all the preoperative
clinical factors in Table 1, the c-LN status, MTD and FIGO stages
showed significant difference (p < 0.05) between LNM positive
and LNM negative groups in either the training cohort or the vali-
dation cohort. Among all the preoperative clinical factors, c-LN sta-
tus is the best clinical factor for LNM status prediction (Table 2),
which is consistent with prior studies [8,17]. The clinical model
incorporating c-LN status, MTD and FIGO stages showed similar
performance compared with using c-LN status alone in the training
cohort (AUC = 0.731, accuracy = 84.2%, sensitivity = 51.5% and
specificity = 96.7%) and the validation cohort (AUC = 0.722, accu-
racy = 85.7%, sensitivity = 57.3% and specificity = 93.9%).

As single layer, radiomics model of intratumoral tissue on ADC
maps (ADCtumor) showed best sensitivity in predicting LNM, with
83.1% in the training cohort and 85.6% in the validation cohort;
radiomics model of peritumoral tissue on T2WI (T2peri) showed
high specificity with 97.8% in the training cohort and 95.8% in
the validation cohort.

When the intratumoral and peritumoral tissues were combined
together, T2WI showed best sensitivity in detecting LNM, with
91.4% and 85.7% in the training and validation cohort respectively.



Table 2
Performance of the clinical model and the radiomics model.

Training Cohort Validation Cohort

AUC ACC (%) SEN (%) SPE (%) AUC ACC (%) SEN (%) SPE (%)

Clinical c-LN 0.695 82.5 40.1 98.8 0.717 87.4 43.1 100
MTD 0.637 73.0 42.9 84.6 0.684 74.6 57.1 79.6
FIGO 0.551 51.6 62.9 47.3 0.485 39.7 64.3 32.7
c-LN+MTD+FIGO 0.731 84.2 51.5 96.7 0.722 85.7 57.3 93.9

Radiomics Single layer T2tumor 0.870 84.3 77.4 86.9 0.699 73.1 64.6 75.5
T2peri 0.871 80.9 36.9 97.8 0.739 84.1 43.0 95.8
ADCtumor 0.819 66.7 83.1 60.4 0.750 65.2 85.6 59.3
ADCperi 0.807 80.9 54.1 91.2 0.628 69.8 49.9 75.5

Two layers T2tumor+peri 0.975 87.2 91.4 85.7 0.794 73.1 85.7 69.4
ADCtumor+peri 0.890 83.4 57.3 93.4 0.665 71.4 49.4 77.7

Decision tree T2tumor+peri+c-LN 0.895 87.3 94.3 84.6 0.847 76.2 100 69.3

Table 3
Radiomic features for the model of T2tumor+peri.

No. Location Feature

1 T2tumor log-sigma-1-mm-3D_firstorder_Maximum
2 T2tumor log-sigma-2-mm-3D_glszm_Large Area Low Gray Level

Emphasis
3 T2tumor log-sigma-4-mm-3D_glszm_Large Area High Gray Level

Emphasis
4 T2tumor wavelet-HHH_first order_Skewness
5 T2tumor wavelet-HHH_gldm_Small Dependence High Gray Level

Emphasis
6 T2tumor wavelet-LHH_glcm_Correlation
7 T2tumor wavelet-LHL_glszm_Small Area Emphasis
8 T2tumor wavelet-LLH_glszm_Size Zone NonUniformity Normalized
9 T2peri log-sigma-2-mm-3D_glszm_Size Zone NonUniformity

Normalized
10 T2peri original_shape_Maximum 2D Diameter Row
11 T2peri wavelet-HHL_first order_Skewness
12 T2peri wavelet-LHH_ngtdm_Busyness
13 T2peri wavelet-LHL_first order_Median
14 T2peri wavelet-LLL_ngtdm_Busyness

