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Abstract
OBJECT: Thyroid cancer represents the most frequent malignancy of the endocrine system with an increasing
incidence worldwide. Novel imaging techniques are able to further characterize tumors and even predict
histopathology features. Texture analysis is an emergent imaging technique to extract extensive data from an
radiology images. The present study was therefore conducted to identify possible associations between texture
analysis and histopathology parameters in thyroid cancer. METHODS: The radiological database was retrospectively
reviewed for thyroid carcinoma. Overall, 13 patients (3 females, 23.1%) with a mean age of 61.6 years were identified.
The MaZda program was used for texture analysis. The T1-precontrast and T2-weighted images were analyzed and
overall 279 texture feature for each sequence was investigated. For every patient cell count, Ki67-index and p53 count
were investigated. RESULTS: Several significant correlations between texture features and histopathology were
identified. Regarding T1-weighted images, S(0;1)SumAverg correlated themost with cell count (r = 0.82). An inverse
correlations with S(5;0)AngScMom, S(5;0)DifVarnc S(5;0), DiffEntrp and GrNonZeros (r = −0.69, −0.66, −0.69 and
−0.63, respectively) was also identified. For T2-weighted images, Variance with r = 0.63 was the highest coefficient,
WavEnLL_S3 correlated inverselywith cell count (r = −0.57).WavEnLL_S2 derived fromT1-weighted imageswas the
highest coefficient r = −0.80, S(0;5)SumVarnc was positively with r = 0.74. Regarding T2-weighted images
WavEnHL_s-1 was inverse correlated with Ki67 index (r = −0.77). S(1;0)Correlat was with r = 0.75 the best
correlationwithKi67 index. For T1-weighed imagesS(5;0)SumofSqswas the bestwith r = 0.65with p53count. For T2-
weighted images S(1;−1)SumEntrpwas the inverse correlationwith r = −0.72,whereas S(0;4)AngScMomcorrelated
positively with r = 0.63. CONCLUSIONS: MRI texture analysis derived from conventional sequences reflects
histopathology features in thyroid cancer. This techniquemight be a novel noninvasivemodality to further characterize
thyroid cancer in clinical oncology.

Translational Oncology (2017) 10, 911–916
Address all correspondence to: Hans-Jonas Meyer, MD, Department of Diagnostic and
Interventional Radiology, University Leipzig, Liebigstraße 20, 04103 Leipzig, Germany.
E-mail: Hans-Jonas.Meyer@medizin.uni-leipzig.de
Received 6 August 2017; Accepted 14 September 2017

© 2017 The Authors. Published by Elsevier Inc. on behalf of Neoplasia Press, Inc. This is an open
access article under theCCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1936-5233/17
https://doi.org/10.1016/j.tranon.2017.09.003
Introduction
Thyroid cancer represents themost frequent malignancy of the endocrine
system with an increasing incidence worldwide [1]. Most thyroid
malignancies are well-differentiated carcinomas, namely, papillary and
follicular carcinoma [1,2].Medullary and undifferentiated carcinomas are
rarer and account for 5% and 2% of all thyroid cancers, respectively [1].
Patients with well-differentiated carcinomas have an excellent prognosis,
whereas patients with undifferentiated carcinomas have a very poor
prognosis [2]. Currently, several imagingmodalities, especially ultrasound
and magnetic resonance imaging (MRI), are used in clinical practice for
detection of the primary tumor, measure the size and assess possible
infiltration of adjacent structures [2,3]. Furthermore, novel imaging
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techniques are able to further characterize tumors and even predict
histopathology features [4,5]. For example, apparent diffusion coefficient
(ADC) values derived from diffusion weighted imaging (DWI) were
significantly different in differentiated and undifferentiated thyroid
carcinomas [3]. Moreover, skewness, a parameter derived from ADC
histogram, was statistically significant lower/higher between nodal
positive and nodal negative thyroid carcinomas [6]. Recently, it has
been shown that ADC parameters correlated with histopathologic
parameters Ki67 and p53 in thyroid cancer [3,6].

