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Abstract: Objective: To explore the value of computed tomography (CT) texture features in differentiating benign and
malignant thyroid calcified nodules by using a logistic regression model. Methods: The non-contrast CT images of
60 patients pathologically diagnosed with thyroid calcification were selected. The size of the reconstruction field of
view is 70 millimeters. One rectangle region of interest (ROI) covering thyroid calcifications was manually delineated
for each CT image by a radiologist. The texture features, including mean pixel intensity, standard deviation (SD),
maximum intensity, minimum intensity, skewness, kurtosis, were measured in the ROI. The diagnostic value of CT
texture features were analyzed statistically and the logistic model was established. Results: There was no signifi-
cant difference in maximum intensity between benign and malignant calcified nodules using Student’s t test (P >
0.05). The mean pixel intensity, SD, minimum intensity, skewness and kurtosis were significantly different between
benign and malignant calcified nodules (P < 0.05). According to the results of logistic regression analysis, the ac-
curacy, sensitivity, specificity and area under receiver operating curve (AUC) are 0.833, 0.875, 0.893 and 0.951,
respectively. Conclusions: Logistic regression model created in this study can be implied well in differentiating the
malignancy of thyroid calcified nodule based on CT texture features.
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Introduction and the image characteristics of thyroid calcifi-
cations are closely related to the pathological

results [6]. Naturally, CT images contain sub-
of thyroid disease, and calcification is signifi- stantial objective information, with clinical val-
cantly correlated with malignant tumors [1], ues which the naked eyes may be unable to
accounting for 49.6-78.8% of malignant nod- identify.

ules, and 15.7-38.7% of benign nodules [2].

Thyroid nodule calcification is a common sign

The reference standard for the clinical diagno-
sis of thyroid nodules is fine-needle aspiration
biopsy. However, fine-needle aspiration biopsy
is invasive, resulting in physical and psychologi-
cal harm to the patients [3]. Imaging examina-
tion methods such as scintigraphy, ultrasonog-
raphy (US), CT, and magnetic resonance (MRI)
are currently used to evaluate thyroid nodules
but they cannot reliably differentiate benign
from malignant lesions [4, 5]. CT is one of the
common imaging examination methods to diag-
nose the nature of thyroid calcification nodules,

In previous studies, mathematical methods
were used to intuitively describe the distribu-
tion and change rules of image pixels, and
quantitative parameters are used to evaluate
the image [7]. With the gradual maturity of
machine learning algorithm systems, texture
analysis technology is an important part of
computer-aided diagnosis system, and has ex-
tensive research value [8]. Some researchers
have discussed the difference of the texture
features between thyroid nodules and normal
tissues [2], and the important value of some
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Figure 1. Flowchart of study population.

texture parameters in the diagnosis of thyroid
cancer [9]. These studies used CT images re-
constructed using a conventional field of view
(FOV) (22~25 cm). It is not clear that if CT ima-
ges with small FOV have high diagnostic value
in identifying thyroid calcification. In addition,
there are no reports discussing the relationship
between the texture characteristics of calcified
nodules and the differentiation between benign
and malignant, or combining the texture char-
acteristics parameters of multiple calcified no-
dules for analysis.

The purpose of this study was to investigate the
value of CT calcified texture features in differ-
entiating benign and malignant thyroid calcifi-
cation nodules by logistic regression analysis.

Materials and methods
Clinical data

A retrospective review was performed on all
305 patients who underwent small imaging
FOV plain scanning in the First People’s Hospi-
tal in Hangzhou from January 2016 and June
2018. We excluded 245 cases without thyroid
calcification, we identified 60 cases with calcifi-
cation in the study group (Figure 1), including
28 cases with benign nodules and 32 cases
with malignant ones (39 women and 21 men).
The age ranged from 24 to 72 years, with a
mean age of 50 (standard deviation, +14
years). A typical calcified nodule was selected
from CT images for each patient. Inclusion cri-
teria are as follows: 1) incidental thyroid nod-
ules; 2) without surgery or puncture biopsy; 3)
no severe image artifact affecting observation
and measurement; 4) definite pathological dia-
gnosis. The study was approved by the institu-
tional review board of the Hangzhou First Peo-
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ation 16-layer spiral CT (Sie-

mens, Erlangen, Germany).

The patients were required to
lie in supine position with the neck extended
as long as possible, and the scan range was
from the oropharynx to the upper clavicle. The
cross-sectional image of plain CT was selected,
with the field of view (FOV) size of 70 millime-
ters and the image format was Digital Imaging
and Communications in Medicine (DICOM). The
scan parameters were: tube voltage 120 kV;
tube current automatic regulation; 2~3 millime-
ter cross-sectional thickness; 2~3 millimeter
cross-sectional distance; scan pitch 0.875; and
16x0.625 millimeter collimation.

