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Abstract: Objective: This study aimed to differentiate benign and non-benign (borderline/malignant) phyllodes tu-
mors of the breast by the semantic and quantitative features in magnetic resonance imaging (MRI). Methods: The
female patients, diagnosed with phyllodes tumors by MRI and pathological test, were retrospectively selected from
December, 2006 to April, 2019. The MRI of benign, borderline and malignant phyllodes tumors was analyzed using
8 semantic features and 20 computed quantitative features from diffuse contrast-enhanced magnetic resonance
imaging (DCE-MRI). The semantic features were analyzed by univariate analysis. The least absolute shrinkage and
selection operator (LASSO) method was used to identify the optimal subset of MRI quantitative features. According
to the results from multivariate logistic regression for the semantic and quantitative features, the model was con-
structed to differentiate benign and non-benign (borderline/malignant) phyllodes tumors. Results: Thirty-two benign
(58.18%), 13 borderline (23.64%) and 10 malignant (18.18%) phyllodes tumors were identified in 54 patients. Five
semantic features were proved to be significantly correlated with pathologic grade, including size, the T1 weighted
image signal intensity, fat-saturated T2-weighted image signal intensity, enhanced signal intensity, and kinetic curve
pattern. With the analysis of LASSO method, three quantitative texture features with significant predictive ability
were selected. The model combining both the semantic and quantitative features was proved to have good perfor-
mance in differentiation on phyllodes tumors, yielding an area under receiver operating characteristic curve, accu-
racy, sensitivity and specificity of 0.893, 0.933, 1.000, and 0.818, respectively. Conclusion: The constructed model
based on the semantic and quantitative features of DCE-MRI can significantly improve the differential diagnosis of
phyllodes tumors in breast.

Keywords: Phyllodes tumor, breast, semantic, quantitative, MRI

Introduction

Phyllodes tumors (PTs) of the breast are rare
fibroepithelial neoplasms that have been re-
ported to account for 0.3-1% of all breast neo-
plasms [1]. These tumors commonly occur in
middle-aged women, and their course is often
unpredictable [2]. Histologically, PTs can be
classified as benign, borderline, and malignant.

Local recurrences and distant metastases can
occur regardless of the histological type [3]. As
reported in a meta-analysis incorporating 54
studies, the pooled local recurrence rates for
benign, borderline, and malignant PTs are 8%,
13%, and 18%, respectively [4]. Another study
reported similar increasing recurrences from
benign to malignant tumors of 3.6%, 14.1%,
and 42.3%, respectively [5]. The 5-year dis-
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ease-free survival rates of patients with benign,
border, and malignant PTs are reported to be
94%, 91%, and 67%, respectively [6]. Thus, to
decrease the PT recurrence rate and to improve
patient survival, it is essential to preoperatively
improve the accuracy of diagnosis of patients
with malignant breast PTs.

The diagnosis of PTs is difficult without incision-
al or aspiration biopsy. Previous reports show
that fine-needle aspiration offers limited infor-
mation for differentiating a diagnosis between
benign and malignant PTs because PTs are
composed of various characteristics [7, 8].
Radiological evaluation is one of the most im-
portant methods for the diagnosis. Mammo-
graphic texture analysis has also been used to
differentiate the benign and borderline/malig-
nant PTs of breast [9]. Currently, magnetic reso-
nance imaging (MRI) has been accepted as the
most sensitive imaging technique for breast
cancer [10-12].

Recently, several studies analyzed the MRI
semantic features of PTs with different patho-
logical grades [13-16]. In addition, quantitative
radiomic methods with diffuse contrast-enhan-
ced magnetic resonance imaging (DCE-MRI)
have been extensively used [17-19]. All these
studies provide the impetus to establish new
methods to evaluate the pathological grade of
PTs. Based on the development of these MRI
techniques and quantitative analytics, we ana-
lyzed the semantic and quantitative features of
PTs using MRI of the breast and constructed a
model to assist in the differential diagnosis of
the pathological grade of PTs.