Texture analysis is a novel imaging technique to extract extensive data
from radiology images [4]. Thereby, acquired data can be categorized into
several groups. First-order statistics include skewness, kurtosis, and
entropy of the histogram [4,5]. Second-order statistics, which is widely
known under “texture analysis”, describe spatial relationships between
voxels with similar gray levels within a lesion [4]. Typically used texture
parameters are the Gray Level Co-occurrence Matrix (GLCM, the Gray
Level Run-Length Matrix (GLRLM), and the Gray Tone Difference
Matrix (GTDM) (Incoroonato). Finally, higher-order statistics imposes
filter grids on an image to extract repetitive or non-repetitive patterns [4].
Presumably, tumor heterogeneity on the histopathology structure might
be reflected by this imaging technique. However, there are only few
studies directly correlating texture analysis with histopathology [7,8].

Regarding thyroid cancer, texture analysis was used in ultrasono-
graphic studies to discriminate between benign and malignant nodules
previously [9–11]. Furthermore, one study investigated texture features
on ADC maps [12]. However, previously, no study investigated
conventional MRI sequences with texture analysis in thyroid cancer.

Therefore, we conducted this study to elucidate possible associations
between MRI texture analysis and histopathologic parameters in thyroid
cancer.

Material and Methods
This retrospective study was approved by the local ethics committee. The
radiological databasewas reviewed for thyroid carcinoma. In total, 20 patients
were identified, but only 13 patients with histopathologically confirmed
thyroid carcinomahad received properMRI andwere enrolled in this present
study. The study sample consists of 3 females (23.1%) and 10 males with a
mean age of 61.6 years (range, 41–91 years). The histopathologic diagnoses
were papillary carcinoma (n = 4, 30.8%), follicular carcinoma (n = 4,
30.8%), and anaplastic carcinoma (n = 5, 38.4%).

MRI
MRI of the neck was performed for all patients using a 3 T device

(Magnetom Skyra, Siemens, Erlangen, Germany). For this study, the
following sequences were analyzed:

− axial T2-weighted (T2w) turbo spin echo (TSE) sequence (TR/TE: 4000/69, flip angle:
150°, slice thickness: 4 mm, acquisition matrix: 200 × 222, field of view: 100 mm);

− axial T1-weighted (T1w) turbo spin echo (TSE) sequence (TR/TE: 765/9.5, flip angle:
150°, slice thickness: 5 mm, acquisition matrix: 200 × 222, field of view: 100 mm).

All images were available in digital form and were analyzed by an
experienced radiologist (HJM) without knowledge of the histopath-
ological diagnosis on a PACS workstation (Centricity PACS, GE
Medical Systems, Milwaukee, WI, USA). Figure 1 shows a
representative case of the patient sample.

Texture Analysis
T1 precontrast weighted images as well as T2-weighted images

were transformed into DICOM format and processed offline with
the texture analysis software MaZda (version 4.7, available at http://
www.eletel.p.lodz.pl/mazda/) [13,14]. A polygonal ROI was placed
on the representative slide within the boundary of the tumor on the T1
precontrast sequence and the T2-weighted sequence. For each ROI,
gray-level normalization was performed, using the limitation of
dynamics to μ ± 3SD (μ gray level mean, SD standard deviation) to
minimize the influence of contrast and brightness variation, as it was
done previously for similar investigations [15]. The extracted features
are as follows: gray-level histogram (mean, variance, skewness, kurtosis,
percentiles (1, 10, 50, 90, 99%)), co-occurrence matrix (angular second
moment, contrast, correlation, entropy, sum entropy, sum of squares,
sum average, sum variance, inverse difference moment, difference
entropy, difference variance (for four directions and five interpixel
distances (offsets; n = 1 to 5)), run-length matrix (run-length
non-uniformity, gray-level non-uniformity, long run emphasis, short
run emphasis, fraction of image in runs)), absolute gradient (gradient
mean, variance, skewness, kurtosis, non-zeros), autoregressive model
(theta 1 to 4, sigma), and wavelet transform (energies of wavelet
transform coefficients in sub-bands LL,LH,HL,HH). Altogether, 279
texture features were retrieved from T1-precontrast and T2-weighted
images each.

