:\' frontiers
in Oncology

ORIGINAL RESEARCH
published: 11 June 2021
doi: 10.3389/fonc.2021.621520

OPEN ACCESS

Edited by:
Po-Hsiang Tsui,
Chang Gung University, Taiwan

Reviewed by:

Michele Yip-Schneider,

Indiana University Bloomington,
United States

Stephanie Tanadini-Lang,

University Hospital Zirich, Switzerland
Matthew Toews,

Ecole de Technologie Supérieure
(ETS), Canada

*Correspondence:
Zhengrong Zhou
zhouzr-16@163.com

"These authors have contributed
equally to this work and share
first authorship

Specialty section:

This article was submitted to
Cancer Imaging and
Image-directed Interventions,
a section of the journal
Frontiers in Oncology

Received: 26 October 2020
Accepted: 12 May 2021
Published: 11 June 2021

Citation:

Xie T, Wang X,

Zhang Z and Zhou Z (2021)
CT-Based Radiomics Analysis for
Preoperative Diagnosis of Pancreatic
Mucinous Cystic Neoplasm and
Atypical Serous Cystadenomas.
Front. Oncol. 11:621520.

doi: 10.3389/fonc.2021.621520

Check for
updates

CT-Based Radiomics Analysis for
Preoperative Diagnosis of Pancreatic
Mucinous Cystic Neoplasm and
Atypical Serous Cystadenomas

Tiansong Xie "?*, Xuanyi Wang?°', Zehua Zhang ' and Zhengrong Zhou "**

" Department of Radiology, Shanghai Cancer Center, Fudan University, Shanghai, China, 2 Department of Oncology,
Shanghai Medical College of Fudan University, Shanghai, China, 3 Department of Radiation Oncology, Shanghai Cancer
Center, Fudan University, Shanghai, China, 4 Minhang Branch, Shanghai Cancer Center, Fudan University, Shanghai, China

Objectives: To investigate the value of CT-based radiomics analysis in preoperatively
discriminating pancreatic mucinous cystic neoplasms (MCN) and atypical serous
cystadenomas (ASCN).

Methods: A total of 103 MCN and 113 ASCN patients who underwent surgery were
retrospectively enrolled. A total of 764 radiomics features were extracted from
preoperative CT images. The optimal features were selected by Mann-Whitney U test
and minimum redundancy and maximum relevance method. The radiomics score (Rad-
score) was then built using random forest algorithm. Radiological/clinical features were
also assessed for each patient. Multivariable logistic regression was used to construct a
radiological model. The performance of the Rad-score and the radiological model was
evaluated using 10-fold cross-validation for area under the curve (AUC), sensitivity,
specificity, positive predictive value (PPV), negative predictive value (NPV) and accuracy.

Results: Ten screened optimal features were identified and the Rad-score was then built
based on them. The radiological model was built based on four radiological/clinical
factors. In the 10-fold cross-validation, the Rad-score was proved to be robust and
reliable (average AUC: 0.784, sensitivity: 0.847, specificity: 0.745, PPV: 0.767, NPV:
0.849, accuracy: 0.793). The radiological model performed slightly less well in
classification (average AUC: average AUC: 0.734 sensitivity: 0.748, specificity: 0.705,
PPV: 0.732, NPV: 0.798, accuracy: 0.728.

Conclusions: The CT-based radiomics analysis provided promising performance for
preoperatively discriminating MCN from ASCN and showed good potential in improving
diagnostic power, which may serve as a novel tool for guiding clinical decision-making for
these patients.
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INTRODUCTION

Due to the widespread use and development of cross-sectional
techniques, pancreatic cystic lesions (PCL) have increasingly
been accidentally discovered. According to previous reports,
the prevalence of occasionally detected PCL is between 3% and
14% (1). Among PCL, pancreatic cystic neoplasms encompass a
diverse group of histopathological entities with different
biological behaviors (2). Serous cystadenomas (SCN) represent
approximately 33% of PCL, which is now considered a mostly
benign cystic neoplasm in the pancreas (3). Most patients with
SCN do not need surgery unless they have noticeable symptoms
or preoperative diagnosis is unclear. However, in a large sample
size study (4), 61% of SCN patients received surgery, and 60% of
these surgeries were prompted by an unclear diagnosis.
Mucinous cystic neoplasm (MCN) is a easily misdiagnosed
lesion of SCN, which is characterized by columnar mucin-
producing epithelium supported by ovarian-type stroma (5).
Given the risk of malignant transformation, all MCN should
be surgically resected once detected. Therefore, differentiating
SCN from MCN is clinically critical, and radiology plays a pivotal
role in this task.