Materials and methods
Patient selection and MRI technique

The institutional review board of Tianjin Medi-
cal University Cancer Institute and Hospital
approved this retrospective study. The informed
consent requirement was waived. The inclusion
criteria were as follows: (1) histopathological
diagnosis of PTs through surgically resected
specimens; (2) MRI scanning before neoadju-
vant therapy or surgical resection; (3) a time
interval between MRI examination and surgery
of less than 2 weeks. After screening, 55
female patients (56 lesions) with the pathologi-
cal diagnosis of PTs and preoperative breast
MRI participated in our study from December
2006 to April 2019.
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Sixteen MRI scans were acquired with a 1.5
Tesla (T) scanner, and 38 MRI scans were
acquired with a 3.0 T scanner. The specific
scanning parameters for the 1.5 T scanner
have been previously published [20]. The exam-
inations performed with the 3.0 T scanner used
a dedicated 8-channel phased-array breast coil
(Discovery MR750, GE Medical Systems). The
MRI protocols included axial T1-weighted, fat-
saturated T2-weighted, and unilateral sagittal
fat-saturated fast spin-echo (FSE) sequences.
T2-weighted imaging of the affected breast was
conducted before administration of the con-
trast agent. Diffusion-weighted imaging (DWI)
was performed using a multi-section, spin-
echo, single-shot, echo-planar sequence bilat-
erally in the axial and sagittal planes of the
affected breast. Sensitizing diffusion gradients
were applied sequentially in the x, y, and z di-
rections, with b values of 1,000 s/mmZ. Imag-
es were obtained by sagittal DCE-MRI using
the volume imaging for breast assessment
(VIBRANT) bilateral breast imaging technique.
Sagittal data were obtained with the VIBRANT
bilateral breast imaging technique, with TR =
6.1 ms, TE = 2.9 ms, flip angle = 15 degrees,
matrix size = 256 x 128, field of view = 26 cm
x 26 cm, NEX = 1, and slice thickness = 1.8
mm. Before injecting the contrast agent, serial
mask images were obtained. Subsequently, the
contrast agent (Gd-DTPA, 0.2 mL/kg body wei-
ght, flow rate 2.0 mL/s) was injected using an
automatic MR-compatible power injector and
then flushed with an equal volume of saline
solution. The dynamic MRI acquisitions were
performed immediately after the injection. The
acquisition was repeated five times, and each
phase took 90-100 s. Final axial 3-D fast-
spoiled gradient-recalled echo images were
obtained after the dynamic study for all pa-
tients. Quantitative analysis was conducted at
the first post-contrast time point of the MRI.

Semantic features analysis

Post processing of the images was performed
on an Advantage Workstation (AW 4.2) using
Functool Il software (GE Healthcare). Two senior
radiologists, who were experienced in breast
MRIs, independently analyzed the MRI findings.
They independently interpreted the MRIs using
the 2013 MRI Breast Imaging Reporting and
Data System (BI-RADS) tool of the American
College of Radiology. Differences in interpreta-
tions were resolved by review of images and
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discussion according to the BI-RADS standard.
The recorded data included morphology (size,
shape, and margin), signal intensity on T1- and
fat-saturated T2-weighted FSE images, enhan-
cement patterns (compared with those of nor-
mal fibroglandular tissue of the breast), time-
signal intensity curve (TIC) patterns, and the
mean value of the apparent diffusion coeffi-
cient (ADC) on DWI. The signal intensity on
T1-weighted FSE images was visually classified
as either low or high. The signal intensity on fat-
saturated T2-weighted FSE images was divided
into heterogeneity or homogeneity. The TICs
were classified as follows: type |, slow or rapid
initial contrast enhancement with a persistent
delayed phase; type I, rapid initial enhance-
ment followed by a plateau of signal intensity;
and type lll, rapid initial enhancement followed
by rapid washout [21]. We placed maximum-
sized circular regions of interest (ROIls) within
the lesions on the ADC maps, avoiding appar-
ent necrotic or cystic components by referring
to other MRIs.

Quantitative feature extraction

Quantitative features were extracted from the
lesion area on each image. To extract the fea-
tures, the first step was to outline the lesion
area on each image. A radiologist manually out-
lined the contours of the tumor in each im-
age using Imagel) (https://imagej.en.softonic.
com/). Another radiologist reviewed the image
segmentation results. To normalize the differ-
ent image specifications from various MRI
scanners, image resampling and gray-level nor-
malization were performed before quantitative
feature extraction. All image data were resam-
pledata 1 x 1 x 1-mm voxel space size. The qu-
antitative features were extracted from three-
dimensional ROIs using an in-house software
developed with MATLAB 2016a (MathWorks
Inc.), which included eight morphological fea-
tures, three histogram features, and nine gray-
level co-occurrence matrix (GLCM) features
[22]. Details of the procedures for quantitative
features extraction are described in Supple-

mentary I.