Histopathology
All thyroid carcinomas were surgically resected and histopatholog-

ically analyzed. In every case, the proliferation index was estimated on
Ki-67 antigen stained specimens using MIB-1 monoclonal antibody
(DakoCytomation, Glostrup, Denmark). Furthermore, p53 index
was estimated using monoclonal antibody p57, clone DO-7
(DakoCytomation). Two high-power fields (0.16 mm2 per field,
×400) were analyzed. The area with the highest number of positive
nuclei was selected. Additionally, cellular density was calculated for
each tumor as average cell count per five high-power fields (×400)
using ImageJ package 1.48v (National Institute of Health, Bethesda,
MD, USA) as described previously [16]. All histopathological sections
were analyzed using a research microscope Jenalumar equipped with a
Diagnostic instruments camera 4.2 (Zeiss, Jena, Germany).

Statistical Analysis
Statistical analysis was performed using GraphPad Prism (Graph-

Pad Software, La Jolla, CA, USA). Collected data were evaluated by
means of descriptive statistics (absolute and relative frequencies).
Spearman's correlation coefficient (p) was used to analyze associations
between texture features and histopathologic parameters. Differences
between the tumor entities were investigated by Mann–Whitney test.
In all instances, P values b.05 were taken to indicate statistical
significance.
Results
Several significant correlations were identified between texture
analysis features and histopathology parameters, the nonsignificant
correlations are not shown. Tables 1a, 1b, 1c displays the correlations
of T1 texture features and Tables 2a, 2b, 2c the correlations of T2
texture features.

Cell Count
Regarding T1-weighted images, S(0;1)Sum Averg correlated the

most with cell count (r = 0.82). There were also inverse correlations
with S(5;0)AngScMom, S(5;0)DifVarnc S(5;0), DiffEntrp and
GrNonZeros (r = −0.69, −0,66, −0,69 and −0.63, respectively).

http://www.eletel.p.lodz.pl/mazda/
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Figure 1. Imaging features and histopathological findings in a patient with anaplastic thyroid cancer. Placed ROIs within the lesion on T1
weighted and (a) T2-weighted images (b) of a large tumor in the left thyroid lobe. Histopathological findings of the tumors: MIB 1 staining (c)
and p53 staining (d). Histopathological parameters are as follows: KI 67 index is 32%, p53 index is 66%, cell count is 1992, total nucleic area is
118,541 μm2, and average nucleic area is 60 μm2.
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For T2-weighted images, variance with r = 0.63 was the highest
coefficient, WavEnLL_S3 correlated inversely with r = −0.57.
Table 1a. Statistically Significant Correlations Between T1wTexture Analysis Features andCell Count

Feature p P

S(0;1)Sum Averg 0.82 0.0005
S(0;1)InvDFMom 0.62 0.02
S(0;1)SumAverg 0.73 0.0045
S(1;1)SumVarnc 0.62 0.02
S(1;1)SumAverg 0.78 0.017
S(2;0)SumAverg 0.72 0.006
S(0;2)SumAverg 0.66 0.01
S(2;2)InvDfMom 0.61 0.03
S(2;2) SumAverg 0.65 0.02
S(3;0)SumAverg 0.68 0.01
S(0;3)SumAverg 0.57 0.04
S(3;3)Correlat 0.56 0.04
S(3;3) SumAverg 0.62 0.02
S(4;0)Contrast 0.65 0.01
S(4;0)InvDFMom 0.70 0.008
S(4;0) SumAverg 0.71 0.006
S(4;4) SumAverg 0.63 0.02
S(5;0)AngScMom −0.69 0.01
S(5;0)Contrast 0.60 0.03
S(5,0)Correlat 0.60 0.03
S(5;0) SumAverg 0.66 0.01
S(5;0)DifVarnc −0.69 0.009
S(5;0)DiffEntrp −0.66 0.01
S(5;5) SumAverg 0.61 0.02
GrNonZeros −0.63 0.02
Ki67
Some texture features derived from T1-weighted images correlated