Fig. 3. The decision tree for personalized evaluation of LNM in cervical cancer patients.
LNM, if LNM was considered high risk by the model, then we thought LNM was positiv
estimate if LNM did not exist. Patient with c-LN status negative was considered LNM ne
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In the combined model of T2tumor+peri, 14 features were selected
including 8 T2tumor features and 6 T2peri features, as illustrated in
Table 3. In the tumor area, 5 wavelet features and 3 LoG features
were identified. In the peritumoral area, the maximum tumor
diameter, 4 wavelet features and 1 LoG feature were reserved. All
these features reflect the shape, multi-frequency and multi-scale
texture information from both the intratumoral and peritumoral
tissues.

Radiomics model of T2tumor+peri showed best sensitivity in
detecting LNM, and c-LN status showed highest specificity. Thus
we proposed a decision tree combining both the Radiomics model
of T2tumor+peri and c-LN status for personalized evaluation of LNM,
as illustrated in Fig. 3. First, Radiomics model of T2tumor+peri was
employed to evaluate if the patients have LNM, if LNM was consid-
ered high risk by the model, then we thought LNM was positive for
this patient. If LNM was considered as low risk, c-LN status was
employed to estimate if LNM did not exist. Patient with c-LN status
negative was considered LNM negative and patient with c-LN sta-
tus positive was considered LNM positive.
First, Radiomics model of T2tumor+peri was employed to evaluate if the patients have
e for this patient. If LNM was considered as low risk, c-LN status was employed to
gative and patient with c-LN status positive was considered LNM positive.



Fig. 4. Representative images. The lesions in the frames on sagittal T2WI are cervical carcinomas and the lesions in the frames on DWI were lymph nodes. Patient 1, a
50-year-old female patient with moderately differentiated squamous cell carcinoma (SCC) and a maximal tumor diameter (MTD) of 3.6 cm, the short diameter (SD) of the
largest lymph node (LN) in pelvic area was 4.6 mm. She was classified as high risk for lymph node metastasis (LNM) by radiomics model of T2tumor+peri, with radiomics
signature of 0.39. This patient turned out to have metastatic LNs histopathologically after surgery. Patient 2, a 32-year-old female patient with poorly differentiated SCC and a
MTD of 2.6 cm, and SD of the largest LN was 7.5 mm. She was classified as low risk for LNM by radiomics model of T2tumor+peri and turned out to be LNM negative
histopathologically after surgery. Patient 3, a 40-year-old female patient with moderately differentiated SCC with a MTD of 4.7 cm. She was classified as high risk for LNM by
radiomics model of T2tumor+peri and turned out to have metastatic LN histopathologically after surgery. Patient 4, a 52-year-old female patient with poorly differentiated SCC
with a MTD of 1.7 cm. She was classified as low risk for LNM by radiomics model of T2tumor+peri and turned out to be LNM negative histopathologically after surgery.
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The decision tree that combined radiomics model of T2tumor+peri

and c-LN status achieved AUC = 0.895, sensitivity = 94.3% and
specificity = 84.6% in the training cohort, and AUC = 0.847,
sensitivity = 100% and specificity = 69.3% in the validation cohort.
Thirty-three out of 35, 14 out of 14 LNM patients in the training
and validation cohorts were identified as LNM with the decision
tree. Representative images of the personalized evaluation of
LNM in four cervical cancer patients were illustrated in Fig. 4.
Discussion

