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Introduction

Parotid tumors constitute around 2-3% of head and neck tumors, 
with diverse histologic subtypes and the majority of the lesions 
are benign [1]. The most frequently-occurring epithelial benign 
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ABSTRACT
Background: Characterization of parotid tumors before surgery using multi-
parametric magnetic resonance imaging (MRI) scans can support clinical decision 
making about the best-suited therapeutic strategy for each patient. 
Objective: This study aims to differentiate benign from malignant parotid tu-
mors through radiomics analysis of multi-parametric MR images, incorporating 
T2-w images with ADC-map and parametric maps generated from Dynamic Con-
trast Enhanced MRI (DCE-MRI).
Material and Methods: MRI scans of 31 patients with histopathologically-
confirmed parotid gland tumors (23 benign, 8 malignant) were included in this 
retrospective study. For DCE-MRI, semi-quantitative analysis, Tofts pharmacoki-
netic (PK) modeling, and five-parameter sigmoid modeling were performed and 
parametric maps were generated. For each patient, borders of the tumors were 
delineated on whole tumor slices of T2-w image, ADC-map, and the late-enhance-
ment dynamic series of DCE-MRI, creating regions-of-interest (ROIs). Radiomic 
analysis was performed for the specified ROIs. 
Results: Among the DCE-MRI-derived parametric maps, wash-in rate (WIR) 
and PK-derived Ktrans parameters surpassed the accuracy of other parameters based 
on support vector machine (SVM) classifier. Radiomics analysis of ADC-map out-
performed the T2-w and DCE-MRI techniques using the simpler classifier, sug-
gestive of its inherently high sensitivity and specificity. Radiomics analysis of the 
combination of T2-w image, ADC-map, and DCE-MRI parametric maps resulted 
in accuracy of 100% with both classifiers with fewer numbers of selected texture 
features than individual images.  
Conclusion: In conclusion, radiomics analysis is a reliable quantitative ap-
proach for discrimination of parotid tumors and can be employed as a computer-
aided approach for pre-operative diagnosis and treatment planning of the patients. 
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parotid tumors are pleomorphic adenomas, 
which if not diagnosed and treated early, can 
transform to malignant form [2]. Imaging is 
the cornerstone of diagnosis of parotid gland 
pathologies, especially for differentiation of 
inflammatory from neoplastic processes and 
determining the origin of the pathology [3]. 
Nonetheless, features based on clinical evalu-
ation and conventional imaging are usually 
nonspecific and it is difficult to discriminate 
benign from malignant tumors. Therefore, the 
requirement for fine needle aspiration cytol-
ogy (FNAC) for reaching a definitive diagno-
sis cannot be waived by imaging, and conven-
tional imaging can merely aid to narrow down 
the possible diagnosis, specify the anatomical 
extent and guide the biopsy or surgical plan-
ning [3, 4]. However, FNAC procedures is an 
invasive method and susceptible to sampling 
errors [5], mostly due to intra-tumor hetero-
geneity of the malignant tumors and their di-
verse subtypes. This highlights the necessity 
to adopt advanced methods for pre-operative 
diagnosis of parotid gland tumors. 

In comparison with other imaging methods, 
standard magnetic resonance imaging (MRI), 
e.g. T1-wighted (T1-w) and T2-weighted (T2-
w) sequences, is the proper method for charac-
terization of parotid gland tumors as it is non-
ionizing and provides high soft-tissue contrast 
[4, 6, 7]. Contrast-enhanced T1-w sequences 
can indicate the possibility of extra-glandular 
or perineural spread [6]. It has been suggested 
that (Fine needle aspiration cytology) FNAC 
and conventional MRI serve equally to pre-
operative characterization of parotid tumors 
[8]. Nevertheless, conventional MRI lacks 
sensitivity in predicting tumor malignancy [9]. 