positively, others invers with Ki67. WavEnLL_S2 was the highest
coefficient r = −0.80, S(0;5)SumVarnc was positively with r = 0.74.
Regarding T2-weighted images also a wavelet transform feature
(WavEnHL_s-1) was inverse correlated with Ki67 index (r = −0.77).
S(1;0)Correlat was with r = 0.75 the highest coefficient.

P53
For T1-weighed images S(5;0)SumofSqs was the best with r =

0.65 with p53 count.
For T2-weighted images S(1;-1)SumEntrp was the inverse

correlation with r = −0.72, whereas S(0;4) AngScMom correlated
positively with r = 0.63.

Discussion
This is the first study to elucidate possible associations between MRI
texture features derived from precontrast T1- and T2-weighted
images and histopathology parameters in thyroid cancer to date.
Notably, several second order statistics features like difference
entropy, contrast, correlate and sum of squares correlate with the
histopathology parameters. Interestingly, different features reflect
different histopathology parameters.

Recently, texture analysis has become an emergent field in radiology
with very promising results [4]. Especially in oncologic imaging, texture
analysis features reflects several clinically relevant characteristics in
several tumors [4]. Texture features show associations with molecular



Table 1b. Correlations Between T1w Texture Analysis Features and Ki67

Feature p P

MinNorm 0.60 0.03
Mean 0.63 0.02
Perc1% 0.65 0.02
Perc10% 0.56 0.04
Perc50% 0.62 0.02
S(1;1)DiffEntrp −0.62 0.02
S(2;2)Contrast −0.60 0.03
S(2;2)Correlat 0.63 0.02
S(2;2) InvDFMom 0.62 0.02
S(2;2) DiffEntrp −0.70 0.008
S(0;3) DiffEntrp −0.60 0.03
S(3;3)Contrast −0.65 0.02
S(3;3) Correlat 0.64 0.02
S(3;3) InvDFMom 0.57 0.04
S(3;3)SumVarnc 0.60 0.03
S(3;3)DiffVarnc −0.63 0.02
S(3;3) DiffEntrp −0.64 0.02
S(4;0)Contrast −0.57 0.04
S(4;0) DiffEntrp −0.63 0.02
S(0,4)Contrast −0.58 0.04
S(0;4)Correlat 0.63 0.02
S(0;4)SumVarnc 0.65 0.02
S(0;4) DiffVarnc −0.63 0.02
S(0;4) DiffEntrp −0.67 0.01
S(4;4)Contrast −0.63 0.02
S(4;4)Correlat 0.66 0.01
S(4;4)InvDfMom 0.57 0.04
S(4;4)SumVarnc 0.65 0.02
S(4;4)SumEntrp 0.59 0.03
S(4;4)DiffEntrp −0.69 0.009
S(5;0)Contrast −0.57 0.04
S(0;5)Correlat 0.66 0.01
S(0;5)SumVarnc 0.74 0.004
WavEnLL_S2 −0.80 0.001
WavEnLL_S3 −0.62 0.02

Table 2a. Correlations Between T2 Texture Analysis Features and Cell Count

Feature p P

Variance 0.63 0.02
S(3;3)Entrp 0.57 0.04
S(4;0)Entrp 0.55 0.04
S(4;-4)Entrp 0.57 0.04
S(5;0)Entrp 0.62 0.03
S(5;-5)Entrp 0.55 0.04
WavEnLL_S3 −0.57 0.04

Table 2b. Correlations Between T2 Texture Analysis Features and Ki67

Feature p P

S(1;0)Contrast −0.71 0.0061
S(1;0)Correlat 0.75 0.003
S(1;0)InvDifMoment 0.56 0.04
S(1;0)DifVarnc −0.77 0.02
S(1;0)DifEntrp −0.77 0.002
S(1;-1)InvDifMom 0.57 0.04
S(2;0)Contast −0.75 0.003
S(2;0)Correlat 0.75 0.003
S(2;0)SumEntrp 0.65 0.01
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markers, for example in low-grade gliomas, and can also be used as
prognostic biomarkers [17]. Furthermore, they can predict the survival
for glioblastoma patients [18,19].