Robust parameters are needed to predict LNM in locally
advanced cervical cancer patients in order to select optimal treat-
ment regimen with either surgery or radical chemoradiotherapy. In
the present study, we developed a decision tree for personalized
preoperative evaluation of LNM in cervical cancer patients. This
decision tree incorporates radiomic features of intratumoral and
peritumoral tissues on T2WI and c-LN status. Following this deci-
sion tree, 94.3% and 100% LNM patients in the training and valida-
tion cohorts could be identified and have radical CCRT as their first
treatment choice, avoiding surgery and postoperative chemoradio-
therapy and more severe complications thereafter. The false nega-
tive rate, which equals 1 – sensitivity, should be avoided as much
as possible, since the false negative LN status would probably
result in the chosen of surgery as the first treatment choice, with
the following adjuvant chemoradiotherapy after postoperative
pathologically proved LN metastasis. Benefiting from the high sen-
sitivity of the decision tree, positive or suspicious lymph nodes
found by the decision tree might direct the gynecologist to convert
the treatment plan from surgery to radical chemoradiotherapy.
Thirty-two out of 35 patients with LNM in the training cohorts
and 14 out of 14 patients with LNM in the validation cohorts were
accurately diagnosed as LNM according to the decision tree, mean-
ing that most patients with LNM could be identified and benefit
from the decision tree we proposed.

Welch et al. suggested that the radiomics model and clinical
factors embedded in the predictive model should be independent
because multiple surrogates of the same feature included in the
model could impede predictive accuracy [31]. Therefore, we con-
ducted a series of experiments to evaluate the relationship
between the radiomics model and multiple clinical factors. The
results are shown in the Supplementary Table S1. (1) We evaluated
the univariate and multivariate predictive performance of the
three relevant preoperative clinical factors (c-LN status, MTD and
FIGO stages). As shown in Table 2 and Supplementary Table S1,
among the three clinical factors, the performance of identifying
LNM is c-LN status > MTD > FIGO, which is consistent with existed
studies. In addition, adding MTD and FIGO stages to the c-LN status
does not add much additional value since the improvement of add-
ing MTD and FIGO stages is limited especially in the validation
cohort. (2) We combined each clinical factor with the radiomics
model by decision tree, and assessed the performance of the com-
bined model. We find that combining radiomics model with c-LN
status achieves the best performance, indicating that c-LN status
contains much complementary information to the radiomics
model. (3) We find that adding all the three clinical factors into
the decision tree has similar results compared with adding only
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c-LN status into the decision tree. Moreover, the decision tree
involving only c-LN status gains the best sensitivity. Adding MTD
and FIGO stages to the Radi+c-LN model drops the sensitivity. This
is probably caused by the following reasons: (a) MTD reflects the
tumor size, which is already described by the radiomics model.
There is a radiomic feature named ‘‘original_shape_Maximum 2D
Diameter Row” in Table 3. This radiomic feature reflects the max-
imum diameter of tumor, which is similar to MTD. Therefore, MTD
is a redundant clinical factor to the radiomics model. (b) FIGO stage
is a subjective clinical diagnosis whose accuracy is limited, espe-
cially in advanced stages [32]. Moreover, FIGO stage in the training
cohort does not show significant difference between the LNM pos-
itive and LNM negative groups (p > 0.05). Therefore, FIGO stage
may not bring much discriminative performance. Among the three
clinical factors, MTD and FIGO stages are tumor-related features,
which may be redundant to the radiomics model since the radio-
mics model also describes tumor information. However, combining
c-LN status with the radiomics model improves the performance
because c-LN status is a tumor-independent parameter. Radiomics
model reflects tumor information, and c-LN status reflects lymph
node information. Therefore, the radiomics model is a complement
to c-LN status instead of a surrogate.

