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ABSTRACT 

Lymphovascular space invasion (LVSI) is an important determinant for selecting treatment plan in 

cervical cancer (CC). For CC patients without LVSI, conization is recommended; otherwise, if LVSI is 

observed, hysterectomy and pelvic lymph node dissection are required. Despite the importance, current 

identification of LVSI can only be obtained by pathological examination through invasive biopsy or after 

surgery. In this study, we provided a non-invasive and preoperative method to identify LVSI by radiomics 

analysis on T2-magnetic resonance image (MRI), aiming at assisting personalized treatment planning. 

We enrolled 120 CC patients with T2 image and clinical information, and allocated them into a training 

set (n = 80) and a testing set (n= 40) according to the diagnostic time. Afterwards, 839 image features 

were extracted to reflect the intensity, shape, and high-dimensional texture information of CC. Among 

the 839 radiomic features, 3 features were identified to be discriminative by Least absolute shrinkage 

and selection operator (Lasso)-Logistic regression. Finally, we built a support vector machine (SVM) to 

predict LVSI status by the 3 radiomic features. In the independent testing set, the radiomics model 

achieved area under the receiver operating characteristic curve (AUC) of 0.7356, classification accuracy 

of 0.7287. The radiomics signature showed significant difference between non-LVSI and LVSI patients 

(p<0.05). Furthermore, we compared the radiomics model with clinical model that uses clinical 

information, and the radiomics model showed significant improvement than clinical factors 

(AUC=0.5967 in the validation cohort for clinical model). 
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1. INTRODUCTION 

Cervical cancer is the second leading cause of cancer death in women [1]. Lymphovasucular space 

invasion (LVSI) has been proved to be an important independent prognostic factor [2] and an important 



determinant for treatment planning in cervical cancer (CC). The NCCN (National Comprehensive Cancer 

Network, NCCN) guidelines for CC consider LVSI as an important determinant in selecting appropriate 

treatment plan. Early cervical cancer with or without LVSI has completely different therapeutic plan. For 

cervical cancer patients with FIGO IA1 stage, conization is recommended for tumor without LVSI, 

however, patients with LVSI need radical hysterectomy and pelvic lymph node dissection, even with 

stage of IA1. In addition, according to SEDLIS criteria, pathologically proved LVSI positive is the main 

indication for external pelvic radiotherapy after radical hysterectomy [3]. Despite the importance of 

detecting LVSI status, current diagnosis of LVSI can only be obtained by pathological examination 

through invasive biopsy or after surgery.  

Benefiting from the ability to noninvasively visualize a cancer’s appearance on a macroscopic 

level [4], medical imaging demonstrated strong value in tumor analysis such as tumor volume 

measurement [5, 6] and predicting genetic mutation status and prognostic risk [7-9]. Magnetic resonance 

image (MRI), as a routinely used medical imaging modality, contains many mineable features associated 

with outcomes of cancer [10] such as in reflecting the treatment response of CC [11]. Quantitative 

analysis methods using medical images for clinical outcome prediction is defined as “radiomics” analysis 

[4]. Instead of analyzing medical images through radiologists’ experience, radiomics analysis provides 

unified and quantized measurement of image information to avoid inter-observer variance. In addition, 

radiomics methods can mine thousands of image features from visual-level characteristics to high-

dimensional non-linear features that cannot be described visually. Most importantly, through the 

automatic feature selection and model building procedures, radiomics model selects and combines the 

most important image features that are associated with specific clinical outcomes.  

Since very few methods can be used to non-invasively predict LVSI status before operation, we 

provide a non-invasive and preoperative method to identify LVSI status by radiomics analysis on T2-

weightd MRI, aiming at assisting personalized treatment planning. 

 

2. METHODS 

2.1. Patients and data acquisition 

With the institutional review board approval, we collected 120 patients from Henan Provincial 

People’s Hospital between October 2015 to December 2017. The patients were allocated into a training 

set and a testing set according to the diagnostic time at a ratio of 2:1. Therefore, the first 80 patients 

comprised the training set while the remaining 40 patients comprised the testing set. 

T2-weightd MRI (T2-MRI) and clinical characteristics including age, menstrual status, the stage of 

International Federation of Gynecology and Obstetrics (FIGO stage) and tumor size were collected for 

all the patients. The LVSI status of patients were confirmed by histological examination. Parameters for 

the T2-MRI were: TR = 2800 ms, TE = 70 ms, FOV = 340 * 340 mm, Matrix = 256*256, Thickness = 

4.0 mm, and Gap = 1.0 mm.  

Table1 listed all the clinical characteristics of patients from the training and testing sets. This table 

indicates that all the clinical characteristics do not have significant difference between the training set 

and the testing set. Here, we used independent samples t test to assess the difference of age between the 

two sets; and used chi-square test to evaluate the difference of menstrual status, FIGO stage, tumor size 

and LVSI status between the training set and the testing set. 

Table.1. Clinical characteristics of the patients 

Characteristics Training Set Validation Set P-value 



Age (mean, range, years)  49.20 (29 , 67) 50.45 (32 , 75) 0.214 

Menstrual status   0.602 

Premenopausal 44 24  

Postmenopausal 36 16  

FIGO Stage   0.161 

IB 37 25  

IIA 32 13  

IIB 11 2  

Tumor size   0.354 

≤4cm 64 29  

＞4cm 16 11  

LVSI status   0.108 

LVSI 25 7  

Non-LVSI 55 33  

Note: All the clinical characteristics do not have significant difference between the training set and the testing set. 