Statistical analysis

Continuous variables were presented as the
mean (+ standard deviation). Categorical vari-
ables were presented as the number (N) and
percentage (%). Differences in continuous vari-
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ables were analyzed with the Student’s t-test or
the Mann-Whitney U test. Differences in cate-
gorical variables were tested with the chi-
square test or Fisher’s exact test. A p-value of <
0.05 was considered be significantly different.
The least absolute shrinkage and selection
operator (LASSO) method was used to identify
the optimal subset of MRI radiomic features
[23, 24]. Multivariate logistic regression com-
bining semantic and quantitative features was
used to construct a model to distinguish benign
and non-benign (borderline/malignant) PTs.
The diagnostic sensitivity, specificity, accuracy,
and area under the curve (AUC) of the receiver-
operating characteristic (ROC) were calculated
to evaluate the diagnostic accuracy.

All statistical analyses were performed with R
software (R Core Team. R: A language and envi-
ronment for statistical computing; R Foundati-
on for Statistical Computing, Vienna, Austria;
http:// www.R-project.org, 2016). The LASSOre-
gression was performed using the “penalized”
package in R. Multivariate logistic regression
analysis was performed using the “rms” pack-
age. The ROC was plotted using the “pROC”
package.

Results
Patient characteristics

This cohort included 32 (58.18%) benign, 13
(23.64%) borderline, and 10 (18.18%) patients
with malignant PTs. The patient ages ranged
from 22 to 53 years (38.30 * 7.66; median 38
years) in the benign group, from 23 to 61 years
(41.08 + 10.96; median 39 years) in the bor-
derline group, and from 24 to 57 years (42.7
12.14, median 46 years) in the malignant
group. There was no significant difference in
age among the three groups (P = 0.401). The
histogram in Figure 1 shows the contribution of
age to the histopathological grade.

Semantic features of MRI

The detailed MRI semantic features for benign,
borderline, and malignant PTs are summarized
in Table 1. There was a significant correlation
between the size and the histologic grade of
the PTs (x? = 18.347, P = 0.001). The percent-
ages of tumor size > 5 cm for malignant, bor-
derline, and benign tumors are 70%, 23.08%,
and 6.06%, respectively. Tumor signal intensity
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Figure 1. Histogram showing the contribution of age to the histopathologi-

cal grade.

higher than normal breast tissue signal inten-
sity on T1-weighted images was more common
in the malignant (in 6 of 10 tumors) and border-
line (in 2 of 13 tumors) tumor groups than in
the benign group (in 1 of 33 tumors). These dif-
ferences are statistically significant (x> =
18.472, P <0.001). On the fat-saturated T2-wei-
ghted FSE images and DCE-MRI malignant PTs
show more heterogeneous patterns (x* =
7.291/16.695, P < 0.001). As shown in the TIC
analysis, malignant PTs are more likely to devel-
op type lI/lll enhancement (x2 = 16.972, P <
0.001). There was no statistical difference am-
ong the three groups for two morphological fea-
tures (shape and margin) and ADC values.
Three typical MRl images on benign, borderline,
and malignant PTs are shown in Figure 2.

Radiomics features selection

The LASSO regression method was used to
select the most robust and non-redundant
quantitative features from the features extract-
ed. Among the quantitative features in the
entire cohort, 20 were reduced to three poten-
tial predictors (Figure 3); namely, Compactness
1 (morphological feature), Correlation (GLCM
feature), and SumAverage (GLCM feature).

Development of a prediction model

Correlations of all the features between benign
and non-benign (borderline/malignant) PTs are
shown in Figure 4A. There were moderate neg-
ative correlations between MRI semantic fea-
tures (T1WI, T2WI, and Enhanced signal) and
guantitative features (Contrast, SumAverage,
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and Autocorrelation). In con-
trast, there were moderate po-
sitive correlations between se-
mantic features and quantita-

Age tive features. Finally, a predic-
[ <30 tive model was developed to
B =30 and <50
B =50 benign (borderline/malignant)

distinguish benign and non-

PTs based on the semantic (P <
0.05) and quantitative (LASSO
selected) features and using
multivariate logistic regressi-
on. A quantitative value to rep-
resent the predicted signatu-
re (Equation 1) included five
semantic features and three
quantitative features. This mo-
del was proven to have the
best overall performance, with significantly hig-
her values than either semantic or quantitative
features (Figure 4B; Table 2): AUC = 0.939
(95% CI: 0.871-0.994), accuracy = 0.892 (95%
Cl: 0.781-0.960), sensitivity = 1 (95% Cl: 0.822-
1), specificity = 0.818 (95% Cl: 0.639-0.924).
The heat map for the distribution of all the fea-
tures is shown in Figure 4C.

