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Background: The purpose of this study is to determine if Haralick texture analysis on CT imaging of
mucoepidermoid carcinomas (MEC) can differentiate low-grade and high-grade tumors.
Methods: A retrospective review of 18 patients with MEC of the salivary glands, corresponding CT
imaging and pathology report was performed. Tumors were manually segmented and image analysis was
performed to calculate radiomic features. Radiomic features were compared between low-grade and highgrade MEC. A multivariable logistic regression model and receiver operating characteristic analysis was
performed.
Results: A total of 18 patients (mean age, 51, range 9–83 years, 8 men and 10 women) were included.
Nine patients had low-grade pathology and nine patients had high-grade pathology. Of the 18 cases, 7
(39%) occurred in the parotid gland and 11 (61%) occurred in minor salivary glands. No individual feature
was significantly different between low-grade and high-grade MEC. A logistic regression model including
surface regularity, energy and information measure II of correlation was performed and was able to predict
high-grade MEC accurately (sensitivity 89%, specificity 68%). The area under the receiver operating
characteristic curve was 0.802.
Conclusions: High-grade MEC tend to have a low energy, high correlation texture as well as surface
irregularity. Together, these three features may comprise a tumor phenotype that is able to predict highgrade pathology in MECs.
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Introduction
Mucoepidermoid carcinoma (MEC) is a salivary gland
neoplasm accounting for approximately 30% of salivary
malignancies and consisting of mucus cells, intermediate
cells and squamous cells (1). It has varying potential for

aggressive behavior, characterized by tumor grade. The
reported 5-year survival for MEC ranges from 92–100%
for low grade tumors, 62–92% for intermediate grade, and
0–43% for high grade tumors (2). Treatment decisions for
MEC are highly dependent on tumor grade, given their
remarkable differences in clinical behavior. Low-grade
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MEC is traditionally treated with surgery whereas adjuvant
radiation therapy is typically reserved for high-grade
pathology (3,4).
Radiomics is an ongoing field of research that enables
radiologists to obtain additional information from
standard medical images. These quantitative biomarkers
include shape features such as tumor volume and surface
regularity as well as voxel-based texture features (5).
These features have been demonstrated to correlate
with histopathological grade, molecular biomarkers and
prognosis for various tumors, such as oropharyngeal,
esophageal and breast cancer (6-10). For example,
our group previously found correlations between
tumor morphology and Ki67 and p53 expression in
glioblastoma (6). Another study showed success using
textural parameters on CT to differentiate histologic
subtypes of peripheral bronchogenic carcinoma (11).
Radiomics has also been an area of active research in
the realm of head and neck cancers. Yu et al. was able
to discriminate human papilloma virus (HPV) positive
and HPV negative oropharyngeal cancers based contrast
enhanced CT imaging (12). Another study showed the
added value of radiomics in improving prediction of overall
survival and progression-free survival in patients with
locally advanced head and neck squamous cell carcinomas
(HNSCC) (13).
While radiomic features were able to successfully
discriminate between histologic grade in HNSCC
tumors in addition to other histopathological features
such as perineural invasion, lymphovascular invasion and
extracapsular spread, this present study is the first to do so in
salivary gland tumors (14,15). In the realm of salivary gland
tumors, Cheng et al. recently developed a prognostic model
incorporating PET/CT radiomics for patients with salivary
gland tumors (16). Radiomic features have also been utilized
to discriminate between benign and malignant parotid gland
tumors on MR imaging (17,18). The present study analyzes
CT-based radiomic features in salivary gland tumors.
Given the ability of these imaging biomarkers to
predict these important clinical and histologic factors
in different tumor types, radiomics may also be able to
provide noninvasive analysis of MEC and allow for more
effective evaluation of tumor aggressiveness. A noninvasive
quantitative analysis of these radiomic features could be
clinically useful, particularly in cases where biopsies are
difficult to obtain. This kind of radiomic analysis can also
help assess tumor heterogeneity that may not be captured
by biopsy. The purpose of our study was to evaluate the
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usefulness of radiomic biomarkers obtained from CT
imaging to predict histopathological tumor grade of MEC.
We present the following article in accordance with the
STARD reporting checklist (available at http://dx.doi.
org/10.21037/gs-20-830).
Methods
Case selection
The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The study was
approved by the institutional review board of the University
of Chicago (IORG0000201) and individual consent for
this retrospective analysis was waived. A retrospective
review of 53 consecutive patients with low or high grade
mucoepidermoid tumors treated at the University of
Chicago from 1995 to 2017 was performed. Patients were
excluded if relevant CT imaging or pathology report were
not available. Patients were also excluded if no tumor mass
was discernable on CT imaging. Both original and recurrent
cancers were included. CT images were de-identified and
imported to image analysis software.
Pathologic analysis
Diagnostic hematoxylin-eosin stain slides were graded
according to the Brandwein grading system (19). In light
of behavioral similarity between Brandwein low and
intermediate grade tumors, they were grouped together as
low grade for the purposes of this study (13).
Image acquisition
The neck CT scans were performed with intravenous
nonionic iodinated contrast (350 mg of iodine per milliliter,
Omnipaque) injected at a rate of 1.2 mL/s and 55 s delay
after the start of the injection. The scan parameters
included 120 kV; 250 mAs; rotation time, 1.0 second; pitch,
0.75; collimation, 24 mm × 1.2 mm; section thickness,
3 mm; intervals, 3 mm, and display field of view, 20 to
25 cm. A B30s smoothing algorithm was implemented
without iterative reconstruction techniques.
Tumor shape analysis
The soft tissue window images were analyzed without
further processing in MATLAB using in-house developed
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to each other. The algorithms for these features were
implemented as described by Haralick et al. and have
been previously reviewed by the Imaging Biomarker
Standardisation Initiative (20-22).
Statistical analysis