Diffusion weighted imaging (DWI) is a 
potent advanced MR imaging method for di-
agnosis of a variety of tumors [10], such as 
parotid tumors [2, 4, 6] that has high sensi-
tivity in detecting microstructural changes as 
it captures microscopic movement of water 
molecules within the tissue, affected by tissue 
properties such as the flow between intra- and 

extra-cellular spaces, perfusion, and structural 
directionality. In several studies, it has been 
indicated that apparent diffusion coefficient 
(ADC) values are significantly lower in ma-
lignant as compared to benign lesions, and 
malignant tumors rarely appear with regions 
of high ADC-value, whereas pleomorphic 
adenomas frequently show high ADC values 
across their expansion [4, 11-16]. I addition, 
malignant subtypes of parotid tumors such as 
adenocarcinoma or adenoid cystic carcinoma 
could have homogeneous appearance on T1-w 
and T2-w images, however, they indicate het-
erogeneous manifestation on ADC-maps.

Dynamic contrast-enhanced (DCE-) MRI 
is another advanced MRI technique that has 
shown promise in differential diagnosis of 
parotid gland tumors. The shapes of time in-
tensity curves (TIC) obtained from DCE-MRI 
are different between benign and malignant 
tumors [2, 17]. Descriptive parameters of TIC 
shape, measured by semi-quantitative analy-
sis of TIC, including early enhancement and 
wash-out rate have been suggested as potent 
imaging biomarkers for predicting malignancy 
[9, 18-20]. Four TIC categories have been ob-
served for parotid gland tumors based on time 
to enhancement peak (TTP) and wash-out ra-
tio (WOR), where Type 1 is indicative of a flat 
TIC, Type 2 shows a situation where the TIC 
has a persistently increasing trend (TTP>120 
sec), Type 3 occurs with moderate wash-in and 
persistent to mild wash-out phases (TTP≤120 
sec & WOR≤30%), and Type 4 shows a time 
intensity curve (TIC) with steep wash-in and 
wash-out (TTP≤120 sec & WOR>30%) [17]. 
While Type 1 and 2 TICs are specific to benign 
lesions, there exists overlaps between Type 3 
and 4 TICs in benign and malignant parotid tu-
mors [18, 21]. Integrating DCE-MRI-derived 
parameters with ADC-map in a multi-para-
metric image quantification scheme has dem-
onstrated to improve diagnosis of benign and 
malignant parotid tumors [17, 21, 22]. Yet, no 
studies have been carried out on pharmacoki-
netic (PK) analysis of DCE-MRI in parotid 
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tumors to determine the capability of the pa-
rameters in distinguishing the attributing class 
of the tumors. 

Although DCE-MRI and DWI methods have 
introduced quantitative approaches to diagno-
sis of tumors, they are usually acquired with 
less spatial resolution than conventional T2-w 
images, which are excellent in detecting the 
parotid pathologies, their expansion, and their 
relationship with adjacent anatomical regions. 
Furthermore, changes in T2 relaxation time of 
the tissues due to pathogenic alterations across 
the tumor borders provide helpful parameters 
for detecting heterogeneity of tumors [23]. 
Thus, DCE-MRI and DWI should be consid-
ered and assessed as additional tools to T2-w 
MRI.

Quantitative image analysis of tumors 
through a recently-introduced process, the so-
called radiomics analysis approach, can reveal 
the pathophysiological changes of the hetero-
geneous tumor tissue through high-dimen-
sional image-derived features [24]. Radiomics 
analysis has the potential to serve as s for clin-
ical diagnosis of cancers non-invasively and 
to advance the cancer precision medicine [25]. 
In parotid tumors, texture analysis of standard 
T1-w and T2-w images, and ADC-maps, in a 
univariate approach, for differentiating benign 
from malignant tumors has been studied by 
Fruehwald-Pallamar et al. [26], where texture 
features computed from contrast-enhanced 
T1-w images were the most and those from 
T2-w were the least relevant markers for char-
acterizing the tumors. 

In the present study, we aimed to tackle 
the problem of differentiating parotid tumors 
through radiomics analysis of multi-paramet-
ric MR images, incorporating T2-w images 
with ADC-map and parametric maps gener-
ated from DCE-MRI.

Material and Methods

Patients
In this retrospective study, radiomics analy-

sis was performed on a prospectively-acquired 
dataset of pre-operative MR images of patients 
with parotid tumors, who underwent surgery 
within two weeks after MRI and for whom, 
histopathological assessments were available. 
Institutional review board (IRB) approval was 
obtained for retrospective analysis of the data. 
The patients had provided their informed con-
sent at the time of MR imaging. The database 
consisted of 41 patients (19 males and 22 fe-
males, age range, 13-77 years, mean age, 43.1). 
The database was explored for availability of 
the whole MR images, including conventional 
T2-weighted, diffusion-weighted, and dy-
namic contrast enhanced (DCE) MR images. 
A total of 31 patients (23 benign, 8 malignant, 
15 males, 16 females, age range, 13-77 years, 
mean age, 39.3) with parotid tumors were in-
cluded in the current study.