Image analysis and data processing

The images were independently assessed by
two radiologists. If the radiologists disagreed
with each other, a senior radiologist would be
invited to review the thyroid CT images and
make final examination. Software of Imagel)
18.0 was used to extract the rectangle ROI cov-
ering thyroid calcification. If more than one cal-
cification nodule was found in one patient, the
most characteristic calcification nodules in CT
images were selected (Figure 2). The following
texture features of CT images were evaluated:
mean pixel value, maximum intensity, minimum
intensity, skewness, kurtosis, and standard
deviation (SD) of pixel distribution.

Statistical analysis

Statistical analysis of the results was per-
formed with SPSS 17.0. The Independent t test
was used to determine the value of the mea-
sured data of six CT texture features in differen-
tiating benign and malignant thyroid nodules.
Binary logistic regression analysis was used to
assess the association between the pathologic
diagnosis and CT texture parameters. A logistic
regression model was established according to
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Figure 2. Typical calcified thyroid nodules. A. The goiter nodules of the left
thyroid gland are associated with gross calcification. B. Papillary thyroid car-
cinoma with interstitial fibrosis and gross calcification at the right. Red arrow
indicates the regions of interest.

the results of logistic regression analysis. The
accuracy of the model can be obtained by test-
ing the data of sixty ROIs. The ROC curve was
obtained according to the results of binary
logistic regression analysis. The accuracy, the
sensitivity, specificity and AUC of benign and
malignant thyroid diagnosis were analyzed.

Results

Comparison of benign and malignant thyroid
nodules

The six image features were compared between
benign and malignant thyroid nodules by inde-
pendent t test (Table 1). The maximum intensi-
ty has no significant difference between two
groups (P = 0.280). The mean intensity, stan-
dard deviation, minimum intensity, skewness
and kurtosis have significant differences (P <
0.05). Skewness, Kurtosis and SD in the benign
group are greater than the ones in the malig-
nant group. Nevertheless, mean and minimum
intensity are less than the malignant group.

Logistic regression analysis

The pathology results of benign and malignant
thyroid nodules were used as dependent vari-
ables, and the six CT characteristic features
were used as covariate variables. During logis-
tic regression analysis, variable selection strat-
egies including enter, forward, backward and
stepwise were used and the strategy of enter
was chosen for this method outperforming
other strategies after comparing results. Based
on the enter strategy, all the features were
forced into the model. A satisfied fit model was
achieved (Nagelkerke R Square = 0.764, -2Log
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likelihood = 31.956), and va-
riables in the equation were
shown in Table 2. Wald chi-
square test for the corre-
sponding p value, indicates
that there is no significant dif-
ference in mean intensity,
maximum intensity and kur-
tosis (P > 0.05), but there is
significant difference in stan-
dard deviation, minimum and
skewness (P < 0.05). The
regression coefficients of st-
andard deviation, minimum
intensity, skewness and kur-
tosis are negative, indicating
that the smaller these three
parameters are, the greater the possibility of
malignancy is, and the odds ratio is 0.861,
1.036 and 0.001, respectively; indicating that
the three data sizes, the probability of malig-
nancy is 0.861, 1.036 and 0.001 times of the
probability of benign nodules.

From the Table 2, we set up a logistic regres-
sion equation (equation 1). The cut value is 0.5.
If y is greater than 0.5, it was considered as
malignant nodule. Otherwise, it was considered
as benign. We presented the confusion matrix
(Figure 3) to show the performance of the
logistic regression model. The sensitivity and
specificity and accuracy were 0.875, 0.89.3
and 0.833, respectively. The model performed
effectively to discriminate benign nodules from
malignant ones.

logit(y) = 0.742-0.15x +0.035x,-6.743x, (1)

Here, Xy X, and X, indicate SD, minimum inten-
sity and skewness respectively. Here, y is the
predicted probability of the logistic regression

model.

To evaluate the performance of logistic re-
gression model, we applied the ROC curve to
calculate the area of under the ROC curve. We
achieved the predicted value by choosing prob-
ability option on the save panel of SPSS. The
label and probability were applied to make the
ROC curve, and the AUC was calculated (Figure
4).

Discussion

Thyroid nodule calcification refers to the calci-
um deposition in thyroid nodules. Calcification
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Table 1. Statistical comparison of benign and malignant thyroid nodules characteristics

Mean (HU) SD (HU) Min (HU) Max (HU) Skewness Kurtosis
Benign 120.9+156.2 203.0+142.6 -152.6+370.9 703.6%+411.9 1.0+1.1 1.3+2.4
Malignant 214.2+105.7 134.5+108.6 17.5+73.8 587.8+£409.1 0.6+0.7 0.1+2.0
t value -2.736 2.107 -2.385 1.090 2.010 2.031
p value 0.008 0.039 0.024 0.280 0.049 0.047

HU: Hounsfield unit.

