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Abstract

Texture analysis has been used to characterize and measure tissue heterogeneity in medical images. The purpose of this study was
to investigate the potential of texture features derived from apparent diffusion coefficient (ADC) maps, to serve as imaging
markers for predicting important histopathologic prognostic factors in rectal cancer. One hundred patients of rectal cancer
received 3 T preoperative magnetic resonance imaging including diffusion-weighted imaging (DWI). Skewness, kurtosis,
uniformity from the histogram and entropy, energy, inertia, correlation from gray-level co-occurrence matrix (GLCM) derived
from whole-lesion volumes were measured. Independent sample #-test or Mann-Whitney U-test and receiver operating charac-
teristic (ROC) curves were used for statistical analysis. Uniformity, energy and entropy were significantly different (p = 0.026,
0.001, and 0.006, respectively) between stage pT1-2 and pT3—4 tumors. Skewness, kurtosis and correlation were significantly
different (p = 0.000, 0.006, and 0.041, respectively) between grade 1-2 and grade 3 tumors. Energy and entropy (p = 0.008 and
0.033, respectively) could significantly differentiate negative circumferential resection margin (CRM) from positive CRM.
Furthermore, predicted probabilities derived by logistic regression analysis yielded greater area under the curve (AUC) in
differentiating pT3—4 stage and grade 3 grade tumors. Texture features derived from ADC maps may useful to predict important
histopathologic prognostic factors of rectal cancer.
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Background

The prognosis of patients with rectal adenocarcinoma depends
on many factors, some of which are evaluated by histopathol-
ogy of surgical specimens. These factors include the depth that
tumor extended into or beyond muscularis propria, number of
lymph nodes affected by tumor spreading, tumor differentia-
tion grade, invasion of the circumferential resection margin
(CRM) [1-3] and peritumor lymphangiovascular invasion
(LVD) or neural invasion [4, 5]. Other factors with proven
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prognostic importance include the plasma carcinoembryonic
antigen (CEA) level [2]. Therefore, an accurate preoperative
assessment of rectal adenocarcinoma is of great importance
because the treatment strategies need to be individualized ac-
cording to histopathological results.

Diffusion-weighted imaging (DWI) is a functional imaging
technique of magnetic resonance imaging (MRI) that detects
different movement of water protons in the extracellular to
discriminate different tissues of cellular morphology [6]. In
oncology, heterogeneity in cellular morphology can be inves-
tigated using DWI. Therefore, apparent diffusion coefficient
(ADC) estimated from DWI has become a valuable image
biomarker for tumor aggressiveness during past 10 years
[7-12]. However, mean or median values are always not suf-
ficiently sensitive to small changes or precise status of the
tumor due to the intrinsic chaotic environment of tumors [13].

Texture analysis (TA) is a mathematical-statistical proce-
dure to extract texture features by evaluating the spatial vari-
ation of gray levels within given images [14]. In recent years,
TA has been used to characterize and measure tissue
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heterogeneity in medical images. Compared with visual as-
sessment, computational TA is more objective and more sen-
sitive to detect subtle, sub-resolution changes in tumor
morphology-changes [15-17]. Some texture features derived
from MRI or computed tomography (CT) have been shown to
be useful tools for accurate diagnosis, preoperative risk strat-
ification, and assessment of treatment response in several can-
cers. For example, skewness and kurtosis differed significant-
ly in cervical cancer with pelvic lymph node metastasis posi-
tive versus negative [15]. Haralick-based texture features
showed useful to differentiate between non-cancerous
and cancerous prostate gland [18]. In endometrial cancer,
MR-derived tumor texture parameters were associated
with the positive invasion of deep myometrial,
lymphovascular space, and high-grade tumor [19, 20].

Due to the DWI is increasingly incorporated into rectal
cancer imaging protocols, we speculated that texture features
derived from an ADC map could predict important histopath-
ological prognostic factors and thus possibly improve individ-
ualized treatment planning. The aim of this work was to eval-
uate the association between ADC map-derived texture fea-
tures and prognostic factors of rectal adenocarcinoma.

Methods
Patients

This prospective study was approved by the Institutional
Review Board of Changshu Hospital of Soochow University.
Requirements for written informed consent were waived due to
the retrospective nature of the study. Between October 2016
and October 2018, the records of 114 consecutive patients
who had undergone rectal MRI for suspected rectal cancer were
reviewed. Selection criteria included: (1) histological biopsy of
proven rectal adenocarcinoma, (2) treatment by surgical resec-
tion without neoadjuvant therapy, (3) available pathological
reports of surgical specimens. Fourteen patients were excluded
for the following reasons: (1) image quality of DWI is poor
(n=4), (2) not having treatment by surgical resection in our
hospital (n = 6), (3) having another type of pathology, such as
mucinous adenocarcinoma (n=4). Finally, the study popula-
tion consisted of 100 patients (56 men, 44 women), with a
median age of 68.5 years (range, 41-89 years).