MRI Acquisition Parameters 
Pre-operative MR imaging of the patients 

was carried out on a 3T MR scanner (Sie-
mens MAGNETOM Tim TRIO, Erlangen, 
Germany) using a head coil and a surface coil 
positioned on the parotid gland. The anatomi-
cal sequences comprised of axial T1-weight-
ed (T1-w) imaging with, TE/TR=11/700 ms, 
FOV=200×200 mm2, matrix size=205×256, 
slice thickness=4 mm, number of slices=25, 
and axial T2-weighted (T2-w) imaging with 
TE/TR=75/5000 ms, FOV=200×200 mm2, 
matrix size=307×384, slice thickness=4 mm, 
the number of slices=25. Diffusion-weighted 
MR imaging (DWI) was performed using 
2D spin-echo, single-shot echo-planar im-
aging with TE/TR=93/7500 ms, slice thick-
ness=3.6 mm, FOV=170×200 mm2, matrix 
size=102×160, number of slices=25, b-val-
ue=50, 1000 mm2/s. ADC-maps were auto-
matically generated from DW images on the 
MRI console. Dynamic contrast-enhanced 
(DCE) MRI was acquired before and right af-
ter injection of 0.2 mL/kg Gd-DTPA followed 
by 20 cc normal saline with injection rate of 
3 mL/min, with the following specifications: 
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TE/TR=2/5.56 ms, FOV=220×220 mm2, ma-
trix size=256×256, slice thickness=4 mm, 
number of slices=20. The MRI parameters are 
summarized in Table 1.

Quantification of DCE-MRI
DCE-MR images were quantified based on 

semi-quantitative approach, Tofts pharma-
cokinetic (PK) modeling, and five-parameter 
sigmoid method, using an in-house software, 
developed in MATLAB 2017b (MathWorks, 
Inc.). Sigmoid models are empirical math-
ematical models that can be adapted to fit the 
DCE-MRI curves. Specifically, five-parameter 
sigmoid model can best represent the whole 
trend of TIC curves from the baseline towards 
wash-in and terminal wash-out phases [27]. 
From this empirical model, five parameters 
(P1 to P5) are calculated, where P1 represents 
the baseline of the signal, P2 shows enhance-
ment amplitude of the signal, P3 denotes the 
time of maximal slope, P4 approximates the 
maximal slope, and P4 is the terminal en-
hancement slope [27]. Pixel-wise parametric 
maps generated from DCE-MRI, consisted 
of maximum relative signal intensity (SImax), 
time to peak enhancement (TTP), wash-in-rate 
(WIR), wash-out-rate (WOR), and area under 
the enhancement curve (AUEC) from semi-
quantitative method, Ktrans, Kep, and Ve from 
PK model, and P1 to P5 from five-parameter 

sigmoid model [27].

Region of Interest (ROI) Delinea-
tion

For each patient, an experienced radiologist 
(L.A. with 8 years of experience in head and 
neck MRI) manually delineated volumetric 
polygonal whole-lesion borders of the solid 
portions of parotid lesions throughout the 
whole slices of T2-w image, ADC-map, and 
the late-enhancement dynamic series of DCE-
MR images. To avoid partial volume effects, 
the borders were selected immediately inside 
the outer margin of the lesion. Care was taken 
to avoid necrotic and cystic areas. The created 
tumor masks for dynamic image series were 
overlaid on DCE-MRI parametric maps.