Figure 1 Axial image on contrast-enhanced computed tomography
(CT) shows a left parotid gland mucoepidermoid carcinoma with a
manually segmented region of interest (red outline).

software on MATLAB. The regions of interest for all the
cases were obtained manually drawn by a single trained
operator (MHZ) under the supervision of a board-certified
neuroradiologist (Figure 1). The ROI was drawn on all
axial slices where tumor could be visualized. The operator
was blinded to pathological grade during segmentation.
A 3D volume was generated from the axial segmentations
and smoothed along the axial direction. Radiomic features
were calculated for each lesion in MATLAB on the base
image without noise correction, normalization or image
transformations. The following features were calculated:
surface regularity, mean intensity and standard deviation
of intensity of the tumor, energy, contrast, variance,
homogeneity, sum average, sum variance, sum entropy,
entropy, difference variance, difference entropy, mean
correlation, information measure of correlations and
maximum correlation coefficient (20). Intensity was
measured by Hounsfield units.

Surface regularity = 6 π

Tumor Volume
(Tumor Surface Area )3

[1]

Haralick texture features are a set of gray-level cooccurrence matrix (GLCM) texture features. These features
characterize texture based on the intensity of voxels (in
Hounsfield units) and their specific spatial relationship
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Texture features were evaluated for normality by the
Shapiro-Wilk test and P values were calculated using
Student’s t-test or Wilcoxon rank-sum as appropriate. A
threshold of P<0.05 was considered statistically significant.
A multivariable logistic regression model was developed
to predict high-grade pathology from texture features.
Three features were chosen from the model by ascending
P value. Colinearity in the model was assessed to avoid
redundancy in the model. Any variable with significant
correlation with another independent variable, defined
as |R2|>0.9, was removed from the model. Multivariable
regression was performed on surface regularity, mean
energy and information measure of correlation II. An
associated receiver operating characteristic (ROC) curve
was developed by varying the threshold for predicted
probability of high-grade pathology. All statistical analyses
were performed with R, Version 3.6.1 (www.r-project.org).
Results
Of the 53 patients reviewed, a cohort of 18 patients was
ultimately included (Figure 2). Patient characteristics are
in Table 1. The mean age was 51 (range, 9–83 years). Ten
patients (56%) were female and eight patients (44%) were
male. Of the 18 patients, nine patients (50%) had highgrade pathology and nine patients (50%) had low-grade
pathology. Seven cases were located in the parotid gland.
Eleven cases occurred in a minor salivary gland (3 palate,
4 tongue, 1 floor of mouth, 1 mandible, 1 tonsillar and 1
retromolar trigone). Four tumors were recurrences.
Texture features of low-grade and high-grade MEC are
reported in Table 2. No individual radiomic features were
significantly different. High-grade MEC trended towards
having lower energy (0.50±0.04 vs. 0.55±0.05, P=0.06) and
higher information measure II of correlation (0.83±0.04 vs.
0.77±0.07, P=0.08).
Radiomic features were selected for our multivariable
logistic regression model to predict MEC grade. The
features with the smallest P values in ascending order
were energy (P=0.06), information measure of correlation
II (P=0.08), sum entropy (P=0.12), maximum correlation
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Patients with histopathological
diagnosis of MEC
(n=53)
Only received MRI
(n=5)
CT imaging inaccessible
(n=23)
Only received non-contrast CT
(n=3)
Patients with pathology report
and contrast-enhanced CT
imaging
(n=22)
No tumor discernible on CT
(n=4)
Patients included in study
(n=18)

Patients with high-grade MEC
(n=9)

Patients with low-grade MEC
(n=9)

Figure 2 Flow chart of inclusion criteria.