MRI Techniques

All patients were imaged with a 3-T MRI system
(InteraAchieva 3.0 T TX, Philips Medical System, Best,
The Netherlands) using a 16-channel phased-array surface
coil. Thirty minutes before MR examination, all patients were
asked to take clyster in order to reduce artifacts induced by gas
within the rectum. Patients received 10 mg of anisodamine
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(Hangzhou Mingsheng Pharmaceuticals Co., Ltd.) by intra-
muscular injection 10 min before the examination to reduce
bowel peristalsis.

The standard rectal imaging protocol consisted of T2
weighted image (T2WI), DWI, and dynamic contrast-
enhanced MR. T2WI included routine sagittal fast spin-echo
(FSE) T2WI and high-resolution axial and coronal T2WI
(Table 1). DWI was acquired with a single-shot spin echo
planar imaging in axial orientation using the following b-
values: 0 and 1000 s/mm>. Dynamic contrast enhanced imag-
ing was not assessed in this study.

Image Analysis and Textural Features Calculation

ADC maps were automatically computed from the DWI using
a mono-exponential decay model. The whole-lesion analysis
was performed independently by two radiologists (Zhihua Lu
and Heng Jiang, with 8 and 4 years of experience reviewing
rectal MRI, respectively) based on final pathological outcomes.
The primary tumor site was determined as a focal mass or
abnormal wall thickening that had intermediate intensity of
signal on T2WI, hyperintensity on DWI and corresponding
hypointensity on gray scale ADC map. The ADC maps were
imported into our in-house software (Omni-Kinetics, GE
Healthcare) for segmentation of regions of interest (ROI) and
TA. ROIs were manually drawn slice by slice, just inside the
outer margin of the lesion to minimize partial volume error, to
cover as much of the entire tumor area as possible on ADC
maps with reference of T2WI and DWI. The areas of necrosis,
cysts, and gas were avoided to minimize bias. All the ROIs
were selected to derive the volume of interest (VOI). Then
texture parameters values based on ADC map were calculated
automatically. Three kinds of parameters were generated auto-
matically, including histogram, the gray-level co-occurrence
matrix (GLCM), and the gray level run length matrix
(GLRLM). In this study, we evaluated 7 texture parameters,
which were divided 2 groups: first-order from histogram and
second-order from GLCM. Skewness, kurtosis, and uniformity
from the histogram parameters were used in this study. They
have been studied previously and have been proven to be relat-
ed to lesion heterogeneity [21-23]. Entropy, energy, inertia, and
correlation, which derived from the basic GLCM, are also well
studied, which describe the relationship between adjacent
pixels in the region of interest, as described in Table 2.

Potential Prognostic Factors

Prognostic factors in clinical and histopathology were
reviewed from the clinical database. Plasma CEA level
(ng/ml) was evaluated using our institution’s CEA threshold.
Microscopic histopathological analysis of specimens was per-
formed by the pathologist (Mei Wu, with 10 years of experi-
ence in gastrointestinal pathology). pT stage (pT1-T4) and pN
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Table 1 MRI sequences for rectal imaging

MRI sequence TR(ms) TE (ms) FSE factor Slice thickness(mm) Gap(mm) FOV(cm) Matrix NSA b-value
Sagittal T,WI 3577 70 20 3 0 24x24x7.2 300 x 266 3 -
Coronal T,WI 3000 75 18 2 0 18x18x0.4 300 %218 3 -
Axial T,WI 3000 75 18 3 0 18x18x7.2 368 x 273 3 -
Axial DWI 2750 76 - 3 0 22x22x7.2 112 x 108 2 0, 1000

TR: repetition time; TE: echo time; FSE: fast spin echo; FOV: field of view; NSA: number of signal averaged

stage (pNO-N2) were evaluated according to the American
Joint Committee on Cancer (AJCC) 7th edition staging man-
ual [24]. Tumors are classified as grade 1, grade 2, and grade 3
when gland-like structures in the tumor occupy greater than
95%, greater than 50% but less than or equal to 95%, or less
than or equal to 50% of the volume, respectively, according to
WHO grading criteria [25]. Grade 1 and grade 2 were
appointed as low-grade tumors and grade 3 was appointed
as high-grade tumors. CRM, peritumor LVI or neural invasion
were reported as negative or positive.

