
Research Article
A Combination Analysis of IVIM-DWI Biomarkers and
T2WI-Based Texture Features for TumorDifferentiation Grade of
Cervical Squamous Cell Carcinoma

Bin Shi ,1 Jiang-Ning Dong ,1 Li-Xiang Zhang ,2 Cui-Ping Li ,3 Fei Gao ,1

Nai-Yu Li ,1 Chuan-Bin Wang ,1 Xin Fang ,1 and Pei-Pei Wang 1

1Department of Radiology, �e First Affiliated Hospital of USTC, Division of Life Sciences and Medicine,
University of Science and Technology of China, Anhui Provincial Cancer Hospital, Hefei, 230031, China
2Department of Radiology, �e �ird Affiliated Hospital of Xinxiang Medical College, Xinxiang, Henan 453003, China
3Anhui Medical University, Hefei, Anhui 230000, China

Correspondence should be addressed to Jiang-Ning Dong; dongjn@163.com

Received 14 July 2021; Accepted 18 February 2022; Published 17 March 2022

Academic Editor: Alexander R. Haug

Copyright © 2022 Bin Shi et al..is is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Purpose. To explore the value of intravoxel incoherent motion diffusion-weighted imaging (IVIM-DWI) and texture analysis on
T2-weighted imaging (T2WI) for evaluating pathological differentiation of cervical squamous cell carcinoma. Method. .is
retrospective study included a total of 138 patients with pathologically confirmed poor/moderate/well-differentiated (71/49/18)
who underwent conventional MRI and IVIM-DWI scans..e values of ADC,D, D∗, and f and 58 T2WI-based texture features (18
histogram features, 24 gray-level co-occurrence matrix features, and 16 gray-level run length matrix features) were obtained.
Multiple comparison, correlation, and regression analyses were used. Results. For IVIM-DWI, the ADC, D, D∗, and f were
significantly different among the three groups (p< 0.05). ADC, D, and D∗ were positively correlated with pathological dif-
ferentiation (r� 0.262, 0.401, 0.401; p< 0.05), while the correlation was negative for f (r� −0.221; p< 0.05). .e comparison of 52
parameters of texture analysis on T2WI reached statistically significant levels (p< 0.05). Multivariate logistic regression analysis
incorporated significant IVIM-DWI, and texture features on T2WI showed good diagnostic performance both in the four
differentiation groups (poorly vs. moderately, area under the curve(AUC)� 0.797; moderately vs. well, AUC� 0.954; poorly vs.
moderately and well, AUC� 0.795; and well vs. moderately and poorly, AUC� 0.952). .e AUCs of each parameters alone were
smaller than that of each regression model (0.503∼0.684, 0.547∼0.805, 0.511∼0.712, and 0.636∼0.792, respectively; pairwise
comparison of ROC curves between regression model and individual variables, p< 0.05). Conclusions. IVIM-DWI biomarkers
and T2WI-based texture features had potential to evaluate the pathological differentiation of cervical squamous cell carcinoma.
.e combination of IVIM-DWI with texture analysis improved the predictive performance.

1. Introduction

Cervical carcinoma, as a malignant tumor in the female
reproductive system, has a high incidence in China, and the
increasing incidence and trend of younger age lead to a
serious threat to health and life [1, 2]. .e most common
pathological type of cervical carcinoma is squamous cell
carcinoma [3, 4], which can be divided into three grades of
differentiation: poorly differentiated, moderately differen-
tiated, and well-differentiated. Tumors at the early stage are

