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Purpose To evaluate the association between magnetic resonance imaging (MRI)-based tex-
ture parameters and Kirsten rat sarcoma viral oncogene homolog (KRAS) mutation in patients
with non-mucinous rectal cancer.

Materials and Methods Seventy-nine patients who had pathologically confirmed rectal non-
mucinous adenocarcinoma with or without KRAS-mutation and had undergone rectal MRI
were divided into a training (n = 46) and validation dataset (n = 33). A texture analysis was per-
formed on the axial T2-weighted images. The association was statistically analyzed using the
Mann-Whitney U test. To extract an optimal cut-off value for the prediction of KRAS mutation, a
receiver operating characteristic curve analysis was performed. The cut-off value was verified
using the validation dataset.

Results In the training dataset, skewness in the mutant group (n = 22) was significantly higher
than in the wild-type group (n =24) (0.221 % 0.283;-0.006 £ 0.178, respectively, p = 0.003). The
area under the curve of the skewness was 0.757 (95% confidence interval, 0.606 to 0.872) with
a maximum accuracy of 71%, a sensitivity of 64%, and a specificity of 78%. None of the other
texture parameters were associated with KRAS mutation (p > 0.05). When a cut-off value of
0.078 was applied to the validation dataset, this had an accuracy of 76%, a sensitivity of 86%,
and a specificity of 68%.

Conclusion Skewness was associated with KRAS mutation in patients with non-mucinous rec-
tal cancer.

Index terms Magnetic Resonance Imaging; Rectum; Neoplasm; Computer;
Software; Oncogene
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INTRODUCTION

Texture analysis refers to a class of mathematical procedures and models that characterize
spatial variations within imagery as a means of extracting information (1). Structural, statisti-
cal, model-based and transform-based approaches are representative methods of texture
analysis (2). Statistical approaches, which have been most widely used, analyze the spatial
distributions and relationships among the gray-level values of an image (1, 2). Statistical
methods are further divided into first-order, second-order, and higher-order statistics. First-
order statistics measure the properties of individual pixel values, and the statistical parame-
ters are mean, variance, standard deviation (SD), skewness, kurtosis, entropy and homogene-
ity (1, 3, 4). Second-order statistics measure the properties of two or more pixel values. The
gray-level co-occurrence matrix (GLCM), defined as a two-dimensional (2D) histogram of
gray levels for a pair of pixels that are separated according to a fixed spatial relationship, is
the most commonly used method for measuring texture properties and extracting texture
features (1, 5). The relevant parameters are moment, angular second moment (ASM), inverse
difference moment (IDM), contrast, and entropy (3, 5). The definitions of the texture features
are summarized in Table 1.

Texture analysis has recently been used as a quantitative imaging tool in oncologic studies
and is becoming increasingly common (4). Several studies applied texture analysis of mag-
netic resonance imaging (MRI) as an imaging biomarker for assessment of tumor staging,
treatment response, prognosis, and survival in patients with colorectal cancer (CRC) (6-15).

Molecular biologically, Kirsten rat sarcoma viral oncogene homolog (KRAS) mutation has
been proven to be a predictive biomarker of resistance to anti-epidermal growth factor re-
ceptor (EGFR) therapy (16). Specifically, it is well known that KRAS mutation is associated
with poor response to anti-EGFR therapy (17, 18). MRI is widely used to determine clinical
staging and treatment planning in rectal cancer (19, 20). However, there is as yet no imaging

approach that can predict KRAS mutation without relying on molecular biologic confirma-

Table 1. Definitions of Texture Parameters

Texture Parameters Definition

First-order texture features

Mean Average of pixel value

Standard deviation Variation from mean gray-level value

Skewness Measure of histogram symmetry

Kurtosis Measure of histogram flatness

Entropy Measure of irregularity of gray-level distribution
Homogeneity Measure of homogeneity of gray-level distribution

Second-order texture features (GLCM based)

ASM Measure of textural uniformity in image
IDM Measure of homogeneity in image
Contrast Measure of spatial frequency in image
Entropy Measure of disorder or complexity in image

ASM = angular second moment, GLCM = gray-level co-occurrence matrix, IDM = inverse difference moment
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tion. Moreover, to the best of our knowledge, there are only a few studies that have assessed
the association between MRI-based texture analysis-derived parameters and KRAS mutation
in rectal cancer (21). Therefore, the aim of this study was to investigate the association be-

tween them in patients with non-mucinous rectal cancer.