Radiomics Analysis
Conventionally, the analysis of quantitative 

values in the parametric maps is based on cal-
culation of the average pixel values within the 
specified ROIs. As tumors are highly heteroge-
neous, the mean of quantitative values within 
the ROI could average out this heterogeneity 
which is a characteristic of the tumors. Alter-
natively, the region within tumor borders may 
be characterized using first-order histogram 
(FOH) analysis that can globally measure the 
number of pixels with the same quantitative 
value in the tumor ROI. The descriptive fea-

Axial (Pre- and  
Post-Contrast) T1-w

Axial 
T2-w

Axial DWI  
(b-values=50, 1000)

Axial  
DCE-MRI

TR (ms) 700 5000 7500 5.56
TE (ms) 10 75 90 2

Flip Angle (º) 120 120 90 12
Field of View (mm2) 220×220 220×220 170×200 220×220

Slice Thickness (mm) 4 4 3.6 4
Matrix 200×256 300×380 100×160 256×256

DWI: Diffusion Weighted Imaging, DCE: Dynamic Contrast-Enhanced, MRI: Magnetic Resonance Imaging, TR: Repetition 
Time, TE: Echo Time

Table 1: Magnetic Resonance Imaging (MRI) Parameters
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tures of the histogram shape are helpful met-
rics for realizing the variations within the tu-
mor [28]. Yet, FOH analysis cannot consider 
the interrelationships of local adjacent pixels 
and it is essential to exploit higher-order sta-
tistics, such as gray-level co-occurrence ma-
trix (GLCM) and gray-level run-length ma-
trix (GLRLM), for representing the variations 
within the tumorous tissue. GLCM method 
measures the distribution of pixel pairs in a 
given direction and distance, and GLRLM 
identifies the coarseness of texture in a speci-
fied direction and over a run (a certain amount 
of consecutive pixels with the same intensity 
value in a given direction) [29]. 

In this work, FOH and texture analysis was 
performed to characterize the parametric maps 
and T2-w images, show their complementary 
or competitive value in realizing the heteroge-
neity within the tumors and facilitate classifi-
cation of the parotid tumors into benign and 
malignant categories. A number of features 
were derived from the specified ROI within 
the parametric maps and T2-w images (over-
all n=77 features): (1) first-order histogram 
(FOH) model (n=10); (2) gray-level co-occur-
rence matrix (GLCM) (n=23); and (3) gray-
level run-length matrix (GLRLM) (n=44) 
[29]. The textural features were calculated us-
ing in-house software developed in MATLAB 
2017b (MathWorks, Inc.). 

Here, feature selection was applied to the 
features extracted from each of the DCE-de-
rived parametric maps, ADC-map, and T2-w 
MRI to assess their diagnostic value for dif-
ferentiation of parotid tumors. Akaike Infor-
mation Criterion (AIC) [30] and Schwarz 
Bayesian Information Criterion (BIC) [31], as 
statistical information-based feature selection 
criteria were applied in forward, backward, 
and stepwise selection approaches, resulting 
in six feature selection methods to find the best 
subset of features. For each parametric map or 
image, the feature subset chosen by the feature 
selection method that could best approximate 
the heterogeneity within the parotid tumors, 

minimize loss of information, and control 
data overfitting was considered as the desired 
subset. Leave-one-out cross-validation was 
performed for feature selection in several it-
erations (by maintain the number of iterations 
less than the number of data samples) and the 
feature subset, which was most frequently se-
lected and generated the highest accuracy, was 
considered as the desired feature subset repre-
senting each image.

Based on the selected feature subsets, classi-
fication was performed using Fischer’s linear 
discriminant analysis (LDA) method and sup-
port vector machine (SVM) classifier using 
radial basis functions. Leave-one-out cross-
validation was performed in classification to 
decrease possible effects of outlier samples 
on the overall diagnostic performance of the 
classifier. Cross-validation was performed 
over several iterations of removing a sample 
and training the model on the whole popula-
tion minus one sample, and testing the clas-
sification on the separated sample. The perfor-
mance of classification over several iterations 
of cross-validation was evaluated in terms of 
sensitivity, specificity, accuracy, and area un-
der the receiver operating (ROC) curve (AUC) 
metrics. Feature selection and classification 
were carried out using R Statistical Software 
(R 3.0.2, Vienna, Austria). The analysis proce-
dure is summarized in Figure 1.