Statistical Analysis

All texture parameters were firstly tested by Kolmogorov—
Smirnov test for normality analysis. Independent sample #-test
or Mann-Whitney U-test were used to analyze and compare
the differences between all texture parameters of the follow-
ing: (1) CEA<7.0 ng/ml and >7.0 ng/ml, (2) pT1-2 and
pT3-4, (3) pNO and pN1-2, (4) grade 1-2 and grade 3, (5)
LVI or neural invasion showing negative and positive, (6)
CRM showing negative and positive.

Binary logistic regression analysis with statistically
significant texture parameters was used to identify logistic
parameters for clinical and histological prognostic factors.
A receiver operating characteristic (ROC) analysis was
used to assess the diagnostic utility of statistically signif-
icant texture parameters and logistic parameter for the
detection of high-stage tumors. The areas under curves
(AUCs) were compared using the method of Delong

Table 2 Detailed description of texture parameters

Texture Description

parameters

Skewness Reflects asymmetry of the pixel distribution
Kurtosis Reflects peakedness and tailedness of the histogram
Uniformity Reflects randomness of the pixel distribution
Entropy Reflects disorder of gray-level distribution

Energy Reflects the average of the gray level co-occurrences
Inertia Reflects variation in signal intensities

Correlation Reflects the linear dependencies of gray levels

et al. [26]. The interobserver agreement of texture param-
eters was evaluated by using the following intra-class cor-
relation (ICC) coefficient test: 0.00—-0.20, poor agreement;
0.21-0.40, fair agreement; 0.41-0.60, moderate agree-
ment; 0.61-0.80, good agreement; 0.81—1.00, excellent
agreement. Statistical analysis was performed using
SPSS software (SPSS, version 16.0; SPSS, Chicago, IL,
USA) and MedCalc software (MedCalc, version 9.0;
MedCalc Software, Mariakierke, Belgium). The level of
statistical significance was set at P <0.05.

Results
Clinical and Histopathological Findings

A summary of the prognostic factor distribution in our study is
given in Table 3. In brief, 59 patients had CEA levels less than
orequal to 7 ng/ml. The remaining 41 patients had CEA levels
greater than 7 ng/ml. According to the histopathological anal-
ysis, 38 tumors were limited to the rectal muscularis propria (8
tumors were pT1, 30 tumors were pT2), while the remaining
62 tumors extended beyond the muscularis propria (57
tumors were pT3 and 5 tumors were pT4). Fifty-six pa-
tients were staged as NO, 29 patients were staged as N1,
and the remaining 15 patients as N2. Based on WHO
grading criteria, 58 tumors were classified as grade 2,
and 42 tumors were classified as grade 3. However, no
tumors were classified as grade 1. Among the patients,
CRM was positive in 19 patients, and peritumor LVI or
neural invasion were positive in 10 patients.

Interobserver Agreement

All texture parameters derived from ADC maps delineated
separately by two radiologists showed excellent agreement
(ICCs ranged from 0.887 to 0.953).