mainly treated by surgery, while for patients with advanced
tumors or those who need to preserve the uterus, radiation
therapy may be chosen and is an effective method for
cervical squamous cell carcinoma [5]. Some studies dem-
onstrated that the tumor differentiation grade also has an
impact on outcomes and survival [6]. .erefore, accurate
radiological diagnosis for the prediction and evaluation of
the pathological and molecular levels of cervical squamous
cell carcinoma has been a hot topic in recent years, andmany
advanced techniques have been used in this area [7].
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Intravoxel incoherent motion diffusion-weighted im-
aging (IVIM-DWI), as a noninvasive imaging tool, is able to
distinguish the diffusion motion of water molecules and the
perfusion-related contribution of the microcirculation sys-
tem [7–9] and may provide more important cues to discover
the correlation between radiology and pathology. .e fine
greyscale changes caused by the heterogeneity of lesions
cannot be easily observed by traditional tools but can be
measured by quantitative tools such as texture analysis [10].
For magnetic resonance imaging (MRI), T2-weighted im-
aging (T2WI) is highly sensitive to pathological processes
because the characterization of the T2 signal allows for the
determination of water content, degree of fibrotic change,
necrosis, and haemorrhage in the tissue [11].

.erefore, our study aimed to explore the diagnostic
value of IVIM-DWI and texture analysis on T2WI for the
tumor differentiation grade of cervical squamous cell car-
cinoma. We hypothesized that the combination of IVIM-
DWI biomarkers and texture features based on tumorous
heterogeneity could develop a novel predictive paradigm for
the formulation of operation or radiation therapy.

2. Materials and Methods

2.1. Patients. A total of 138 patients from our hospital with
cervical squamous cell carcinoma between 2017 and 2020
were included in the study (Table 1). .ere were 71 patients
in the poorly differentiated group, 49 patients in the
moderately differentiated group, and 18 patients in the well-
differentiated group. Differentiation was confirmed by pa-
thology after surgery or biopsy.

.e inclusion criteria of our study were as follows: (1)
MRI routine examination was performed in our hospital
within 2 weeks before any treatment; (2) no biopsy or
therapy was performed before MRI examination; and (3) the
image quality was adequate for diagnosis and measurement.
.e MRI scans and images could not reach the above cri-
teria, such as the images have obvious motion artifacts,
would be excluded in the study. .is retrospective study was
approved by our institutional review board with a waiver of
written informed consent.

2.2. MRI Examination. All 138 patients underwent MRI
examination by a 3.0 T MRI scanner (Signa HDxT, GE
Healthcare, USA) equipped with an 8-channel phased array
body coil. .e patients lied in the supine position during the
whole examination, including the conventional routine MRI
sequences and IVIM-DWI for the assessment of the cervical
lesions: (1) axial fast spin echo T1-weighted imaging (T1WI)
of the pelvis (repetition time (TR)� 500ms; echo time
(TE)� 7.8ms; thickness� 4mm; and number of excitation
(NEX)� 1); (2) sagittal and oblique (perpendicular to the
long axis of the cervical canal) fast spin echo T2WI
(TR� 4200ms; TE� 68ms; thickness� 4mm; and NEX� 2);
(3) axial fat-suppressed T2WI (TR� 4200ms; TE� 68ms;
thickness� 4mm; and NEX� 2); and (4) axial IVIM-DWI
(TR� 4000ms; TE� 77ms; thickness� 4mm; and NEX� 6;

b� 0, 10, 20, 50, 100, 200, 400, 800, 1200 s/mm2). .e whole
acquisition time was 7min and 54 s.

2.3. Image Acquisition. All original images in the DICOM
format were divided into three groups depending on the
tumor differentiation grade: poorly differentiated group,
moderately differentiated group, and well-differentiated
group. .ere were two parts of image analysis as described
below (Figure 1).

2.3.1. Part I: IVIM-DWI Measurement. Two radiologists (8
and 10 years of pelvic diagnostic experience, respectively)
blinded to the pathological results and drew the region of
interest (ROI) using the FuncTool software on a GE AW 4.6
postprocessing workstation. .e ROI-1 of IVIM-DWI was
selected on the maximum transverse plane of each lesion at a
b value of 1200 s/mm2 to obtain the IVIM-DWI parameters
of ADC, D, D∗, and f. For each case, the ROI-1 with 5mm2

was drawn three times to acquire the average value, avoiding
necrosis, haemorrhage, or cervical canal (each radiologist
drew twice to get the values, and intraclass correlation
coefficient was calculated to evaluate the interobserver
agreement; Figure 2).