Results
The value of each of the parametric maps 

generated by DCE-MRI was compared by ap-
plying feature selection followed by classifica-
tion on each of them. The results of radiomics 
analysis based on LDA and SVM classifiers 
are summarized in Tables 2 and 3. Here, LDA 
classifier was applied to determine the inher-
ent potential of a feature subset to predict the 
attributing class of the disease. According to 
Table 2, among PK parameters, Ve parameter 
with a sensitivity of 75%, specificity of 92%, 
accuracy of 87.3, and AUC of 95%, performs 
slightly better than Ktrans and Kep. Among pa-
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rameters calculated by semi-quantitative 
analysis, WIR shows 75% sensitivity, 94% 
specificity, 89% accuracy, and 94% AUC, and 
AUEC indicates 76% sensitivity, 96% specific-
ity, 91% accuracy, and 97% AUC. Parameters 
generated by PK modeling and semi-quanti-
tative analysis performed better than five-pa-
rameter sigmoid model. The results of SVM 
classification on feature subsets selected from 
each DCE-MRI-derived parametric maps are 
given in Table 3. Using SVM classifier, Ktrans 
parameter indicated ~98% sensitivity, 100% 
specificity, 99.5% accuracy, and 100% AUC, 
and WIR showed a slightly better diagnostic 
performance with 100% sensitivity, specific-
ity, accuracy, and AUC. 

Performance of radiomics analysis on dif-
ferent imaging techniques, i.e. DCE-MRI, 
ADC-map, T2-w MRI, was compared through 
applying feature selection followed by LDA 
and SVM classification on each technique 
(the results are indicated in Table 4). ADC-
map classifies the parotid tumors into benign 
and malignant categories with high diagnostic 
performance using both LDA and SVM clas-
sifiers. The features extracted from DCE-MRI 
and T2-w revealed comparably high accuracy. 

Multi-parametric combination of DCE-
MRI, ADC-map, and T2-w images both 
based on LDA and SVM classifiers induced 
high diagnostic accuracy and performance  
(Table 4). The selected features included 95th 

Figure 1: Schematic diagram of the radiomic analysis steps undertaken in this study: (from left 
to right) after acquisition of magnetic resonance imaging (MRI) scans (structural images: pre- 
and post-contrast T1-w, and T2-w images; advanced MRI: diffusion weighted imaging (DWI) 
and dynamic contrast-enhanced (DCE)-MRI; post-processing of the images including quantifica-
tion of DCE-MRI scans using pharmacokinetic models, semi-quantitative analysis and Sigmoid 
modeling, and selection of regions of interest (ROIs) from apparent diffusion coefficient (ADC-) 
maps, T2w images, and quantitative maps derived from DCE-MRI; and finally radiomics analysis 
including feature extraction, dimensionality reduction and feature selection, and classification 
of benign and malignant parotid tumors are performed.
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percentile of Ktrans, maximum, histogram vari-
ance (indicating region smoothness), histo-
gram skewness, and 95th percentile of WIR, 
histogram standard deviation, histogram en-
tropy of ADC-map, and few GLRLM features 
from T2-w image.

Discussion
In the current study, through texture analysis 

of the whole tumors in multi-parametric MR 
images, we indicated the role of radiomics 
analysis of different MR imaging techniques, 
comprising of the parametric maps generated 
from DCE-MRI, ADC-maps, and T2-w im-
ages, in discriminating benign from malignant 
parotid gland tumors. We showed that by opti-
mizing the radiomics quantification approach, 
through selection of representative features, 
and classification, each of these imaging 
methods could be highly accurate. The most 
accurate feature set using both LDA and SVM 

classifiers was the multi-parametric combina-
tion of features selected from the three imag-
ing methods. LDA is a nonparametric classi-
fier working by seeking a line that can best 
discriminate the tumor categories based on the 
selected features [32]. Thus, since LDA does 
not require a complicated formulation for 
separation of data classes like SVM, it may 
show the inherent discriminative potential of 
the selected features [29]. Therefore, the infor-
mation collected from DCE-MRI, DWI, and 
T2-w are complementary for differentiation of 
benign from malignant parotid tumors. 