SCN exhibits variable macroscopic patterns (6, 7). In its most
classic imaging appearance, SCN manifests as a microcystic mass
with central sunburst-like calcification. This classic radiological
pattern comprises 70% of SCN and can be easily differentiated
from MCN. However, SCN with atypica
1 morphological patterns, such as the oligocystic or unilocular
variants, has a similar radiological appearance with MCN, making
preoperative differentiation difficult (8). Although previous studies
have demonstrated that some radiological features could help
differentiate atypical SCN (ASCN) and MCN (9-11), preoperative
diagnosis remains challenging. Thus, radiologists often report
“pancreatic cystadenomas” without highlighting serous or
mucinous in the clinical routine. As a result, clinicians apply an
aggressive treatment strategy and a significant number of patients
with ASCN undergo unnecessary surgery. Furthermore, endoscopic
ultrasonography helped in improving diagnostic accuracy with
biopsy or cyst fluid analysis guided by it, but its widespread use is
difficult to achieve in clinical settings due to invasiveness and
complex procedures (12, 13). Therefore, it would be of great
utility to develop an accurate, non-invasive, and convenient
diagnostic tool for ASCN and MCN patients.

Radiomics, an emerging field first introduced in 2012, extracts
a large number of quantitative features from medical imaging and
constructs associations between such features and tumor
heterogeneity (14). Nowadays, radiomics analysis based on large
image datasets has been widely studied in many aspects of
oncology (15). Some recently published studies have reported
that radiomics is valuable in discriminating SCN from MCN (16—
19), which provides a new prospect for resolving this clinical issue.
However, the sample size of the above studies is relatively small
and lack of validation, which may limit their clinical
transformation. In this study, we propose and validate a CT-
based radiomics score (Rad-score) to discriminate between ASCN
and MCN. We would compare the Rad-score to existing clinical
and radiological features in diagnostic performance.

MATERIALS AND METHODS
Study Population

This was a single-center study with patients retrospectively
enrolled from Fudan University Shanghai Cancer Center. The
ethics committee approved the study in our center and the
informed consent requirement was waived. A total of 216
patients who underwent surgery between January 2014 and
August 2020 were consecutively admitted. These included 103
patients with MCN and 113 patients with ASCN (including
oligocystic SCN and unilocular cystic SCN). Oligocystic SCN was
defined as SCN with few cysts (< 6) and a single-cyst size larger
than 2 cm. Unilocular cystic SCN was defined as SCN containing
a single cyst of any macroscopic size. Detailed inclusion and
exclusion criteria are listed in the Supplementary Materials.

CT Protocol

Patients underwent CT scans on multiple CT scanners
(SOMATOM Sensation64, SOMATOM Sensation40,
SOMATOM Definition AS, Siemens AG Medical Solutions;
Brilliance 64, Philips). The acquisition protocol satisfied the
following requirements: tube voltage: 120 KV; tube current:
90-270 mA; matrix: 256 x 256; thickness of reconstructed
images: 1 mm; three-phases scan; after plain scanning, two-
phase contrast-enhanced CT scans were initiated at 30 s (arterial
phase), 80 s (venous phase) after injection of the contrast agent.
With a high-pressure injector, 100 ml of a nonionic-contrast
agent was injected at a rate of 2.5 ml/s.

Preoperative CT scans were recorded and extracted from the
picture archiving and communication system in the Department
of Radiology at Fudan University Shanghai Cancer Center. The
venous-phase CT digital imaging and communication in
medicine images were required and then loaded into a
personal computer for further radiomics analysis.