 

2.2. Radiomics analysis 

We used a radiomics analysis method on T2-MR image to predict LVSI status non-invasively, which 

includes four steps: 1) tumor segmentation, 2) feature extraction, 3) feature reduction and 4) model 

building. The following figure 1 illustrated the radiomics analysis process for LVSI status prediction. 

 

Fig.1. The radiomics analysis process for LVSI prediction in cervical cancer. 

 

 Since we predict the LVSI status according to tumor information, tumor segmentation is necessary 

for further feature extraction. We manually segmented tumor boundary by ITK-SNAP toolkit 

(www.itksnap.org) on each axial slice of the T2-MRI for each patient. The following analysis was 

performed only inside the tumor area (defined as region of interest, ROI). Within the tumor ROIs, we 

extracted 839 image features including intensity features, shape features, texture features and wavelet 

features by PyRadiomics toolkit [12]. The intensity features, shape features and texture features were 

extracted in the original T2-MRI; and the wavelet features were extracted from the wavelet-decomposed 

images on three directions of the original T2-MRI. Afterwards, we used logistic regression with L1 

regularization for feature reduction using the following loss function L(𝑤). 

L(𝑤) =
1

𝑁
∑ [𝑦𝑛𝑙𝑜𝑔𝑝𝑛 + (1 − 𝑦𝑛)𝑙𝑜𝑔(1 − 𝑦𝑛)] + 𝜆|𝑤|

𝑁

𝑛=1
 

In this equation, 𝑝𝑛 is the output of the logistic regression, and 𝑦𝑛 is the LVSI status (1 for LVSI, 0 for 

non-LVSI). |𝑤|  is the L1 regularization term. Benefiting from the L1-regularization, the logistic 



regression selects features by shrinking the coefficients of trivial features towards zero. The regulation 

parameter λ determines the amount of reserved features: a larger λ would reserve less features. In this 

study, the regulation parameter λ (log-scale) was chosen with grid-mesh method, where the minimal λ 

was set as 0.1; and the number of λ was set as 100. The λ achieving the minimal misclassification error 

in the training set with five-fold cross-validation was chosen as the optimal regulation parameters.  

Based on the selected features, we used a support vector machine (SVM) model to build the 

associations between the images features and LVSI status. The SVM model used radial basis function as 

kernel function and predicts a probability of the tumor being LVSI. To quantitatively evaluate the 

performance of the radiomics model, we trained the model in the training set and validated its 

performance in the independent testing set. The radiomics model was assessed by the area under the 

Receiver Operating Characteristic (ROC) curve (AUC), classification accuracy, sensitivity and 

specificity.  

 

3. RESULTS 

After feature reduction, 3 discriminative features were selected from the 839 features. These three 

features are all derived from wavelet-decomposed T2-DWI images, including: 1) the energy of the 

wavelet-transformed image in HHL direction, 2) the high gray level emphasis of the wavelet-transformed 

image in HLH direction, and 3) the 90 percentile of the intensity of wavelet-transformed image in LLL 

direction.  

Based on the selected features, the radiomics model achieved AUC=0.8094, accuracy=0.7108 in 

the training set, and AUC=0.7356, accuracy=0.7287 in the independent testing set. Table 1 listed the 

detailed results of the radiomics model. Moreover, figure 2a plotted the ROC curves of the radiomics 

model in the training and testing sets. In addition, we illustrated the distribution of the radiomics-

predicted score in figure 2b, which indicates that the radiomics score has significant difference between 

LVSI patients and non-LVSI patients (p < 0.05). More importantly, we compared the radiomics model 

with clinical model that utilizes clinical characteristics in table 1. The performance of the clinical model 

is only AUC=0.6326 in the training set and AUC=0.5967 in the testing set. Therefore, the radiomics 

model demonstrated much improvement than clinical characteristics, and provides a non-invasive 

method for LVSI status prediction. 

Table 2 Performance of the radiomics model 

Evaluation Metrics Training Set Testing Set 

AUC (95% CI) 0.8094 (0.7761, 0.8427) 0.7356 (0.6790, 0.7920) 

Accuracy (95% CI) 0.7108 (0.6740, 0.7475) 0.7287 (0.6780, 0.7793) 

Sensitivity (95% CI) 0.7493 (0.7007, 0.7978) 0.8336 (0.7696, 0.8975) 

Specificity (95% CI) 0.6633 (0.6067, 0.7198) 0.6431 (0.5706, 0.7154) 

Note: AUC is area under the receiver operating characteristic curve; CI is confidential interval. 



 

Fig.2. a) The ROC curves of the radiomics model: b) Distribution of the radiomics predicted score. 

 

4. CONCLUSIONS 

In this study, we proposed a radiomics analysis method on T2-MR image to predict LVSI status in 

patients with cervical cancer. The identification of LVSI status is important for cervical cancer since it 

affects the following treatment planning. However, the LVSI status can only be identified by invasive 

histological examination currently. Therefore, we provided a non-invasive model to predict the LVSI 

status by T2-MR image that is routinely used for cervical cancer diagnosis. Furthermore, the radiomics 

model showed much improvement than using clinical characteristics for prediction (AUC=0.7356 for 

radiomics model and AUC=0.5967 for clinical model in the testing set). Therefore, the radiomics analysis 

of T2-MR image data can provide a non-invasive method for LVSI status prediction in cervical cancer, 

which can further assist treatment planning. 
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