MATERIALS AND METHODS

This retrospective study was approved by the relevant Institutional Review Board, and in-
formed consent was waived (IRB No. 2019-02-022-001).

PATIENTS AND SELECTION CRITERIA
Between September 2014 and December 2018, a total of 390 patients were surgically and

histologically revealed to have rectal adenocarcinoma. Among them, 79 patients who met the
inclusion criteria were included in the training dataset. The inclusion criteria were as fol-
lows: 1) rectal MRI performed prior to treatment and 2) data on KRAS-mutation status. Out
of the 79 patients, 33 patients were excluded due to the following reasons: 1) neoadjuvant
chemo-radiation therapy prior to surgery (n = 22) and 2) histopathologic diagnosis of muci-
nous subtype (n = 11). A total of 46 patients (male: 35, female: 11, mean age: 64 years, range:
48-87 years) were enrolled in the training dataset.

For a validation dataset, 35 consecutive patients who satisfied the same inclusion criteria
between January 2019 and March 2020 were recruited. Patients with mucinous subtype (n =
2) were also excluded. The validation dataset consisted of 33 patients (male: 25, female: 8,

mean age: 63 years, range: 40-84 years).

MR IMAGING
All rectal MRI was obtained with a 3.0-T MR machine (Achieva; Philips Medical Imaging,

Best, the Netherlands) with a phased-array body coil (Torso-pelvis coil; USA Instruments, Au-
rora, OH, USA).

The imaging protocol included axial, coronal and sagittal T2-weighted turbo spin-echo
(T2W1) sequences (repetition time/echo time, 3727/90 msec; echo train length, 17; slice thick-
ness, 3 mm; slice gap, 0.3 mm; matrix size, 300 X 290; number of excitations, 1; field of view,
240 X 240). The longest tumor axis was identified on sagittal T2WI, and axial and coronal

T2WI were acquired perpendicularly and parallel to the longest tumor axis, respectively.

MR TEXTURE ANALYSIS

Prior to performing the texture analysis, two radiologists with 15 and 3 years of experience
in rectal MRI, respectively, reviewed the T2WTI in three planes, and determined the location
and border of each tumor by consensus. Both radiologists were blinded to the presence of
KRAS mutation.

The MR DICOM images of axial T2WTI were transferred from a picture archiving and com-
munication system (PACS) workstation (m-view; Marotech, Seoul, Korea) to a workstation
equipped with in-house software (Medical Imaging Solution for Segmentation and Texture

Analysis, MISSTA, Seoul, Korea) that performs fully automated quantification of texture fea-
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tures implemented using a dedicated C++ language (Microsoft Foundation Classes; Micro-
soft, Redmond, WA, USA) (22-26). The radiologist with 3 years of experience manually drew
regions of interest (ROIs) around the tumor border in each section of axial T2WI to cover the
entire tumor volume using the 3D measurement tool of the software. Definite areas of necro-
sis, hemorrhage, fat, vessel or bowel were excluded from the ROIs. After the tumor segmen-
tation, the texture features (i.e., histogram parameters, volumetric parameters, morphologic
parameters) were automatically calculated by the texture analysis software. The texture fea-
tures included statistical first-order statistics (mean, variance, SD, skewness, kurtosis, entro-
py and homogeneity), second-order statistics based on GLCM (moments, ASM, IDM, contrast
and entropy) and run length matrix in addition to wavelet features.

HISTOPATHOLOGIC ANALYSIS

All tissue samples were obtained through surgical resection or endoscopic biopsy, and
each paraffin section containing tumor tissue was assessed by a dedicated pathologist. Ge-
nomic DNA was extracted from paraffin sections, and polymerase chain reaction and pyrose-
quencing were performed for KRAS (codons 12, 13 and 61). The sequence data generated
with the ABI PRISM 3730 DNA analyzer (Applied Biosystems, Foster City, CA, USA) were ana-

lyzed using sequencing analysis software version 5.1.1 (Applied Biosystems).

STATISTICAL ANALYSIS

All statistical analyses were performed using MedCalc software for Windows (MedCalc
Software version 12.7.1.0, Mariakerke, Belgium). A p value less than 0.05 was considered to
be significant. To assess the association between the texture parameters and the presence of
KRAS mutation, the Mann-Whitney U test was used. A receiver operating characteristic curve
analysis was performed to evaluate the diagnostic performance of the texture parameters in
predicting the presence of KRAS mutation, specifically by calculating the area under the
curve (AUC). An optimal cut-off value for maximum accuracy was extracted, and additional-
ly, the corresponding sensitivity, specificity, accuracy, positive predictive value (PPV) and
negative predictive value (NPV) were estimated. The optimal cut-off value derived from the
training dataset was verified using the validation dataset.