Table 1 Clinical characteristics of the patient population
Characteristic

All Patients

n

18

Age (years)

51±21

Low-grade

High-grade

9 (50%)

9 (50%)

44±23

56±19

Sex
Female

0.27
0.64

10 (56%)

4 (44%)

6 (67%)

8 (44%)

5 (56%)

3 (33%)

Male
Tumor location

1.00

Parotid

7 (39%)

3 (33%)

4 (44%)

11 (61%)

6 (67%)

5 (56%)

Tongue

4 (22%)

3 (33%)

1 (11%)

Palate

3 (17%)

1 (11%)

2 (22%)

Floor of mouth

1 (6%)

0 (0%)

1 (11%)

Mandible

1 (6%)

1 (11%)

0 (0%)

Tonsillar

1 (6%)

1 (11%)

0 (0%)

Retromolar trigone

1 (6%)

0 (0%)

1 (11%)

4 (22%)

0 (0%)

4 (44%)

Minor

P value

Recurrent tumor

0.02

Numerical data are mean ± standard deviation.

© Gland Surgery. All rights reserved.

Gland Surg 2021;10(5):1646-1654 | http://dx.doi.org/10.21037/gs-20-830

Zhang et al. Radiomics-based prediction of MEC grade

1650

Table 2 Radiomic and Haralick texture features compared between low-grade and high-grade mucoepidermoid carcinoma
Image feature

Low-grade

High-grade

P value

0.50±0.09

0.44±0.08

0.19

Intensity

89±46

79±37

0.65

Standard deviation of intensity

34±19

48±48

0.41

0.55±0.05

0.50±0.04

0.06

3.4±1.4

2.9±1.2

0.48

0.81±0.09

0.86±0.06

0.19

41±11

38±7

0.30

Homogeneity

0.93±0.03

0.94±0.02

0.48

Sum average

11±3

10±2

0.58

Sum variance

144±43

135±26

0.57

Sum entropy

0.76±0.07

0.81±0.06

0.12

Entropy

1.16±0.11

1.23±0.11

0.24

Difference variance

3.3±1.3

2.8±1.2

0.48

Difference entropy

0.24±0.07

0.22±0.07

0.50

Information measure I of correlation

−0.58±0.13

−0.66±0.11

0.20

Information measure II of correlation

0.77±0.07

0.83±0.04

0.08

Maximum correlation coefficient

0.81±0.09

0.86±0.06

0.14

Surface regularity

Energy
Contrast
Mean correlation
Variance

Data are mean ± standard deviation.

Table 3 Multivariable logistic regression analysis to determine
high-grade mucoepidermoid carcinoma
Image feature
Surface regularity
Energy
Information measure II of correlation

Coefficient

P value

−2.374

0.81

−14.137

0.33

13.254

0.17

coefficient (P=0.14), mean correlation (P=0.19) and
surface regularity (P=0.19). Next, features were assessed
for collinearity. Energy was highly colinear with sum
entropy (R2=−0.93) so sum entropy was removed from the
model. Information measure II of correlation was highly
correlated to correlation (R2=0.97), information measure
I of correlation (R2=−0.94) and the maximum correlation
coefficient (R2=0.97). Therefore, only one correlation
feature was used for our model (information measure
of correlation II, chosen by ascending P value). Surface
regularity was not significantly colinear with any other
feature.
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A multivariable logistic regression to predict Brandwein
pathology was developed using information measure II of
correlation, energy, and surface regularity (Table 3). At a
threshold of 0.38, the sensitivity was 89% and the specificity
was 67% with an overall accuracy of 78%. The confusion
matrix is presented in Table 4. ROC analysis yielded an area
under the curve (AUC) of 0.802 (Figure 3).
Discussion
The field of radiomics offers the ability to provide additional
non-invasive information in the context of head and neck
cancer imaging. CT-based radiomic features have been used
to evaluate histopathological features such as HPV status,
correlation with driver gene mutations and extranodal
metastasis (23-26). Other studies demonstrated the ability
of radiomics to provide additional insight regarding tumor
response and clinical prognosis (7,27,28). In this study we
link a group of novel CT features to the pathological grade
in MEC.
The results of this study show that a model of
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Table 4 Confusion matrix showing the multivariable model performance in predicting pathological grade
Variable

Predicted: low-grade

Predicted: high-grade

Total

Observed: low-grade

6

3

9

Observed: high-grade

1

8

9

Total

7

11

18

n=18.