Texture Parameters among Prognostic Factors

The differences in texture parameters within each group of

prognostic factors are shown in Table 3. In the pT stage group,
uniformity, energy and entropy were significantly different
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Table 3  Texture parameters for different prognostic factors’ groups of rectal cancer
Prognostic factor n  Skewness®  Kurtosis® Uniformity®  Energy (x10)®  Entropy® Inertia® Correlation (x1073)°
CEA level
<7 ng/ml 59 0.348+0.37 0.711£0.76 0.783+0.06 0.925+1.22 10.064+1.17 960.829+551.55  0.487+0.37
> 7 ng/ml 41 03574029 0.429+0.63 0.778+0.08 0.802+0.93 9.930+1.37 1104516 £735.92 0.425+0.23
p value 0.907 0.053 0.602 0.777 0.602 0.267 0.158
pT stage
pT1-2 38 0.377+0.35 0.528+0.72 0.790+0.06 1.297+1.55 9.572+1.23 1141.925+704.87 0.461+£0.25
pT3+4 62 0.336+£0.34 0.636+0.72 0.775+£0.09 0.713+0.85 10.277+£1.20 944.853+579.83  0.481+0.32
p value 0.565 0.470 0.026 0.001 0.006 0.132 0.329
pN stage
pNO 56 0.405+0.35 0.580+0.78 0.785+0.06 0.893+1.05 10.079+1.15 993.943+626.26  0.487+0.41
pN1-=2 44 0.284+032 0.614+£0.63 0.778£0.09 0.797+1.48 9.921+1.39 1052.574+649.71  0.462+0.27
p value 0.075 0.811 0.268 0.981 0.535 0.649 0.231
Grade
Grade 1-2 58 0.186+0.27 0.429+0.72 0.785+0.06 0.991+1.35 9.845+1.22 1123.45+679.60  0.480+0.41
Grade 3 42 0.581+£0.29 0.824+0.65 0.774+£0.09 0.736+0.84 10.236+1.27 876.52+540.90 0.447+0.22
p value 0.000 0.006 0.178 0.061 0.124 0.054 0.041
CRM
Negative 81 0.354+0.33 0.551+0.74 0.783+0.06 0.972+1.20 9.880+1.27 1073.787+669.46 0.475+0.33
Positive 19 0.344+0.38 0.783+0.57 0.777+0.08 0.667+0.59 10.560+1.04 789.331+387.84 0.476+0.29
p value 0911 0.205 0.638 0.008 0.033 0.078 0.632
LVI or neural invasion
Negative 90 0.370+£0.34 0.612+0.71 0.778+0.07 0.872+1.07 9.973+1.26  1027.813+653.37 0.487+0.32
Positive 10 0.186+0.29 0.440+0.82 0.794+0.06 0.735+1.58 10.336£1.23  947.092+441.60  0.399+0.21
p value 0.105 0.475 0.175 0.558 0.387 0.705 0.095

? Independent sample t-test, normally distributed data are mean + standard deviation;

°Mann-Whitney U-test, non-normal data are median + interquartile range

(p=0.026,0.001, and 0.006 respectively) between stage pT1—
2 and pT3—4 tumors. Specifically, uniformity and energy were
higher in pT1-2 stage than in pT3—4 stage, while entropy was
lower in pT1-2 stage than in pT3—4 stage. In the grade group,
skewness and kurtosis were significant lower (p =0.000 and
0.006 respectively) in grade 1-2 than in grade 3 tumors, while
correlation was significant higher (»p =0.041) in grade 1-2
than in grade 3 tumors. In the CRM group, energy was signif-
icant higher (p =0.008) for negative CRM than for positive
CRM, while entropy was significant lower (p =0.033) for
negative CRM than for positive CRM. No significant inter-
group differences were observed with respect to CEA level (<
7.0 and > 7.0 ng/ml), pN stage (pNO and pN1-2) and LVI or
neural invasion (negative and positive).

Diagnostic Performance of Texture Parameters
Table 4 shows the diagnostic performance of statistically

significant texture features and logistic parameters using
ROC analysis to discriminate high-stage tumors. For

@ Springer

differentiating pT3-T4 stage tumors from pT1-T2 stage tu-
mors, the AUCs of uniformity, energy and entropy were
0.633, 0.695, and 0.681 respectively. Using a logistic regres-
sion model that incorporated those three texture parameters,
we achieved moderate accuracy (AUC, 0.723) with a sensi-
tivity of 56.5% and specificity of 84.2% (Fig. 1). There are
no significant differences in AUC between any two texture
parameters. For differentiating grade 3 from grade 1-2 tu-
mors, the AUCs of skewness, kurtosis, and correlation were
0.854, 0.672, and 0.620 respectively. Using a logistic regres-
sion model that incorporated those three texture parameters,
we achieved a high accuracy (AUC, 0.904) with a sensitivity
of 81.0% and specificity of 87.9% (Fig. 2). The AUC for
logistic parameter was significantly higher than the AUC for
skewness, kurtosis and correlation (p =0.0354, <0.0001 and
<0.0001 respectively). For differentiating positive from neg-
ative of CRM, the AUCs of energy and entropy were 0.696
and 0.654 respectively. Using a logistic regression model
that incorporated those two texture parameters, the accuracy
was similar with energy (Fig. 3). There were no significant
differences in AUC between any two texture parameters.
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Table 4 Diagnostic performance of statistically significant texture parameters and logistic parameter to discriminate high-stage tumors

Parameter Cutoff value AUC (95% CI) Sensitivity ~ Specificity ~Comparison of AUC (p value)