Tumors are spatially heterogeneous and un-
dergo regional variations in response to the 
selection forces [23]. Thanks to its superb 
contrast resolution, MRI can identify the spa-
tial variations through capturing perfusion al-
terations by DCE-MRI, cellular density and 
volume by DWI, and tissue water content 
by T2-w images. Each of tumor subregions, 

Sensitivity (%) Specificity (%) Accuracy (%) AUC (95% CI) (%)
PK Model

Ktrans 64.1 95.6 87.5 92.6 (82.8 – 100)
Kep 62.0 96.2 87.4 90.7 (77.9 – 100)
Ve 75.0 91.6 87.3 94.6 (86.9 – 100)

Semi-Quantitative Analysis
TTP 60.7 99.4 89.5 92.2 (81.1 – 100)
SImax 74.1 94.8 89.5 96.9 (91.6 – 100)
WIR 75.0 94.2 89.2 94.1 (84.6 – 100)
WOR 50.8 92.4 81.7 94.6 (87.0 – 100)
AUEC 75.7 95.8 90.6 96.7 (91.0 – 100)

Five-Parameter Sigmoid Model
P1 50.3 98.0 85.7 87.9 (74.8 – 99.9)
P2 59.4 93.7 84.9 91.3 (79.4 – 100)
P3 19.1 95.9 76.1 79.2 (60.0 – 98.3)
P4 35.9 95.5 80.1 84.7 (69.4 – 99.3)
P5 51.7 91.6 81.3 92.8 (83.8 – 100)

PK: Pharmacokinetic, TTP: Time to Enhancement Peak, SI: Signal Intensity, WIR: Wash-in Rate, WOR: Wash-out Ratio, AUEC: 
Area Under the Enhancement Curve, AUC: Area Under the Receiver Operating Characteristic (ROC) 

Table 2: Radiomics Analysis of Dynamic Contrast Enhanced (DCE-MRI)-Derived Parametric Maps 
Using Cross-Validated Linear Discriminant Analysis (LDA) Classifier
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Sensitivity (%) Specificity (%) Accuracy (%) AUC (95% CI) (%)
DCE-MRI

LDA 86.2 95.4 93.0 99.2 (97.2 – 100)
SVM 100 100 100 100 (100)

ADC-Map
LDA 100 99.8 99.9 100 (100)
SVM 100 100 100 100 (100)

T2-w Image
LDA 81.9 93.3 90.4 93.3 (82.1 – 100)
SVM 100 100 100 100 (100)

Multi-Parametric MRI (DCE-MRI, ADC-map, T2-w Image)
LDA 99.6 100 99.8 100 (100)
SVM 100 100 100 100 (100)

AUC: Area Under the Receiver Operating Characteristic (ROC) Curve, DCE: Dynamic Contrast-Enhanced, MRI: Magnetic 
Resonance Imaging, LDA: Linear Discriminant Analysis, SVM: Support Vector Machine, ADC: Apparent Diffusion Coefficient

Table 4: Comparison of Radiomics Analysis of Dynamic Contrast Enhanced (DCE-MRI)-Derived 
Parametric Maps, Apparent Diffusion Coefficient (ADC)-Map, and T2-w Image

Sensitivity (%) Specificity (%) Accuracy (%) AUC (95% CI) (%)
PK Model

Ktrans 97.7 100 99.5 100 (100)
Kep 79.5 100 94.7 100 (100)
Ve 73.5 100 93.2 100 (100)

Semi-Quantitative Analysis
TTP 87.9 100 96.9 100 (100)
SImax 75.8 100 93.8 100 (100)
WIR 100 100 100 100 (100)
WOR 87.9 100 96.9 100 (100)
AUEC 87.4 100 96.8 100 (100)

Five-Parameter Sigmoid Model
P1 75.8 100 93.7 100 (100)
P2 63.7 100 90.6 100 (100)
P3 70.6 100 92.5 100 (100)
P4 75.4 100 93.7 100 (100)
P5 87.9 100 96.9 100 (100)

PK: Pharmacokinetic, TTP: Time to Enhancement Peak, SI: Signal Intensity, WIR: Wash-in Rate, WOR: Wash-out Ratio, AUEC: 
Area Under the enhancement curve, AUC: Area Under the Receiver Operating Characteristic (ROC) 

Table 3: Radiomics Analysis of Dynamic Contrast Enhanced (DCE-MRI)-Derived Parametric Maps 
Using Cross-Validated Support Vector Machines (SVM) Classifier (with Radial Basis Functions) 
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the so-called tumor habitats, shows different 
perfusion and diffusion properties, and con-
sequently different responses to the external 
forces like treatments. Hence, characterization 
of spatial heterogeneity through integration of 
diffusion and perfusion imaging along with 
T2-w MRI and based on texture analysis could 
aid the pre-operative diagnosis of the patients 
with parotid tumors and help the clinicians in 
decision making about the treatment strategy.