2.3.2. Part II: Texture Analysis on T2WI. .e ROI-2 was
drawn on the oblique T2WI slice layer by layer to cover the
whole tumor by using ITK-SNAP (version 3.6.0, http://www.
itksnap.org) also in a blinded way. .e two radiologists
should reach an agreement on the chosen area of ROI-2.
Considering that texture analysis should focus on the
complete information of the lesions, ROI-2 was drawn on
the whole lesion, including necrosis or haemorrhage inside
(Figure 2). .en, 58 parameters of texture analysis were
acquired by using a software package (Artificial Intelligence
Kit version 3.2.2, GE Healthcare) (Table 2) [12].

2.4. Statistical Analysis. All quantitative variables above
were analyzed by using SPSS version 22.0 and G∗ Power
Version 3.1.9.2. .e normality test and homogeneity test for
variance were performed to explore the descriptive statistics.
Depending on the results of normality test and homogeneity
test for variance, we then chose one-way analysis of variance
or nonparametric test to compare the difference for three
groups. Pearson correlation analysis was used for the sig-
nificant IVIM-DWI parameters..en, depending on the test
of parallel lines, we performed multivariate logistic regres-
sion to get the regression model of IVIM-DWI combined
with texture features. Finally, the area under receiver op-
erating characteristic (ROC) curves was used to assess the
diagnostic value of regression models and each significant
values..e sensitivity and specificity were also used to assess
the combination of IVIM-DWI and texture features
extracted on T2WI. In addition, statistical power analysis
was used to evaluate the power value based on the total
sample size in our study. p< 0.05 was selected as a significant
level.
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3. Results

3.1. Part I: IVIM-DWI Measurement. We used intraclass
correlation coefficient to investigate the interobserver
variability and found that the observers were in agree-
ment on most of the IVIM-DWI parameters
(0.881∼0.946, p< 0.05). .e comparison of the ADC, D,

D∗, and f values for tumor differentiation grade reached
statistically significant levels (p< 0.05; Table 3). .e ADC,
D, and D∗ values were positively correlated with tumor
differentiation grade (r � 0.262, 0.401, 0.401; p< 0.05
Figures 3(a)–3(c)), while the correlation between the f
value and tumor differentiation grade was negative
(r � −0.221; p< 0.05; Figure 3(d)).

Table 1: .e basic information of patients and lesions in this study.

Group/p value na Age Length of lesions Number of surgery/biopsy
Poorly differentiated 71 51.37± 9.95 (range: 27∼78) 26.92± 8.48 36/35
Moderately differentiated 49 51.98± 9.84 (range: 31∼73) 28.36± 9.73 28/21
Well-differentiated 18 54.56± 11.83 (range: 38∼88) 27.67± 7.39 7/11
p value b — 0.495c 0.677c 0.409d
aNumber of cases in each group. bStatistically significant difference (p< 0.05). cAnalysis of variance. dPearson chi-square test. .e parameters of age and
length of lesions with normal distributions are presented as the mean± standard deviation.

Patients of cervical squamous cell carcinoma who
underwent routine MRI and IVIM DWI between 2017 and

2020 in our hospital (n=372)

Measurements of IVIM-DWI biomarkers
(ADC, D, D*, f)

Texture Analysis
(18 features of histogram, 24 features of gray

level cooccurrence matrix, 16 features of
gray level run length matrix)

Final inclusion (n=138)
Poorly differentiated (n=71)

Moderately differentiated (n=49)
Well differentiated (n=18)

Inclusion criteria:
(1) MRI routine examination was performed in our hospital within 2 weeks before any treatment;
(2) no biopsy or therapy was performed before MRI examination;
(3) the image quality was adequate for diagnosis and measurement.
The MRI scans and images couldn’t reach the above criteria, Such as the images have obvious
motion artifacts, would be excluded in the study.