Radiomics Analysis and Radiomics

Score Building

The workflow of radiomics analysis is illustrated in Figure 1.
Image preprocessing and tumor segmentation were performed
via 3D Slicer software (20) (version 4.11.0; http://www.slicer.prg).
Feature extraction was performed based on Pyradiomics package
(version 2.2.0; https://pyradiomics.readthedocs.io/) (21). A total
of 764 radiomics features were extracted based on venous-phase
CT images (Table 1). Thirty patients were randomly chosen to
evaluate the inter/intra-observer intraclass correlation coefficient
(ICC) of radiomics features. Features with both inter-observer
and intra-observer ICC higher than 0.90 were allowed for feature
engineering. The processes of image preprocessing, segmentation,
feature extraction and reproducibility analysis are provided in the
Supplementary Materials.

A univariable analysis was performed using the Mann-
Whitney U test to compare features between MCN and ASCN.
Given testing of multiple comparisons, p-values are adjusted for
false discovery rate using Benjamini-Hochberg method (22).
With false discovery rate set at 5%, radiomics features
exhibiting significant difference were kept for further analysis.
With the remaining features, the minimum redundancy
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FIGURE 1 | Workflow of the radiomics analysis. (A) Tumors were semi-manually segmented on all slices. (B) Radiomics features were extracted. (C) Feature
selection procedure was used to identity the optimal feature set. (D) The Rad-score was built using random forest method and validated by 10-fold cross validation.
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TABLE 1 | List of Radiomics feature classes.

Radiomics
feature class

Description

Shape Descriptors of the 3D/2D-size and shape of the ROI

First-order Describe the distribution of voxel intensities within the ROI

GLDM Quantify the gray level dependencies (the number of connected
voxels within a certain distance that are dependent on the
center voxel) in the ROI

GLRLM Quantify the gray level runs (the length in number of voxels that
have the same intensity)

GLSzZM Quantify gray level zones (the number of connected voxels with

the same intensity) in the ROI
Wavelet-based Wavelet transformation based on above features

GLDM, gray level dependence matrix; GLRLM, gray level run length matrix; GLSZM, gray
level size zone matrix.

maximum relevance (MRMR) method was applied to remove
redundant unrelated features. Finally, 10 screened optimal
features were identified by MRMR method. The Rad-score was
then built using random forest method based on
optimal features.

Radiological Analysis and Radiological
Model Building

Two junior radiologists independently reviewed all CT images
and evaluated radiological features. They were unaware of the
pathological diagnosis. The following radiological features were
assessed for each patient: (i) tumor size; (ii) location; (iii) lesion
contour (round/ovoid, or lobulated); (iv) wall thickness; (v) wall
enhancement; (vi) calcification; (vii) mural nodule; (viii) dilation
of the Wirsung duct. Diagnostic criteria and examples are
detailed in the Supplementary Materials. In cases of
disagreement, a third senior radiologist would assess and draw
a final conclusion. Clinical characteristics—including age,
gender, chief complaint, serum carbohydrate antigen 19-9
(CA19-9) level, serum carcinoma embryonic antigen (CEA)
level, and serum carbohydrate antigen 125 (CA125) level—
were derived from the patients’ medical records.

Stepwise logistic regression was used to identify powerful
factors and construct a radiological model. A univariate analysis
was conducted to compare the differences between MCN and
ASCN in radiological features and clinical characteristics.
Significant factors with p < 0.05 in the univariate analysis were
subsequently introduced into a multivariate logistic regression
analysis. A forward stepwise factor selection was performed
using the likelihood ratio test and Akaike information
criterion (AIC).

Model Validation and Assessment

In order to avoid over-optimized estimation, 10-fold cross
validation was applied to assess both the Rad-score and the
radiological model. The 10-fold cross validation has been a
commonly used method in previously reported studies to avoid
confounders arisen from single data assignment (23-25). In the
10-fold cross validation, the patients were randomly allocated to
training and validation sets in a 9:1 ratio for 10 times. During
each-time validation, the training set was used to train a new

model. The validation set was used to evaluate the performance
of the trained model. After 10-time validation, average area
under the receiver operating parameters (AUC), sensitivity,
specificity, positive predictive value (PPV), negative predictive
value (NPV) and accuracy in the validation set were calculated to
assess the model.

All statistical analyses were performed using R software (R,
version 4.0.2, http://www.r-project.org). A two-sided p-value < 0.05
was indicative of a statistically significant difference. The R packages
used in this study are reported in the Supplementary Materials.