Another promising aspect may be differentiation between different
histological tumor types, which was previously not able with
conventional imaging alone. In breast cancer, texture analysis could
discriminate between lobular and ductal breast carcinomas [20]. In
another recent study, it could discriminate between benign and
malignant meningiomas [21].
Table 1c. Correlations Between T1w Texture Analysis Features and p53

Feature p P

S(1;0)SumVarnc 0.57 0.04
S(1;1)SumofSqs 0.57 0.04
S(1;-1)SumofSqs 0.60 0.03
S(2;2)SumofSqs 0.64 0.02
S(2;-2)SumofSqs 0.59 0.03
S(3;0)SumofSqs 0.57 0.04
S(0;3)SumofSqs 0.58 0.04
S(3;-3)SumofSqs 0.56 0.04
S(4;0)SumofSqs 0.59 0.03
S(4;4)SumofSqs 0.56 0.04
S(4;-4)SumofSqs 0.56 0.04
S(5;0)SumofSqs 0.65 0.01
S(0;5)SumofSqs 0.57 0.04
S(5;5)SumofSqs 0.57 0.04
WavEnLL_S3 0.56 0.04
WavEnLL_S4 0.61 0.02
The principal hypothesis is that texture analysis is able to display
tumor heterogeneity due to further characterizing of the image and to
gain data, which can be used as biomarkers [4].

The tumor suppressor protein p53 plays a pivotal role in DNA
damage response, cell differentiation, proliferation, and death [22]. In
about 50% of cancers overall a mutation in the p53 gene can be found
[23]. Furthermore, p53 is mutated in up to 80% of cases in
undifferentiated thyroid cancers, less in differentiated thyroid cancers
[22]. Clinically, p53 expression is associated with lymph node
metastasis, tumor size in papillary thyroid cancers [23] and, therefore,
provides important prognostic information. In a recent study, a
positive correlation between ADC values and p53 expression could be
identified in thyroid cancer [6]. Regarding texture analysis, Dang et al.
established a predictionmodel with 7 texture features to predict the p53
expression with an accuracy of 81.3% in head and neck cancers [24].
The present study identified that sum square average features derived
from T1 weighted images and entropy based features derived from
T2-weighted images are associated with p53 count in thyroid cancer.
S(2;0)DiffVarnc −0.68 0.01
S(2;0)DiffEntrp −0.75 0.003
S(2;-2)InvDifMom 0.64 0.02
S(3;0)Contrast −0.71 0.006
S(3;0)Correlat 0.74 0.004
S(3;0)DiffVarnc 0.63 0.002
S(3;0)DiffEntrp −0.67 0.02
S(3;0)DiffEntrp −0.75 0.003
S(3;-3)InvDifMom 0.63 0.02
S(3;-3)Entrp 0.59 0.03
S(4;0)Contrast −0.68 0.01
S(4;0)Correlat 0.74 0.004
S(4;0)SumEntrp 0.68 0.01
S(4;0)DiffVarnc −0.67 0.01
S(4;0)DiffEntrp −0.68 0.01
S(0;4)Entrp 0.59 0.03
S(5;0)Contrast −0.63 0.02
S(5;0)Correlat 0.68 0.01
S(5;0)DiffVarnc −0.63 0.02
S(5;0)DiffEntrp −0.64 0.02
S(0;5)Entrp 0.57 0.04
Teta1 0.64 0.02
Sigma −0.55 0.04
WavEnHL_s-1 −0.77 0.002
WavEnHL_s-2 −0.68 0.01