Score = 0.8223 - 0.0367 * Size + 0.1571 *
TIWI - 0.0286 * T2WI + 0.2066 * Enhanced_
signal + 0.3117 * TIC-0.0006 * Compactness_
1-0.1289 * Correlation - 0.6081 * SumAvera-
ge Equation 1

Discussion

The preoperative identification between benign
and non-benign PTs is challenging. Compared
with ultrasound in the evaluation of PTs, MRI
has high sensitivity and accuracy with regard to
its ability to reveal malignant MRI features.
Currently, these features cannot be identified
through mammography or ultrasound. In the
present study, we constructed a model based
on the features of DCE-MRI to preoperatively
predict tumor pathological grade in patients
with breast PTs. The predictive performance
was significantly improved by combining the
semantic signatures with quantitative features
in a calculation model, achieving an AUC of
0.939. The correlation analysis demonstrated
the association between the MRI features and
the quantitative texture features, suggesting
that non-benign PTs (borderline/malignant) of
the breast are more heterogeneous than benign
PTs.
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Table 1. Descriptive statistics of MRl semantic features of phyllodes tumors

Pathological classification

Semantic feature Benign Borderline Malignant X2 value P value
n=33 n=13 n=10

Size 18.347 0.001"
<=2cm 10 (30.30%) 3(23.08%) 0 (0%)
>2 cm and <=5 cm 21 (63.64%) 7 (53.85%) 3 (30.00%)
>5cm 2 (6.06%) 3 (23.08%) 7 (70.00%)

Shape of mass 1.846 0.764
Round/Oval 5 (15.15%) 2 (15.38%) 0 (0%)
Lobular 21 (63.64%) 8 (61.54%) 7 (70.00%)
Irregular 7 (21.21%) 3(23.08%) 3 (30.00%)

Margin 4,178 0.124
Well-defined 27 (81.82%) 10 (76.92%) 5 (50.00%)
lll-defined 6 (18.18%) 3 (23.08%) 5 (50.00%)

High T, Wi signal 18.472 <0.001"
Yes 1 (3.30%) 2 (15.38%) 6 (60.00%)
No 32 (96.97%) 11 (84.62%) 4 (40.00%)

Fat-saturated T, Wl signal 7.291 0.026"
Homogeneous 19 (57.58%) 5 (38.46%) 1 (10.00%)
Heterogeneous 14 (42.42%) 8 (61.54%) 9 (90.00%)

Enhanced signal 16.695 <0.001"
Homogeneous 24 (72.73%) 6 (46.15%) 0 (0%)
Heterogeneous 9 (27.27%) 7 (53.85%) 10 (100%)

Kinetic curve pattern 16.972 <0.001"
Type Il and Il 14 (42.42%) 13 (100%) 9 (90.00%)
Type | 19 (57.58%) 0 (0%) 1 (10.00%)

ADC value (x10° mm?/s) 1.51+0.22 1.44+0.22 1.34+0.25 5.940 0.051

*P<0.05 for benign, borderline and malignant phyllodes tumor of breast.

The age at diagnosis for PTs varied widely, but
middle-aged individuals were the most fre-
quently diagnosed individuals [13]. In our
series, the mean age at diagnosis was 39.73
years. As shown in Figure 1, the highest inci-
dence of PTs occurred in the 30-50-year age
group, and patients under 30 years of age were
more likely to develop benign tumors.

Tumor size is accepted as an important factor
that can influence biological behavior and pa-
tient survival [25, 26]. Our results show that the
malignancy rate increased significantly with
increasing tumor size, especially those tumors
with a diameter of > 5 cm. This finding reflects
the high proliferative activity of high-grade PTs,
though there has been no reported significant
difference among the PTs [13]. PTs have been
described to have the characteristic morpho-
logic sign of well-defined margins, which show
a round or lobulated shape [14, 15, 27].
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However, our study suggested no significant
difference among benign, borderline, and
malignant PTs in terms of lesion shape. A study
with a larger sample size is needed to shed
light on these different results.