RESULTS
Study Population

The clinical and radiological characteristics of the patients are
summarized in Table 2. The mean age of ASCN patients was
46.16 + 11.82 years, and that of MCN patients was 44.80 + 13.31
years. There was no significant difference in age between the two
groups (p = 0.426). There were 21 males and 92 females in the
ASCN group. However, in the MCN group, except for six male
patients, the remaining 97 patients were all female. The
difference between patients’ gender was significant (p = 0.005).
Among the serum tumor markers, only CA19-9 demonstrated a
significant difference between the two groups, but the absolute
difference in its median value was only 3.48 U/ml (p = 0.003).

Rad-Score Building and Validation
In the reproducibility analysis, there were 472 radiomics features
with both inter-observer ICC and intra-observer ICC higher than
0.90. With a Mann-Whitney U test and a (Benjamini-Hochberg
adjustment) false discovery rate of 5%, 282 radiomics features
were reserved. The adjusted p-values of these features are shown
in Figure 2. Finally, 10 screened optimal features were identified
by MRMR method (Firstorder_Minimum, GLCM_
Sumentropy_waveletHLL, Firstorder Maximum_waveletLLL,
GLDM_DependenceEntropy_waveletHLH, GLCM_
MaximumProbability_waveletHLH, GLCM_Autocorrelation_
waveletLHL, GLSZM_LargeAreaHighGrayLevelEmphasis_
waveletHHH, GLSZM_LargeAreaLowGrayLevelEmphasis,
Firstorder_Minimum_waveletLHH, GLRLM_LongRun
HighGrayLevelEmphasis_wavelteLHH). The comparisons of 10
optimal features between MCN and ASCN are listed in Table 3.
The diagnostic performance of each optimal feature was assessed
via ROC analysis (Table 4), and the AUC bar plot of 10 features
in discriminating MCN from ASCN was illustrated in Figure 3A.
Figure 4 shows the heatmap of 10 optical features in full dataset.
Next, random forest algorithm was applied based on above
optimal feature set to build the Rad-score. The mean decrease
Gini importance index of each feature is illustrated in Figure 3B.
In order to avoid over-optimized estimation of the Rad-score,
10-fold cross validation was applied. The average AUC,
sensitivity, specificity, PPV, NPV and accuracy of the Rad-
score were 0.784, 0.847, 0.745, 0.747, 0.849 and 0.793,
respectively, which demonstrated that the Rad-score was a
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TABLE 2 | Clinical and radiological characteristics of pancreatic mucinous cystic
neoplasm and atypical serous cystadenoma.

Variables Atypical serous Mucinous cystic  p-value
cystadenoma neoplasm

Ages (years) 46.16+11.82 44.80+13.31 0.426

Sex

Male 21 (18.6%) 6 (5.8%) 0.005

Female 92 (81.4%) 97 (94.2%)

Symptoms 0.467

Negative 84 (74.3%) 72 (69.9%)

Positive 29 (25.7%) 31 (30.1%)

Tumor marker

CA19-9 (U/ml) 9.02 (6.25-14.44) 12.50 (7.33-22.50) 0.003

CEA (ng/ml) 1.56 (0.93-1.96) 1.44 (0.88-2.27) 0.766

CA125 (U/ml) 11.37 (8.41-17.60) 12.00 (9.22-19.47) 0.112

Size 3.00 (2.10-3.85) 4.00 (2.90-5.70) <0.001

Location <0.001

Head/Neck 54 (47.8%) 5 (14.6%)

Body/Tail 59 (52.2%) 88 (85.4%)

Leison contour 0.186

Round/Ovoid 74 (65.5%) 76 (73.8%)

Lobulated 39 (34.5%) 27 (26.2%)

Wall thicknes 0.043

Thin 102 (90.3%) 83 (80.6%)

Thick 11 (9.7%) 20 (19.4%)

Wall enhancement <0.001

Negative 81 (71.7%) 47 (45.6%)

Positive 32 (28.3%) 56 (54.4%)

Calcification 0.115

Negative 98 (86.7%) 81 (78.6%)

Positive 5(13.3%) 22 (21.4%)