1. Normality Test & Homogeneity test for variance;
2. Variance Test, Chi-square Test, Nonparametric test;
3. Correlation Analysis;
4. Regression Analysis & ROC.

Statistical Analysis

Figure 1: .e steps of image acquisition and statistical analysis.
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(a) (b) (c) (d)

(e) (f ) (g) (h)

Figure 2: Examples of manually drawing ROIs for cervical squamous cell carcinoma. Panels A–H belong to a 50-year-old female with
cervical squamous cell carcinoma of well-differentiated. On panel A (IVIM-DWI at 1200 s/mm2), each radiologist drew ROI-1 (5mm2)
three times to get the values on the maps of ADC, D, D∗, and f, respectively (panels B–E). Panel F is the maximum area of the lesion on
T2WI, so the radiologist drew ROI-2 of the whole lesion on panel G. Panel H is the pathological performance, HE ∗ 400.

Table 2: .e parameters of texture analysis used in this study.

Methods Features Number of features

Histogram

Energy, total energy, entropy, minimum, 10th percentile, 90th percentile, maximum,
mean, median, interquartile range, range, mean absolute deviation (MAD), robust
mean absolute deviation (rMAD), root mean squared (RMS), skewness, kurtosis,

variance, uniformity

18

Gray-level co-occurrence
matrix (GLCM)

Autocorrelation, joint average, cluster prominence, cluster shade, cluster tendency,
contrast, correlation, difference average, difference entropy, difference variance, joint
energy, joint entropy, informational measure of correlation (IMC) 1, informational

measure of correlation (IMC) 2, inverse difference moment (IDM), maximal
correlation coefficient (MCC), inverse difference moment normalized (IDMN),
inverse difference (ID), inverse difference normalized (IDN), inverse variance,

maximum probability, sum average, sum entropy, sum of squares

24

Gray-level run length matrix
(GLRLM)

Short run emphasis (SRE), long run emphasis (LRE), gray-level nonuniformity (GLN),
gray-level nonuniformity normalized (GLNN), run length non-uniformity (RLN), run
length non-uniformity normalized (RLNN), run percentage (RP), gray-level variance
(GLV), run variance (RV), run entropy (RE), low gray-level run emphasis (LGLRE),
high gray-level run emphasis (HGLRE), short run low gray-level emphasis (SRLGLE),
short run high gray-level emphasis (SRHGLE), long run low gray-level emphasis

(LRLGLE), long run high gray-level emphasis (LRHGLE)

16

Table 3: .e comparison of IVIM-DWI parameters.

Group/p value na ADC D D∗ f
Poorly differentiated 71 0.74± 0.10 0.54 (0.16) 9.13 (11.10) 29.50 (24.80)
Moderately differentiated 49 0.79± 0.14 0.63± 0.10 17.30 (9.93) 22.60 (5.92)
Well-differentiated 18 0.82± 0.12 0.73± 0.13 31.32± 16.95 18.80 (6.43)
p valueb — 0.006 <0.001 <0.001 0.034
aNumber of cases in each group. bStatistically significant difference (p< 0.05). .e units of the ADC, D, and D∗ values are ∗ 10−3mm2/s, and the unit of the f
value is %. .e parameters with normal distributions are presented as the mean± standard deviation, and the parameters with skewed distributions are
presented as the median (interquartile range). .e analysis of variance was used for the ADC value, and the nonparametric test was used for D, D∗, and f
values.
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3.2. Part II: TextureAnalysis onT2WI. .e comparison of 18
histogram features, 21 gray-level co-occurrence matrix
features, and 13 gray-level run length matrix features
reached statistically significant levels (p< 0.05, Figure 4).
.e comparison of cluster shade, inverse difference/ID, sum
of squares, gray-level nonuniformity/GLN, run length
nonuniformity/RLN, and run percentage/RP had no sig-
nificant difference among three groups (p> 0.05).