Table 2. Variables in the equation on logistic regression analysis

nodules. Han Z et al. previous-

ly used calcification signs in

Coefficient ~ Standard Error p value 0dds Ratio ’ o
Mean 0.032 0.020 0.106 1.033 the identification of nodular
goiter in the accuracy of
SD -0.150 0.053 0.004 0.861 79.5%. In this experiment, the
Max -0.013 0.014 0.341 0.987 aCCUracy rate Of |dent|fy|ng
Min 0.035 0.012 0.005 1.036 ben|gn and ma“gnant thyro|d
Skewness -6.743 2.780 0.015 0.001 gland tissue was increased to
Kurtosis -0.256 0.665 0.700 0.774 87.5% [16]. By establishing a
Constant 0.742 2.345 0.752 2.100 Logistic model to compare
with benign nodules, malig-
nant thyroid nodules have a
Benign Malignant higher rate of calcification,
and calcification mostly occ-
@ urs in the interior of nodules.
S In addition, in the study on the
—g' > types of thyroid calcification, a
e study showed that fine-gr-
B ained calcification in thyroid
@ nodules is an important sign
g FN=4 SEN=5T £ of CT diagnosis of thyroid ma-
3 ( ) lignant nodules, and coarse-
= grained calcification in thyroid

Predicted class

Figure 3. Confusion matrix of logistic model performance. FP indicates false
positive; TP true positive; FN false negative; TN true negative; SEN sensitivity;

SPE specificity.

is rare in benign thyroid diseases, usually due
to nodular wall calcification or fibrous septal
calcification after the absorption of inflamma-
tion and hematoma. In traditional clinical prac-
tice, ultrasound is often used to examine the
thyroid gland. In the aspect of ultrasound, there
have been studies on automatic identification
of thyroid nodules and automatic identification
of vascularization within the boundary [10-12].
However, such studies using CT are still imma-
ture [13, 14].

CT can also distinguish benign from malignant
thyroid nodules [4, 15]. In terms of calcification,
the current study by Liu W et al. shows that cal-
cification has a high detection rate in malignant
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nodules is an important sign
of CT diagnosis of benign thy-
roid nodules [17]. Most stud-
ies focus on the classification
and distribution of calcifica-
tion. This study attempted to
analyze the texture of calcification. Texture
analysis refers to the process of extracting tex-
ture feature parameters through certain image
processing technology so as to obtain quantita-
tive or qualitative description of texture. At
present, studies have shown that dynamic en-
hanced liver texture analysis is of significance
in the preliminary evaluation of colorectal can-
cer [18, 19]. In our study, texture analysis was
used for thyroid calcification, where pixel value
represents the number of pixels contained in
the image. The higher the value is, the greater
intensity the calcification will be, which is asso-
ciated to the pathologic type of thyroid nodule.
Skewness, kurtosis and standard deviation can
reflect the distribution of pixel value. In this
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Figure 4. ROC curve of logistic regression analysis.

study, it was found by independent sample t
test that skewness, kurtosis, minimum value,
average pixel value and standard deviation of
pixel distribution were of certain value in beni-
gn and malignant thyroid, while the maximum
value of CT showed no significant difference
in benign and malignant thyroid nodules (P >
0.05).

Logistic regression, also known as logistic
regression analysis, is a generalized linear
regression analysis model, commonly used in
data mining, automatic diagnosis of diseases,
economic forecasting and other fields. For
example, to discuss the risk factors of causing
diseases and predict the probability of occur-
rence of diseases based on the risk factors
[20-23]. Therefore, in this experiment, logistic
regression analysis was carried out on the
parameters obtained from texture analysis,
and Logistic model (equation 1) was obtained.
The maximum approximation index was ob-
tained through the obtained specificity and
sensitivity. When Y is greater than this value,
the probability of thyroid nodule being malig-
nant is high. When Y is less than this value, thy-
roid nodules are more likely to be benign. Due
to the difficulty in data collection, the sample
size in this study is small. The thyroid calcifica-
tion was not classified, and the size of thyroid
calcification was different, leading to the incon-
sistent size of the selected area, which may
have some impact on the classification results,
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which is the deficiency of this study. Finally, in
the validation part of the model, this experi-
ment only used the internal validation, and the
obtained validation data is not comprehensive
and rigorous enough. In the next step, we will
collect new data, continue external verification
of the established Logistic model, evaluate the
model more comprehensively, and further im-
prove the experiment.

Based on logistic regression model, this experi-
ment carried out texture analysis of calcified
nodules in CT images under small FOV scan of
thyroid gland to provide reference opinions for
the diagnosis of benign and malignant thyroid
nodules, which has certain value in thyroid nod-
ule diagnosis.
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