Table 2c. Correlations Between T2 Texture Analysis Features and p53

Feature p P

S(0;1)SumEntrp −0.67 0.01
S(1;1)SumEntrp −0.63 0.02
S(1;-1)SumEntrp −0.72 0.006
S(0;3)Entrp −0.57 0.04
S(3;3)AngScMom 0.56 0.04
S(0;4)AngScMom 0.63 0.02
GrSkewness −0.71 0.006
GrKurtosis −0.66 0.01
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Ki67 is the clinically most used marker for proliferative activity in
cancers [25]. For medullary thyroid carcinomas, it is a prognostic
biomarker [25]. A lot of recent studies investigated possible
associations between Ki67 index and MRI [26]. Regarding thyroid
cancer, a negative correlation between ADC and Ki67 index was
identified [3,6,27]. Various different texture features derived from
T1w and T2w images showed associations with Ki67 index. This is in
good agreement with a recent investigation, which identified
significant correlation between T1w and T2w derived histogram
based features and Ki67 index in cerebral lymphomas [28].
Regarding cellularity and MRI findings, it is well known that ADC

values reflect cell density of tumors [29,30]. The explanation of that
finding is that cells restrict the free diffusion and therefore with a
higher cell density the ADC value is lowered [29,30]. This was
recently investigated by two meta-analyses with moderate correlation
coefficients of r = −0.59 and r = −0.56 [29,30]. Interestingly, the
highest coefficient in this present study of “SumAverg” derived from
T1w images is even higher than in the above-mentioned
meta-analyses. Furthermore, this finding is similar with a recent
study, investigating conventional MRI sequences in glioblastoma
[31]. The authors identified a correlation coefficient of r = 0.69 with
cell density derived from T1w postcontrast images. In addition,
combining the different MRI sequences, namely T1w postcontrast,
fluid attenuation recovery sequence and DWI (ADC), the correlation
coefficient was higher: r = 0.74 [31]. These results underlined the
fact that different MRI sequences reflect different microstructural
features in tumors. However, there is still paucity of studies regarding
thyroid cancer. Previously, one study investigated histogram derived
parameters by ADC maps to analyze possible associations with
histopathology in thyroid cancer [6]. In fact, ADC kurtosis correlated
inversely with cellularity and 90th percentile ADC correlated
inversely with Ki67 index [6].
Previously, MRI texture analysis was used on ADC maps to

discriminate between benign and malignant thyroid nodules [12].
Using conventional ADC values only a sensitivity and specificity of
70% and 63%, respectively, was identified [12]. Use of texture
analysis improved validity with a 92% sensitivity and 96% specificity,
indicating the clinical benefit of this technique [12]. Mainly features
from the co-occurrence matrix were important for this analysis [12].
This is comparable with the present study.
The identified findings showed high correlations between imaging

and biological parameters. However, we think that texture analysis is
not considered to replace histopathologic examinations but enable the
possibility to gain information regarding tumor biology noninvasivley
and repeatably. As an example, the tumor histopathology can change
under therapy but for most cancers no further histopathology is
acquired after the first diagnosis defining biopsy. Novel radiology
analysis like histogram and texture analysis might be able to provide
such crucial information in clinical routine. Another important aspect
is that histopathology is nowadays more and more acquired with
smaller biopsy samples and thus only displaying a small portion of the
tumor. It is well known that larger tumors have different
microenvironments [32] and therefore a biopsy might only provide
information about a completely different tumor area than the main
tumor.

This study has several limitations. Firstly, it is a retrospective
analysis with the concordantly known bias. However, the radiologist
doing the analysis was blinded for the histopathology results.
Secondly, the patient sample is small. Thirdly, it is a known
phenomenon in studies regarding texture analysis that the number of
investigated imaging features largely extends the number of included
patients with possible statistically problems. Therefore, a prospective
study with a greater patient sample is needed to confirm our
preliminary results.

Conclusions
MRI texture analysis derived from conventional sequences reflects
different histopathological features in thyroid cancer. This technique
might be a novel noninvasive modality to further characterize thyroid
cancer in clinical oncology.
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