T stage uniformity energy  entropy logistic parameter
Uniformity <0.7168 0.633 (0.531,0.728) 25.8% 97.4% - 0.3569  0.4859 0.0550
Energy <9377x 107 0.695(0.595,0.783)  56.5% 84.2% - 0.3041 0.4425
Entropy > 6.9945 0.681 (0.580, 0.771)  59.7% 78.9% - 0.2323
Logistic parameter > -0.3015 0.723 (0.625, 0.808)  56.5% 84.2% -

Grade skewness  kurtosis  correlation logistic parameter
Skewness > 0.429 0.854 (0.770,0.917) 81.0% 79.3% - 0.0016  0.0029 0.0354
Kurtosis >0.7112 0.672 (0.571,0.763)  59.5% 70.7% - 0.5442 <0.0001
Correlation <0.644x 107 0.620 (0.517,0.715)  90.5% 36.2% - <0.0001
Logistic parameter > 0.0025 0.904 (0.829, 0.954) 81.0% 87.9% -

CRM energy  entropy logistic parameter
Energy <0.7436x 107 0.696 (0.568, 0.823)  68.4% 63.0% - 0.2948 0.8164
Entropy >10.003 0.654 (0.552,0.746) 78.9% 49.4% - 0.2901
Logistic parameter < 0.5184 0.696 (0.569, 0.823)  68.4% 63.0% -

Discussion

In this study, we found that uniformity, energy and entropy
could significantly differentiate stage pT1-pT2 tumors from
stage pT3-pT4 tumors; skewness, kurtosis, and correlation
could significantly differentiate grade 1-2 from grade 3 tu-
mors; and energy and entropy could significantly differentiate
negative CRM from positive CRM. Furthermore, we used a
logistic regression model that incorporated statistically signif-
icant texture parameters. We found that logistic regression
analysis predicted higher AUC for differentiating pT3—4 stage
from pT1-pT2 and for differentiating grade 3 from grade 1-2
tumors, but not for differentiating positive CRM from nega-
tive CRM. The results indicate that texture features derived
from ADC map are potentially valuable tools for predicting
important histopathologic factors of rectal cancer.

Tumors in advanced rectal cancer are large, deeply infil-
trated, and have greater cellularity, angiogenesis, extracellular
matrix, necrosis, and hemorrhage. As a result, ADC maps in
advanced stages of rectal cancer are more heterogeneous than
in earlier stages. In the present study, we found that uniformity
and energy were significantly higher in pT1-2 stage than in
pT3—4 stage, while entropy was significantly lower in pT1-2
stage than in pT3—4 stage. Theoretically, uniformity and ener-
gy reflect how close the image is to a uniform distribution of
gray levels [27]. Higher uniformity and energy indicate uni-
formity in image and lower heterogeneity [27, 28]. Entropy
represents the spatial disorder of ADC gray-level distribution.
A higher value for entropy reflects greater heterogeneity of the
lesion [29]. These are key concepts for interpreting our find-
ings. Similar results have been reported in other studies.
Wibmer et al. [18] demonstrated that prostate cancers showed
lower energy compared to non-cancerous prostate on ADC
maps. Our finding that entropy can differentiate pT1-2 from

pT3—4 stage rectal cancer was similar to findings in the studies
by Liu et al. [30] and Li et al. [31]. In our study, logistic
regression analysis was used for probability predictions. The
AUC of predicted probability derived by logistic regression
analysis was more favorable than three statistically significant
texture parameters; this finding was consistent with the study
by Liu et al. [30].

Histologic grade is the significant clinical factor for recur-
rence and survival in rectal cancer patients [32]. The histologic
grade is determined by the proportion of glandular formation
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Fig. T ROC curves are shown analyzing the discriminatory power to
differentiate stage pT1-2 and pT3—4 tumors. The corresponding AUCs
are listed in Table 4
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Fig. 2 ROC curves are shown analyzing the discriminatory power to
differentiate grade G1-2 and G3 tumors. The corresponding AUCs are
listed in Table 4