1.00

Sensitivity

0.75

0.50

0.25

AUC=0.802

0.00
1.00

0.75

0.50
Specificity

0.25

0.00

Figure 3 Receiver operating curve demonstrating performance of
radiomic feature model for predicting mucoepidermoid carcinoma
grade.

surface regularity and two GLCM features (energy, and
information measure II of correlation) in contrast-enhanced
CT imaging may accurately and noninvasively predict highgrade MEC. Although there are numerous studies that
have linked radiomic features to histopathology, prognosis,
and treatment response for a variety of other tumor types
(12,29,30), no previous studies have characterized the
radiomic features of MEC. However, CT texture analysis
has revealed tumor heterogeneity differences between
pleomorphic adenoma and Warthin tumor (31).
Surface regularity is a radiomic feature comparing
surface area to surface volume. Lower surface regularity
represents a more complex tumor and spiculation (32). Yu
et al. found that tumors with higher surface regularity and
smaller diameters were more likely to be HPV positive and
therefore associated with improved survival (AUC =0.87 and
AUC =0.92 on two different datasets) (12). In our current
study, we find similar results where high surface regularity
correlated with less aggressive low-grade pathology.
Similarly, low surface regularity has also been previously
described to correlate with poor survival in cancers of
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other organ systems, including glioblastoma multiforme
and hepatocellular carcinoma (30,33). Furthermore,
surface regularity as a biomarker also has strong biological
plausibility. In a study of 126 patients with HNSCC, poor
surface regularity has been associated with suppression
of numerous immune system pathways used in tumor
surveillance including B-cell and T-cell signaling as well as
cell adhesion pathways and cell architecture pathways (29).
Another feature of our model is energy, a GLCM texture
feature which describes the uniformity of the image. In
a radiomic-genomic study of patients with HNSCC,
low energy was associated with elevated transcriptional
activity of ribosomes and tumor protein synthesis (29).
Likewise, energy has been used to characterize lung cancer
and prostate cancer (32,34). On CT imaging, Zayed
et al. demonstrated significantly lower energy in lungs with
a cancerous lesion, when compared to the fellow lung (34).
Wibmer et al. showed lower energy in cancer lesions
compared to noncancerous tissue on prostate, though
this was calculated on MRI ADC mapping (35). Among
the cases of prostate cancer, higher Gleason scores were
associated with significantly lower mean energy. In our
present study, we see a similar trend of lower energy in
high-grade MEC.
Lastly, correlation measures if the grey level of a pixel is
linearly dependent on its neighbors (20). In other words,
correlation assesses for lines or linear features in an image (a
homogenous, completely uniform image has a correlation
of 0). Correlation may capture intratumoral vessels or
possibly help characterize a heterogenous tumor. It is
recognized that a tumor can have variations in genomic
subtypes, growth factor and angiogenic factors as well as
the tumor microenvironment (36). Heterogeneity is a key
feature correlated with adverse tumor biology and poor
prognosis (36).
Previously, correlation has been useful in characterizing
tumor heterogeneity in non-small cell lung cancer
(NSCLC). This model characterized tumor phenotype
and predicted prognosis (7). Their radiomic model was

Gland Surg 2021;10(5):1646-1654 | http://dx.doi.org/10.21037/gs-20-830

Zhang et al. Radiomics-based prediction of MEC grade

1652

then validated on patients with NSCLC and HNSCC,
outperforming tumor volume and traditional TNM
classification (7). By developing a model on NSCLC tumors
and validating it on HNSCC, their study suggests radiomic
features can reveal a tumor phenotype that is not organ
specific yet prognostically valuable and complementary to
traditional prognostication systems (7). Likewise, our model
uses correlation as part of a three feature model to predict
tumor grade. A previous study on MEC in the lung noted
heterogenous tumor density on CT in 27% of low-grade
MEC and 100% of high-grade MEC (37). It possible that
correlation is capturing similar variations in tumor density
on a smaller scale.
One strength of this study is the use of only three
features in the model. Limiting the number of features
avoids overfitting. Furthermore, radiomic features can be
sensitive to image acquisition and reconstruction protocols
(5,38,39). The variety of CT scanners used to acquire our
images adds a layer of robustness to our model. However,
there are also limitations in our study. First, MEC is a
relatively rare tumor and our study is limited by the small
number of samples in our dataset. Also, only a single
operator placed ROIs for the tumor and therefore the
results may not be as generalizable. Another limitation was
that internal validation was not possible given the number
of patients. Future studies should validate these radiomic
features on larger, external datasets. Ultimately, CT-based
radiomics could help predict grade in difficult to biopsy
cases. Further work may also lead to the use of the radiomic
features identified in this study to better predict response to
treatment or overall prognosis.
Conclusions
A group of CT texture features are able to predict
pathological grade of MEC lesions with a high sensitivity
and specificity. Our preliminary study demonstrates that
high-grade MEC has a low surface regularity, low energy
and high correlation phenotype that is distinguishable from
low-grade MEC. This study serves as a proof of concept for
using radiomic features as predictors of pathological grade
in MEC.
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