Mural nodules 0.531

Negative 99 (87.6%) 93 (90.3%)

Positive 4 (12.4%) 10 (9.7%)

Dilation of the 0.277

Wirsung duct

Negative 109 (96.5%) 96 (93.2%)

Positive 4 (3.5%) 7 (6.8%)

Chi-Square tests were used to compare the difference in categorical variables (sex,
symptoms, location, lesion contour, wall thickness, wall enhancement, calcification, mural
nodules, and dilation of the Wirsung duct). A two-sample t-test was used to compare the
difference in age. A Mann-Whiney U test was used to compare the difference in serum
tumor makers and tumor size. CA19-9, carbohydrate antigen 19-9; CEA, carcinoma
embryonic antigen;, CA125, carbohydrate antigen 125.

robust and reliable diagnostic tool. The ROC analysis of 10-time
cross validation is shown in Figure 5A.

Radiological Model Building and Validation
The radiological features of ASCN and MCN are listed in
Table 2. In the univariate analysis, four radiological features
had a significant association with the pathological results,
including size, location, wall thickness, and wall enhancement.
However, the absolute median value difference in size between
ASCN and MCN was only 1.00 centimeters. From the
perspective of clinical practice, the differences in tumor size
and serum CA19-9 levels were not pronounced enough to
prompt radiologists to make diagnoses, despite their statistical
significance. For this reason, they were excluded. Finally, three
radiological features, together with one clinical factor (gender),
were subjected to multivariate logistic regression. Based on the
full dataset, stepwise logistic regression was applied. After the
forward stepwise factor selection, three factors (location, wall

-og10()
9

7

s
S50 g s
=
e E
-

Feature

FIGURE 2 | Manthattan plot showing p-values of 282 radiomics features that
exhibited significant difference between mucinous cystic neoplasm and
atypical serous cystadenomas. P-values are adjusted for false discovery rate
using Benjamini-Hochberg method.

enhancement and gender) were introduced to construct the
radiological model. Table 5 listed the detailed parameters of
the radiological model.

Subsequently, 10-fold cross validation was used to assess the
performance of the radiological model. ROC analysis in 10-fold
cross validation revealed a slightly worse performance of the
radiological model than that of the Rad-score (average AUC:
0.734, sensitivity: 0.748, specificity: 0.705, PPV: 0.732, NPV:
0.798, accuracy: 0.728). Figure 5B shows the ROC analysis of
the radiological model in 10-time cross validation.

DISCUSSION

Preoperative distinguishing between MCN and ASCN remains a
clinical dilemma. Our study investigated and validated the value
of the CT based Rad-score in preoperatively discriminating MCN
and ASCN. We identified optimal radiomics feature set in
classification and built the Rad-score by random forest method.
The 10-fold cross validation indicated that the Rad-score was a
robust and stable imaging biomarker to discriminate between
MCN and ASCN. Furthermore, a radiological model was also
constructed based on radiological and clinical factors. Our results
demonstrated that the Rad-score exhibited better diagnostic
performance than the radiological model in 10-fold cross
validation. To the best of our knowledge, this is the first study
investigating the value of radiomics analysis in discriminating
MCN and ASCN with comparison to radiological analysis.
Given the difference in biological behavior and treatment
principle, preoperative differentiation between MCN and SCN is
critical to developing a treatment strategy. Although ASCN is
relatively uncommon, Kang et al. (26) demonstrated that the
preoperative differential diagnosis of ASCN and MCN is more
difficult than that of typical SCN. Thus, a new diagnostic method
was needed to resolve this clinical problem. Among the clinical
characteristics, gender and lesion location have symbolic
significance for diagnosis because MCN, unlike ASCN, occurs
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TABLE 3 | Comparisons of 10 optimal radiomics features in distinguishing between mucinous cystic neoplasm and atypical serous cystadenomas.