.e comparison of all pairwise significant variables in-
dicated that: (1) most of the variables between the poorly and
moderately differentiated groups had no difference
(p> 0.05), but only the difference of inverse variance
reached significant level (p< 0.05); (2) most of the variables
between the poorly and well-differentiated groups and most
of the variables between the moderately and well-differen-
tiated groups were significant different (p< 0.05); and (3) the
difference of skewness between the poorly and well-

differentiated groups, and the range, joint entropy, IDM,
LRE, and RV between themoderately and well-differentiated
groups did not reach significant levels (p> 0.05).

3.3. Part III: Regression Analysis and Statistical Results of
ROC. From the above analysis, there were 4 parameters of
IVIM-DWI and 52 texture features on T2WI presented
significant differences based on the tumor differentiation
grade of cervical squamous cell carcinoma. After test of
parallel lines, we used multivariate stepwise regression
analysis to establish four regression models for differential
diagnosis (poorly vs. moderately differentiated, moderately
vs. well-differentiated, poorly vs. moderately and well-dif-
ferentiated, well vs. moderately and poorly differentiated;
p< 0.05, Table 4). According to the ROC curves, the areas
under the curve (AUC) of these regression model for four
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Figure 3: Correlation results of IVIM-DWI based on degree of differentiation. Panels A∼D are the tendencies of the correlation between
ADC, D, D∗, f values and pathological differentiation visualized by scatter diagrams. .e labels “0,” “1,” and “2” represent the poorly,
moderately, and well-differentiated groups, respectively.
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Figure 4: Statistical results of multiple comparison analysis of texture features on T2WI. Panels A∼C are the column diagrams of significant
texture features (p< 0.05)..e red, yellow, and green column represent the poorly, moderately, and well-differentiated groups, respectively.
.e abbreviations are listed in Table 2.
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comparison were 0.797, 0.954, 0.795, and 0.952, respectively
(Table 4, Figure 5); better than each parameters of IVIM-
DWI and texture features on T2WI alone (0.503∼0.684,
0.547∼0.805, 0.511∼0.712, and 0.636∼0.792, respectively); all
pairwise comparison of ROC curves between regression
model and individual variables reached p< 0.05. .e sen-
sitivities and specificities of the four regression models are
listed in Table 4.

.e statistical power analysis revealed that the statistical
power value (1-β error probability) of regression analysis was
0.99 based on our total sample size of 138 and given an α
error probability of 0.05.

4. Discussion

4.1. �e Diagnostic Performance of IVIM-DWI. .e con-
ventional diagnosis of cervical carcinoma and its clinical
stage mainly depend on the morphological characteristics
of lesions and the clinical experiences of radiologists [13].
Recently, with the improvement of radiological techniques,
especially in MRI, doctors could obtain more information
to further assess the disease and make more accurate de-
cisions for individual treatment strategies [14]. Diffusion-
weighted imaging (DWI) can reflect the diffusion motion of
water molecules in tissues [15]. IVIM-DWI using multiple
b values and a biexponential model could calculate not only
the ADC value to reflect the combination of the diffusion
and perfusion information of the tumor tissues and bio-
logical conditions but also theD value to represent the pure
diffusion motion of water molecules, the D∗ value to
represent the perfusion of the microcirculation, and the f
value to represent the volume of blood flowing into the
capillary [16].

Cervical squamous cell carcinoma mainly occurs at the
junction of the cervix squamous and columnar epithelium
[17]. With the decrease in tumor differentiation grade, more
obvious atypia of tumor cells, less cytoplasm, and a higher
cytoplasmic ratio could be observed by microscopy, indi-
cating more malignant tumors [18]. According to our study,
the differences in the ADC, D, D∗, and f values among the
groups of poorly differentiated, moderately differentiated,
and well-differentiated cases reached statistically significant
levels (p< 0.05). Although the malignant squamous cells in
the tumors were mainly arranged in solid cancer nests and

the central keratin protein structure was tight [18], our study
still found important evidence to differentiate the three
groups.