Different from previous studies, our study takes the role of
radiomic features of peritumoral tissue into account in detecting
LNM. In the validation cohort, single layer radiomic features of
ADCtumor showed best AUC and sensitivity, which is consistent
with our previous study [33]. Radiomic features of peritumoral tis-
sue on ADC maps showed lowest discriminative performance, as
we know, the peritumoral tissue displayed as relatively low homo-
geneous signal intensity (SI) on DWI and high SI on ADC maps,
which might provide less useful discriminative information. Thus,
when combined radiomic features of intratumoral and peritumoral
tissues on ADC maps together, the discriminative efficacy
decreased from 0.750 to 0.665. Contrary to ADC maps, the combi-
nation of intratumoral and peritumoral tissues on T2WI result in
the increase in sensitivity from 64.6% to 85.7%, illustrating that
peritumoral tissue of cervical cancer plays an important role in
the process of LNM. Heinzelbecker et al. found that lymph vessel
density (LVD) in distant normal, peritumor and intratumoral tis-
sues of testicular nonseminomatous germ cell tumors showed sig-
nificant difference, with intratumoral tissue showing least lymph
vessel density, and peritumor LVD was significantly greater in
patients with metastasis than those without metastasis [34]. The
significantly high specificity from radiomic features of peritumor
tissue on T2WI and the improvement of sensitivity when combined
intratumoral and peritumoral tissues together support that peritu-
moral tissue involves and plays an important role in the develop-
ment of a network of interactions that induce LNM of cervical
cancer. Currently, the mostly accepted criterion on MRI in the eval-
uation of pelvic LNM is the size of the lymph node (c-LN), with the
short axis of the LN larger than 1 cm indicating LNM. However, the
sensitivity of this criterion is extremely low with 30.3–61.0%
reported in the previous studies [8,25], which is in consistent with
the sensitivity of 40.1–43.1% in our study. By combining the radio-
mics model with c-LN status, the decision tree demonstrated high
sensitivity in detecting LNM both in the training and validation
cohorts, showing a great improvement in the preoperative LNM
detection.

A fundamental principle of personalized medicine is to develop
therapeutic strategies that address the biological heterogeneity
characteristics of cancer [35,36]. Radiomic features extracted from
medical imaging can quantify a large panel of phenotypic
characteristics which potentially reflect intra- and intertumor
heterogeneities [28,37]. The 14 radiomic features enrolled in the
model of T2tumor+peri include 8 from intratumoral tissue and 6 from
peritumoral tissue. In these features, the MTD was selected
automatically, which is consistent with the clinical experience that
the tumor size is associated with the LN status, as was shown both
in the training and validation cohorts in our study. Moreover, 9
wavelet features and 4 LoG features were included in the radiomics
model of T2tumor+peri. The wavelet features reflect multi-frequency
information of the tumor such as the skewness and texture pat-
terns in various wavelet-transformed frequency range. Similarly,
the LoG features extract discriminative texture patterns from mul-
tiple space scale. The wavelet and LoG features are extracted from
multiple frequency and spatial domain, which are difficult to be
visually interpreted in clinical. However, with the quantitative
radiomics analysis, these high-dimensional image features are
detected and integrated for LN status prediction.

There are some limitations of this study. First, since the radio-
mics analysis is based on intratumoral and peritumoral tissues,
some cervical cancer patients with FIGO stage IB invisible on sagit-
tal T2WI and DWI were excluded, thus the overall prediction value
might be underestimated or overestimated. Second, the sample
size of patients recruited in this single-centered retrospective
study is relatively small that the stratification analysis based on
FIGO stage, c-LN status was not done in the validation cohort
due to the limited sample size in these subgroups. Larger sample
size from multiple centers is needed to confirm the discriminative
efficacy of the decision tree we proposed in these subgroups. Third,
the LNM prediction is based on patients, rather than LNs, which
have limitation in identifying the number and location of meta-
static LNs. LN status evaluation based on LNs is needed in the
future studies. Fourth, we only used two b values (0 and 800 s/
mm2) in the DWI sequence. Using more and higher low b values
(e.g. b values >100 s/mm2), the discriminative performance of the
ADC map may be improved, which is worth our future exploration.

In conclusion, the peritumoral tissue of cervical cancer on T2WI
showed favorable value in discriminating LNM. The decision tree,
which incorporates radiomic features from intratumoral and peri-
tumoral tissues on T2WI and c-LN status, provides personalized
evaluation of LNM with high sensitivity and can be potentially
applied in the preoperative prediction of LNM in cervical cancer
patients.
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