Our study revealed significant differences am-
ong benign, borderline, and malignant PTs in
terms of TAWI features, T2WI features, enhan-
ced signal intensities, and TICs. Nine of the 55
PTs showed high signal intensity on T1WIs, and
most of these tumors were borderline and
malignant tumors (malignant tumors were the
most common). There were significant differ-
ences among the three groups, which is consis-
tent with a previous study [13]. The high signal
intensity on TA1WIs may be related to hemor-
rhagic infarctions in PTs [13, 28]. The fat-satu-
rated T2WIs in the present study showed that
malignant PTs were more likely than benign and
borderline PTs to have a heterogeneous signal

Am J Transl Res 2020;12(5):2083-2092
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Benign phyllode

Figure 2. MR images of benign, borderline and malignant phyllodes tumors, respectively. A-D. Axial TAWI, axial fat-
saturated T2WI, sagittal contrast-enhanced MR images about 1.5 min after contrast medium injection and time
signal intensity curve of the benign phyllodes tumors. E-H. Axial T1WI, axial fat-saturated T2WI, sagittal contrast-
enhanced MR images about 1.5 min after contrast medium injection and time signal intensity curve of the border-
line phyllodes tumors. I-L. Axial TAWI, axial fat-saturated T2WI, sagittal contrast-enhanced MR images about 1.5 min
after contrast medium injection and time signal intensity curve of the malignant phyllodes tumors.
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Figure 4. Semantic and quantitative features of all phyllodes tumors. A. Correlation between predictors evaluated
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tivariate logistic regression model and involved semantic and quantitative features. C. The heatmap for features
shows the distribution of these features. Each column corresponds to one feature for all patients. Each row cor-

responds to all features for one patient.

intensity. This difference may be related to the
presence of hemorrhages and cystic areas with
internal separations.

Dynamic MRI patterns can guide differentiation
of benign lesions from malignant lesions [19,
29]. Our study showed non-benign (borderline/
malignant) PTs were more heterogeneous than
benign PTs. The enhanced signal intensity fea-
ture showed significant differences among the
three groups. These differences may be related
to intralesional hemorrhages, necrosis, and
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cystic degeneration. The results show that bor-
derline and malignant PTs were more likely than
benign PTs to have type Il and Il TIC curves pat-
terns. A potential explanation for such a phe-
nomenon is that there is a richer blood supply
and more active tumor growth in borderline and
malignant PTs than in benign PTs. One previous
study with 23 benign and one malignant PTs
found type | TICs in 16 tumors, type Il TICs in
three tumors, and type Il TICs in five tumors
[13], suggesting the inconsistency between the
enhancement patterns/TIC patterns and the

Am J Transl Res 2020;12(5):2083-2092
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and involved features
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limited sample size in this study, the
ring enhancement of the mass

lesions and cluster enhancement of

Feature AUC Accuracy Sensitivity Specificity
Prediction model 0.939 0.893 1 0.818
Size 0.717 0.732 0.565 0.848
TiWI 0.659 0.714 0.348 0.970
T2WiI 0.657 0.643 0.739 0.576
Enhanced signal 0.733 0.732 0.739 0.727
TIC 0.822 0.732 0.957 0.576
Compactness 0.675 0.696 0.435 0.879
Correlation 0.748 0.768 0.609 0.879
Sum Average 0.706 0.732 0.522 0.909

Cut off .
value non-mass lesions could not be ana-
0.320 lyzed separately. Our results need
3.700 to be further evaluated in future
’ studies with the larger sample size.
0.5 Another limitation has to do with the
0.5 knowledge that PTs have a high pro-
0.5 pensity to recur. Unfortunately, we
1.5 did not perform long-term follow-up
93.883 in our series to evaluate the rela-
0.885 tionship between the MRI features
0.017 and the recurrence rate. In addition,

histological grade of PTs. This disagreement
may be due to the limited sample size and dif-
ferent proportions of the histological types.

Several studies have revealed the limited ability
of DWI in identifying benign and malignant
tumors of the breast [28, 30]. The ADC values
of breast tumors are inversely correlated with
tumor cellularity. Most malignant breast tumors
show lower ADC values than benign tumors [29,
31]. Yabuuchi and co-workers concluded that
low ADC values are more prevalent in malignant
PTs and that low values correspond to the his-
topathological finding of stromal hypercellulari-
ty [13]. In the present study, the borderline and
malignant PTs had lower mean ADC values than
benign PTs, but there were no significant differ-
ences among three different PT types. The
diversity in results can be explained by the fact
that DWI was performed in only 10 patients in
the previously published study, leading to a
weak correlation between ADC values and his-
tologic grade.