Features Atypical serous cystadenoma Mucinous cystic neoplasm p-value
Firstorder_Minimum 0.96 (0.86, 1.08) 0.91 (0.75, 1.03) 0.008
GLCM_SumEntropy_waveletHLL 1.62 (1.50, 1.53) 1.562 (1.51, 1.53) 0.045
Firstorder_Maximum_waveletLLL 4.02 (3.78, 4.35) 4.11 (3.90, 4.60) 0.024
GLDM_DependenceEntropy_waveletHLH 4.60 (4.49, 4.66) 4.47 (4.38, 4.56) <0.001
GLCM_MaximumProbability waveletHLH 0.28 (0.28, 0.28) 0.28 (0.27, 0.28) 0.002
GLCM_Autocorrelation_waveletL HL 2.33 (2.28, 2.38) 2.29 (2.28, 2.32) <0.001
GLSZM_LargeAreaHighGraylLevelEmphasis_waveletHHH 14330720.57 (5489652.56, 43035885.79) 66623017.63 (18474345.51, 225682538.90) <0.001
GLSZM_LargeArealowGraylLevelEmphasis 306285001.00 (71503936.00, 1300000000.00) 911436100.00 (214510204.45, 4578654406.50)  0.001
Firstorder_Minimum_waveletLHH -0.12 (-0.16, -0.08) -0.16 (-0.20, -0.12) <0.001
GLRLM_LongRunHighGraylLevelEmphasis_waveletLHH 13.43 (12.37, 14.26) 14.87 (13.93, 15.91) <0.001
Data is expressed as median (interquartile range). P-values are adjusted using Benjamini-Hochberg method, with false discovery rate set at 5%.

TABLE 4 | Confusion matrix analyses of 10 optimal radiomics features.

Feature AUC Cl Cutoff-value Sensitivity  Specificity =~ Accuracy PPV NPV
Firstorder_Minimum 0.623 0.548-0.698 0.777 0.291 0.929 0.625 0.789 0.59
GLCM_SumEntropy_waveletHLL 0.587 0.511-0.663 1.528 0.330 0.814 0.583 0.618 0.571
Firstorder_Maximum_waveletLLL 0.597 0.5622-0.673 3.980 0.487 0.68 0.579 0.547 0.625
GLDM_DependenceEntropy_waveletHLH 0.730 0.663-0.796 4.454 0.466 0.867 0.676 0.762 0.641
GLCM_MaximumProbability_waveletHLH 0.628 0.554-0.702 0.279 0.718 0.487 0.597 0.561 0.655
GLCM_Autocorrelation_waveletLHL 0.657 0.584-0.731 2.331 0.825 0.504 0.657 0.603 0.760
GLSZM_LargeAreaHighGraylLevelEmphasis_waveletHHH 0.748 0.683-0.812 27502194.84 0.718 0.681 0.699 0.673 0.726
GLSZM_LargeArealowGraylLevelEmphasis 0.628 0.554-0.702 482639205.8 0.612 0.593 0.602 0.578 0.626
Firstorder_Minimum_waveletLHH 0.668 0.596-0.739 -0.147 0.573 0.690 0.634 0.628 0.639
GLRLM_LongRunHighGraylevelEmphasis_waveletLHH 0.771 0.709-0.833 14.646 0.5683 0.867 0.722 0.795 0.685

AUC, area under the curve; Cl, confidence interval; PPV, positive predictive value; NPV, negative predictive value.
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FIGURE 3 | (A) Area under the curve of 10 optimal radiomics features identified by minimum redundancy maximum relevance method. (B) Display of importance of

almost exclusively in females and pancreatic bodies or tails (27).  diagnosis in their study, which is part consistent with our
Therefore, for male patients with cystic lesion located in the  conclusion. After that, Kim et al. (10) also reported that lesion
pancreatic head, the diagnosis of MCN should be made  contour was of great significance to differentiate ASCN and
cautiously. Some researchers have supposed that MCN is =~ MCN, but the location parameter was not statistically
related to female hormones (28). The gender distribution and  significant, which might be attributed to the small sample size
characteristic ovarian-type stroma of MCN might support this  of that study. Furthermore, the presence and location of
hypothesis, but it could not totally explain why a few MCN  calcification helped differentiate SCN from MCN (7). However,
occurred in males (29). From a radiological perspective, in 2003,  regarding to ASCN and MCN, the value of calcification remains
the study by Frank et al. (9) first investigated what CT signs are  unclear. Our study found that there was no significant difference
valuable to distinguish ASCN from MCN. Location, lesion  between the two groups in the presence of calcification (p =
contour, and wall enhancement were specific for differential 0.115). In terms of serum tumor makers, Bassi et al. (30)
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radiomics features were normalized according to Z-score.

proposed that CEA, CA19-9, and CA125 might be valuable in the
preoperative diagnosis of SCN and MCN. Nevertheless, our
study showed that these serum tumor makers were of limited
value, with only serum CA19-9 levels showing a statistical
difference between the two groups, but little absolute difference.