in the tumor [32]. High-grade tumors have less than or equal
to 50% glandular formation. As a result, high-grade tumors
manifest marked atypia, a large nuclear volume fraction, in-
creased cell density, and micronecrosis [33]. Therefore, the
microstructures in high-grade tumors are more complex and
heterogeneous than those in the low-grade tumors. In our
study, skewness, kurtosis were significant lower in low-
grade tumors than in high-grade tumors, while correlation
was significant higher in low-grade tumors than in high-
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Fig. 3 ROC curves are shown analyzing the discriminatory power to
differentiate negative and positive CRM. The corresponding AUCs are
listed in Table 4
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grade tumors. Skewness reflects asymmetry of the pixel dis-
tribution. Positively skewness means the distribution of the
histogram has an elongated tail on the right side of the mean
[13]. Kurtosis reflects the peakedness of the distribution and is
a measure of the shape of the probability distribution [13].
Higher values for skewness and kurtosis represent greater
complexity and heterogeneity in tumors. Correlation is a mea-
sure of the linear dependencies of gray levels. Higher values
for correlation represent less heterogeneity in tumors.
Skewness, kurtosis and correlation may therefore be useful
as imaging biomarkers for differentiating between histologic
grades of rectal cancer. Others have reported similar findings.
Rozenberg et al. [34] reported that skewness and kurtosis were
promising predictors for Gleason Score (GS) upgrading
among GS 3 +4 =7 tumors and for differentiating between
intermediate-risk cancers. In the study by Meng et al. [35],
correlations showed significant differences between patients
with different prognoses. We have demonstrated that a logistic
regression model that factored skewness, kurtosis and corre-
lation improved diagnostic efficacy for predicting the histo-
logic grade of rectal cancer.

CRM is positive if there is less than 1 mm between the
tumor and the CRM at histopathologic examination. Positive
CRM is an important predisposing factor for local recurrence
[36]. Tumors with positive CRM have large volume and have
more cellularity, angiogenesis, extracellular matrix, necrosis,
and hemorrhage. As a result, ADC maps for tumors of positive
CRM have greater heterogeneity compared with negative
CRM. In our study, the tumor of positive CRM had signifi-
cantly lower energy and higher entropy than negative CRM,
which was consistent with the theoretical description of ener-
gy and entropy. Previous studies [37, 38] had reported that
mean ADC value derived from an ADC map could not signif-
icantly differentiate between negative and positive CRM.
Moreover, Cui et al. [39] demonstrated that no significant
differences were found for ADC first-order texture features
(histogram metrics) in the status of CRM. So, our result dem-
onstrated that energy and entropy might be useful as imaging
biomarkers for predicting CRM involvement.

Nodal involvement may be an indication for preoperative
neoadjuvant chemotherapy and radiation therapy. In the pres-
ent study, no significant differences were found for all texture
parameters in tumors at pN stage. Our findings were in accord
with the study of Li et al. [31] . However, our findings were in
conflict with the study of Liu et al. [30], which demonstrated
that significant differences in entropy between pNO and pN1—
2 tumors. The contradiction may be attributed to the DWI
parameters. In the study of Liu et al. [30], slice thickness
was 5—7 mm and slice gap was 10% of slice thickness. In
the present study, slice thickness was 3 mm and slice gap
was 0 mm. In the study of Li et al. [31], the slice thickness
and slice gap were similar to our study. The segmentation of
regions of lesions was approximately whole tumor in our
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study and in the study by Li et al. [31] . It was previously
reported that CEA may be another important prognostic factor
of rectal cancer [2] . However, our findings showed no corre-
lation between texture features and CEA levels. Therefore, we
think that the CEA level might not reflect the actual status of
the rectal cancer at the time of diagnosis. In addition, our
findings showed no correlation between texture features and
LVI or neural involvement. It seemed that positive LVI or
neural involvement did not induce significant changes in mi-
crostructures of tumors. Similar findings have also been re-
ported by Li et al. [31].

However, this study has a few limitations. First, a ret-
rospective analysis such as ours inevitably incurs selec-
tion bias. Second, rectal cancer usually grows along the
rectal wall and forms an irregular shape. In addition, in-
testinal gas causes artifacts and distortion on DWI. So, the
VOI of consecutive sections may not accurately represent
the actual whole tumor volume. Third, according to pre-
vious studies [40, 41], the extramural depth of tumor in-
vasion is an independent prognostic factor in patients with
pT3 rectal cancer. The prognosis of pT3a (extramural
depth <5 mm) is similar to the prognosis of pT2 rectal
cancer. The pT3 subclassification stage was not included
in this study, but could be investigated in future studies.
Finally, histogram-derived as well as GLCM-derived tex-
ture features from DWI datasets are sensitive to the ap-
plied b-values [42] . We only analyzed one ADC map. In
future studies, the choice of the b-value need to be taken
into account.

Conclusions

In conclusion, texture features derived from ADC maps may
be useful for predicting important histopathologic factors in
rectal cancer. In particular, uniformity, energy and entropy
have the potential to differentiate among stages of rectal can-
cer; skewness, kurtosis, and correlation have the potential to
differentiate histologic high-grade tumor; and energy and en-
tropy have the potential to predict CRM involvement.
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