Based on the results of correlation analysis, we found
that the ADC, D, and D∗ values were positively correlated
with tumor differentiation grade (r� 0.262, 0.401, 0.401;
p< 0.05), while the correlation between the f value and
tumor differentiation grade was negative (r� −0.221;
p< 0.05). First, lesions with poorer differentiated and a
higher malignant tendency had smaller D values, which
meant that the water molecules in the lesions were restricted
more than those in higher differentiated lesions, similar to
the findings of other studies of malignancies [19, 20]. Sec-
ond, smaller D∗ values were seen in poorly differentiated,
indicating that the blood flow in the microcirculation would
be more limited by the vessel wall or influenced by the fluid
viscosity. Cancer cells invade the vessels and produce em-
boli, which would impact the blood flow, and these events
could be observed more in tumors with poorer differenti-
ated. Previous studies have shown that malignant tissues
yield lower diffusion and perfusion characteristics than
normal tissues [21, 22], as reflected by the positive corre-
lation between the D and D∗ values and tumor differenti-
ation grade..ird, the ADC value reflects the information of
both water molecules and microcirculation. Fourth, the f
value was negatively correlated with tumor differentiation
grade. In our study, the negative tendency with tumor
differentiation grade was similar to the f value because the f
value was affected by T2 contribution [23]. .e results
showed that lesions with poorer differentiated had a more
abundant blood supply for the tumor. .erefore, the pro-
portion of perfusion-related contributions was also higher.

In our study, we chose 9 b values, 6 of which were less
than 200 s/mm2 to improve the consistency and stability of
the results, as shown in a previous study [24, 25]. .erefore,
the study showed that IVIM-DWI had the ability to in-
vestigate microscopic changes in complex biological con-
ditions and is worthy of consolidation and exploration.

4.2. �e Diagnostic Performance of Texture Features on
T2WI. Texture analysis is an advanced tool to objectively
and quantitatively obtain the texture features of the het-
erogeneity within a lesion by taking into account pixel

Table 4: Statistical results of regression analysis.

Regression model AUC (95% CI) Sensitivity Specificity
Poorly vs.
moderately

Ŷ � 30.43− 6.755 ∗ f− 2.772 ∗ difference average− 50.441 ∗ inverse
variance− 0.007 ∗ SRHGLE

0.797
(0.718–0.875) 97.96 50.70

Moderately vs.
well Ŷ � 13.918–23.142 ∗ ADC+22.326 ∗ D+ 0.08 ∗ D∗ −15.405 ∗ IDMN 0.954

(0.882–1.000) 93.88 94.44

Poorly vs.
moderately and
well

Ŷ � 1.486 + 3.903 ∗ D− 5.558 ∗ f− 0.003 ∗ range 0.795
(0.720–0.870) 88.06 64.79

Well vs.
moderately and
poorly

Ŷ � 14.644–30.501 ∗ ADC+33.041 ∗ D− 16.553 ∗ IDMN 0.952
(0.888–0.952) 91.69 94.44

IDMN represented for inverse difference moment normalized. SRHGLE represented for short run high gray-level emphasis. .e units of the sensitivity and
specificity are %.

Contrast Media & Molecular Imaging 7



intensity, spatial location, and relationship of pixels in the
image [26]. Some studies revealed that texture analysis has
effective differential diagnostic performance on a variety of
lesions [27, 28]. In the study, we chose the lesions on T2WI
to acquire the texture features according to the high sen-
sitivity to pathological changes of this sequence [11]. .e
characterization of the T2 signal depends on the lesions and
the pathological changes such as fibrosis, necrosis, or hae-
morrhage inside. With texture analysis, we could not only
discover the slight changes of lesions which cannot be easily
observed by radiologist but also measure the greyscale
changes in quantitative way.