As the TIC curve shapes from DCE-MRI 
could be non-specific in some parotid tumors, 
it is essential to integrate some other forms of 
information to increase the diagnostic accura-
cy. Combination of ADC-map and DCE-MRI 
in discrimination of parotid gland tumors has 
been studied by a few groups [17, 21], based 
on average values computed for the quantita-
tive ADC-map and the derived TICs. Calculat-
ing mean of the pixel values in the images av-
erages out the variations of pixel values within 
the tumor and therefore, the heterogeneity can-
not be accounted. Texture analysis overcomes 
this problem by considering the relationships 
between the neighboring pixels.

Texture analysis of MR images in parotid tu-
mors has been investigated in a study by Frue-
hwald-Pallamar et al. where the significance of 
texture features, derived from T1-w, T2-w and 
DWI for classifying benign from malignant 
parotid tumors, was investigated [26]. They 
suggested that texture analysis of contrast en-
hanced T1-w (CE-T1w) images have the most 
relevant classification performance. In the 
mentioned study, no feature selection methods 
were applied and the integrative value of the 
multi-parametric images were not examined. 
Unlike this study, in our work, we explored 
the value of radiomics analysis of individual 
parametric maps generated from DCE-MRI 
using multiple quantification approaches as 
well as ADC-maps and T2-w images, in addi-
tion to multi-parametric MRI in differentiating 
parotid gland tumors. Furthermore, CE-T1w 
images employed in their study, unlike DCE-
MRI, cannot detect dynamic alterations of the 

tumorous region due to neo-angiogenesis and 
solely provide information about the perme-
ability of tumor vasculature over the late en-
hancement phase. 

Here, we compared three different quantifi-
cation methods for DCE-MRI, comprising of 
semi-quantitative, PK modeling, and sigmoid 
analysis, where the two latter quantification 
methods have not yet been reported in parotid 
gland tumors. Five-parameter sigmoid model 
has the potential to follow the trend of the TIC 
from the initial to terminal phase [33]. There-
fore, it indirectly represents the TIC curve 
shapes. As mentioned before, the TIC curve 
shapes have overlaps among benign and ma-
lignant tumors since Warthin tumors show 
somewhat rapid wash-out, similar to malig-
nant tumors [2]. The P2 and P5 parameters in-
dicating the wash-in and wash-out phases with 
85% and 81% of accuracy based on LDA clas-
sifier, respectively, were the best parameters 
among five-parameter sigmoid model. How-
ever, the semi-quantitative parameters, includ-
ing WIR and AUEC, showed higher sensitivity 
compared to P2 and P5. Additionally, Ve was 
comparably accurate based on LDA classifier. 
By exploiting SVM classifier, Ktrans and WIR 
features outperformed the other DCE-MRI 
parametric maps, with approximately 100% 
accuracy. This demonstrates that by making 
the classification scheme more effective, the 
diagnostic performance elevates. By accu-
mulating the features extracted from each of 
DCE-MRI, ADC-maps, and T2-w techniques 
and applying SVM, the diagnostic accuracy for 
each of these techniques improved to 100%. 
Incorporation of the three imaging techniques 
could enhance the overall accuracy to around 
100% even using LDA classification method. 
However, this study had a limitation of retro-
spective design and small patient population.

Combination of DCE-MRI, ADC-maps, and 
T2-w techniques could better characterize the 
tumor habitats as each of these methods cap-
tures different biophysical or physiological 
aspects of the tumor region. However, T2-w 
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images are susceptible to variations among 
different patients and parameter specifica-
tions and DCE-MR imaging has contradic-
tions for some patients. In such situations, 
given the high diagnostic performance of ra-
diomics analysis of ADC-maps when the ma-
chine learning scheme is optimized, indepen-
dence of DWI from injection, and consistency 
of ADC-maps among different patients and 
protocol specifications, radiomics analysis of 
ADC-maps could be advised.

Conclusion
In conclusion, radiomics analysis is a reli-

able quantitative approach for discrimination 
of parotid gland tumors and can be employed 
as a computer-aided approach for pre-opera-
tive diagnosis and treatment planning of the 
patients. Multi-parametric MRI has the poten-
tial for improving the diagnostic performance 
through integrating various aspects of tumor 
characteristics.
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