Radiomics is promising to solve this clinical dilemma. As a
novel image analysis method, radiomics have shown great
potential for tumor classification and discrimination in organs,
such as the lung, liver, and kidney (31-33). Radiomics features
extracted from the medical images might capture histopathological
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TABLE 5 | Parameters of the radiological model built in the full dataset.
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FIGURE 5 | Evaluation of the diagnostic performance of the Rad-score and the radiological model. (A) Receiver operating curves of 10-fold cross validation of the
Rad-score. The Rad-score achieved average AUC of 0.78. (B) Receiver operating curves of 10-fold cross validation of the radiological model. The average AUC of

Variables Coefficient Odds ratio 95% ClI p-value Akaike information criteria
Intercept -2.479 < 0.001 262.379

Location 1.558 4.749 2.391-9.432 < 0.001

Wall enhancement 1.030 2.802 1.529-5.133 < 0.001

Gender 0.968 2.632 0.942-7.356 0.065

Cl, confidence interval.

heterogeneity. Different pathological types of tumors exhibit
different values of radiomics features, which might be an
underlying mechanism of applying radiomics in tumor
classification. Several recent studies have investigated the value
of radiomics in differentiating SCN from MCN. Shen et al. (19)
applied CT radiomics analysis to differentiate SCN, MCN and
intraductal papillary mucinous neoplasms using three different
machine learning algorithms. They found that the random forest
classifier achieved highest accuracy. The study of Yang et al. (17)
provided preliminary results suggesting that CT textural features
helped in differentiate SCN and MCN. The AUC of textural
features was in the range of 0.7-0.8, which is slightly higher than
that of optimal features in our study. Furthermore, this team found
that combining radiological characteristics and texture analysis
could achieve higher diagnostic performance (18). It is worth
noting that the most valuable feature (LongRunHigh
GrayLevelEmphasis) in our study was also selected by Yang
et al., although it was transformed by wavelet transformation in
our study. This discrepancy might be attributed to different
radiomics software, feature selection methods and inclusion
criteria were applied in the two studies. As a result, we
speculated that this feature is stable and worthy of further

investigation. Furthermore, an additional study applied
radiomics to differentiate ASCN and MCN and compared
radiomics and radiological analysis (16). It demonstrated that
adding radiological features into radiomics model could
significantly improve the model’s calibration performance. These
studies suggest that radiomics is a promising means of
discriminating ASCN from MCN, but most of these studies had
limited sample size and lacked of comparison to existing
radiological analysis. In the present study, we constructed a CT
based Rad-score and performed 10-fold cross validation to prove
the robustness of it. Further analysis revealed that the Rad-score
provided better discrimination performance in distinguishing
MCN from ASCN than that of radiological model.

The present study has some limitations. First, it is a single-
center retrospective study. The validity of our conclusions still
needs to be further explored and confirmed. Second, the
pathological implications of the Rad-score remain unclear. For
a better understanding and acceptance of radiomics, further
studies are warranted to confirm the hypothesis that radiomics
reflects tumor heterogeneity. Third, only CT images were
analyzed in our study. Multi-modal imaging method needs to
be further explored to improve diagnostic accuracy in the future.

Frontiers in Oncology | www.frontiersin.org

June 2021 | Volume 11 | Article 621520


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Xie et al.

Radiomics of Pancreatic Tumors Differentiation

In conclusion and concordance with previous studies, the
Rad-score based on CT might serve as a novel image biomarker
to preoperatively discriminate ASCN from MCN. CT radiomics
analysis show promising ability to improve diagnostic accuracy,
which is expected to optimize the treatment regimen and avoid
unnecessary surgery. Further studies are needed to confirm the
robustness of our conclusions.
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