In pairwise analysis, we could conclude that the texture
features on T2WI helped the differential diagnosis of tumor
differentiation grade of cervical squamous cell carcinoma,
especially for the well vs. poorly/moderately differentiated
groups. .e texture features could improve our under-
standing on the heterogeneity of lesions with tumor

differentiation grade (Table 2) [12]. In discussion, we
highlighted the five texture features accepted in the estab-
lishing of regressionmodel..ey were range, IDMN, inverse
variance, difference average, and SRHGLE.

.e difference of range, IDMN, inverse variance, dif-
ference average, and SRHGLE in poorly vs. moderately
differentiated lesions was similar, which meant the range of
gray values, homogeneity, regular degree of texture, the
relationship between occurrences of pairs with similar in-
tensity values, and occurrences of pairs with differing in-
tensity values, and the joint distribution of shorter run
lengths with higher gray-level values were similar in these
two groups.

.e range of poorly or moderately differentiated lesions
was significantly larger than that of well-differentiated
groups, indicating that the lesions with poorer differentia-
tion had larger intensity on T2WI [9]. .e appearance of
IDMN implied that the lesions with poorly differentiated
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Figure 5: Statistical results of ROC curves.
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had greater heterogeneity by evaluating the homogeneity
[12]. .e difference of these two features supported that the
poorly differentiated cervical squamous cell carcinoma
manifests with necrosis or haemorrhage more often [6]. .e
parameter of inverse variance described the regular degree of
the texture [9], confirming the lesions with well-differen-
tiated seemed to have more regular texture and a poorer
visual effect. .e difference average of poorly or moderately
differentiated groups were significant smaller than that of
well-differentiated group. Difference Average measures the
relationship between occurrences of pairs with similar in-
tensity values and occurrences of pairs with differing in-
tensity values [12], supporting the tumor heterogeneity was
more obvious with lower pathological differentiation.
SRHGLE is one of the features of gray-level run length
matrix and quantifies gray-level runs, which are defined as
the joint distribution of shorter run lengths with higher gray-
level values [12]. .e SRHGLE of poorly or moderately
differentiated lesions were significant smaller than that of
well-differentiated lesions, implying that the lesions with
higher differentiated had more fine textural textures and a
greater concentration of high gray-level values in the images.

4.3. �e Combination of IVIM-DWI and Texture Analysis.
Finally, we carried out a combined analysis of IVIM-DWI
and T2WI-based texture analysis. We hypothesized four
compared groups for regression analysis (Table 4).
According to the ROC curves, the AUCs of these regression
model for four comparison were 0.797, 0.954, 0.795, amd
0.952, respectively; better than each parameters of IVIM-
DWI and texture features on T2WI alone (0.503∼0.684,
0.547∼0.805, 0.511∼0.712, and 0.636∼0.792, respectively).
.en, we concluded that the regression models we built
could study diffusion, perfusion, and tumor heterogeneity
information in a comprehensive way. Since the tumor dif-
ferentiation grade has an impact on outcomes and survival
[6], by using IVIM-DWI and texture analysis on T2WI
together, researchers can establish an imaging-based model
related to the microcirculation system and tumor hetero-
geneity, to further acknowledge the disease and make more
accurate decisions for treatment strategies.

.e limitations of the study included are as follows: first,
the number of well-differentiated groups in the retrospective
study was relatively small (only 18 cases), increasing the risk
of bias; second, in our study, ROI of image segmentation was
performed manually, which may be influenced by the
subjective or objective factors of interobserver and intra-
observer variability.

5. Conclusion

IVIM-DWI biomarkers and T2WI-based texture features
had potential to evaluate the pathological differentiation of
cervical squamous cell carcinoma. .e combination of
IVIM-DWI with texture analysis improved the predictive
performance. .e performance of the effective imaging-
based tools was closely associated with the pathological basis,
which might be helpful to make up for the deficiency of

biopsy, to develop scientific and individualized treatment,
and to further improve prognosis in the clinical process.
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