In our study, three radiomic features were id-
entified as significant predictors of histolo-
gic grade; namely, Compactness, SumAverage,
and Correlation. The morphology feature “Com-
pactness” was associated with shape, texture
features were associated with “SumAverage”,
and overall image brightness and the smooth-
ing gradient of the patterns were associated
with the “Correlation” feature. Based on these
interpretations, our results indicate that benign
PT lesions can be irregular, brighter, and rough-
er than borderline and malignant PTs.

This complexity indicates one of the limitations
of our study; namely, sample size. Due to the
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the constructed model cannot be
validated with a separate test. The
predictive ability of this model should be fur-
ther validated externally.

In conclusion, we constructed a predictive
model based on the semantic and quantitative
features of DCE-MRI. This model can be used
as an additional tool in the differential diagno-
sis of PTs.
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Radiomics Features
Morphological features
1. Volume

The volume (V) of the tumor is determined by counting the number of pixels in the tumor region and
multiplying this value by the voxel size.

2. Surface to Volume Ratio Surface Area

The surface area is calculated by triangulation (i.e. dividing the surface into connected triangles) and is
defined as:

N
A= Z%|aib1x810i‘
i=1

Where is the total number of triangles covering the surface and, and are edge vectors of the triangles.
3. Eccentricity

The ellipsoid that best fits the tumor region is first computed using the framework of Li and Griffths
(2004). The eccentricity is then given by [1-axb/c?]¥/2, where ¢ is the longest semi-principal axes of the
ellipsoid, and a and b are the second and third longest semi-principal axes of the ellipsoid.

4. Solidity

Ratio of the number of voxels in the tumor region to the number of voxels in the 3D convex hull of the
tumor region (smallest polyhedron containing the tumor region).

5. Surface to Volume Ratio
. _A
surface to volume ratio = V

6. Compactness_1

\Y

JTA

compactness_1 =

Wt

7. Compactness_2

2
compactness_2 = 367[%
8. Sphericity
1 2
. 73 (6V)3
sphericity = ————

A

Histogram features

Histogram features calculated from the histogram of the tumor voxel intensities; Let X denote the three-
dimensional image matrix with N voxels. Their mathematical expressions are as below:
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1. Skewness

N B 1 N _ 3
Hi = (Z(X(i)-X>/ WZ(X(i)-X)z)
2. Kurtosis

N _ 1 N ~ 4
Hz=(Z(X(i)‘X)/ WZ(X(i)-X)Z)
3. Variance

N 2
Hy= D (i-X) X(i)

Gray-Level Co-Occurrence Matrix based (GLCM) features:

A GLCM is defined as P(i, j; 0, &), a matrix with size Ng X Ng describing the second order joint probability
function of an image, where the (i, j)th element represents the number of times the combination of
intensity levels i and j occur in two pixels in the image, that are separated by a distance of & pixels in
direction «, and Ng is the number of discrete gray level intensities. In this article, prior to the computa-
tion of texture features, the full intensity range of the tumor region was quantized to a smaller number
of gray levels 16. For angles = 0°, 45°, 90°, and 135°, we computed four values for each of the above
texture measures. Each feature was computed using a distance of one pixel.

Let:

P(i, j) be the co-occurrence matrix for an arbitrary 6 and «,
u be the mean of P(i, j),

u, be the mean of p,

u, be the mean of P,

0 _be the mean of ¢,

0, be the mean of 0.

Their mathematical expressions are as below:

1. Energy

=z
3

=z
3

2

F=22{PG )}

i=1j=1

2. Contrast

=z

o
g

Ng ‘ |2
Fz—iziljzzl i-jl P(i))
3. Correlation

Ng Ng
F, = <i=zlj§1 iP @, j) -ui(i)uj(J))/ x(1) o ()

2
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4. Entropy
Ng Ng
Fo=-2 X P(i, J)log:[P(i, )]
5. Variance
Ng Ng 2
Fs=2 2 (i-u) P(,J)
i=1j=1

6. Homogeneity

Ng Ng 1
Fo=2 2 — 7P
i=1j=11 + i'j|
7. Autocorrelation
Ng Ng
F7_|=1j:1UP(LJ)
8. Sum Average
2Ng
Fi == Pory (i) loga [Py ()]
9. Dissimilarity
Ng Ng ’
Fo= 2 2 1i-jIPGJ)