RESULTS

TRAINING DATASET
The training dataset consisted of a KRAS-mutant group (n = 22) and a wild-type group (n =

24). The histopathologic stages of the training dataset are shown in Table 2.

Skewness was significantly higher in the KRAS-mutant group than in the wild-type group
(0.221 + 0.283; -0.006 =+ 0.178, p = 0.003) (Figs. 1, 2). The AUC of skewness was 0.757 [95% con-
fidence interval (CI), 0.606 to 0.872, p = 0.0005)] (Fig. 3). When an optimal cut-off value of 0.078
was chosen, a maximum accuracy of 71% was achieved with a sensitivity of 64%, a specificity
of 78%, a PPV of 74%, and a NPV of 69%. However, none of the other texture parameters
showed any significant inter-group difference (p > 0.05). Table 3 summarizes the detailed re-

sults on the association between the texture parameters and KRAS mutation.
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VALIDATION DATASET
The validation dataset consisted of a KRAS-mutant group (n = 14) and a wild-type group (n =

19). The AUC of skewness was 0.801 (95% CI, 0.625 to 0.919, p = 0.0004). When the cut-off value
of 0.078 was applied to the validation dataset, skewness showed a sensitivity of 86%, a specific-

Table 2. Pathologic Stages of Training Dataset (pTN stage)

Stages T1 T2 T3 T4 Total
NO 5 13 0 24
N1 0 5 1 11
N2 0 10 1 11
Total 5 18 21 2 46

Fig. 1. A 70-year-old man with rectal adenocarcinoma and histopathology stage T2NOMO with KRAS muta-
tion.

A, B. T2-weighted axial (A) and sagittal (B) MR images show an ulcerofungating mass (arrows) in the mid-
rectum.

C. Dedicated texture analysis software with 3D analysis automatically calculates the texture features of the
ROI (green color), which was manually drawn along the tumor border on each slice of the axial T2WI.

D. 3D volume-rendered image of the whole tumor is obtained by automatic summation of multiple ROIs.
The skewness of the whole tumor is 0.3665.

KRAS = Kirsten rat sarcoma viral oncogene homolog, ROI = region of interest, T2WI = T2-weighted turbo spin-
echo, 3D =three-dimensional
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ity of 68%, and an accuracy of 76%.

DISCUSSION

Our results revealed that among the texture parameters, skewness alone showed an associ-
ation with KRAS-mutation status. Specifically, the KRAS-mutant group showed a higher value
than did the wild-type group. In addition, skewness showed a moderate accuracy of 71% in
differentiating the KRAS-mutant status, and internally validated as such. Skewness, as one of
the first-order statistics in gray-level histogram features, represents the measure of asymme-

try of the histogram distribution (3). As increased skewness reflects increased heterogeneity

Fig. 2. A57-year-old man with rectal adenocarcinoma and histopathology stage T3N1MO without KRAS mu-
tation.

A, B. T2-weighted axial (A) and sagittal (B) MR images show an ulceroinfiltrative mass (arrows) in the recto-
sigmoid junction.

C. Dedicated texture analysis software with 3D analysis automatically calculates the texture features of the
ROI (green color), which was manually drawn along the tumor border on each slice of the axial T2WI.

D. 3D volume-rendered image of the entire tumor is obtained by automatic summation of multiple ROIs.
The skewness of the whole tumor is -0.3003.

KRAS = Kirsten rat sarcoma viral oncogene homolog, ROI = region of interest, T2WI = T2-weighted turbo spin-
echo, 3D =three-dimensional
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in the signal intensity values in histogram, in our opinion, the KRAS-mutant group may have
more heterogeneous tumor environment than the wild-type does.

Our results correspond well with a previous study (21). The investigators revealed that
skewness with gradient filter based on T2WI showed higher values in the KRAS-mutant
group than in the wild-type group and after incorporated into the decision tree with SDs, the
diagnostic predictive values were a sensitivity of 84%, a specificity of 80% and an accuracy of
82% (21).

In addition to skewness with gradient filter, two Laplacian of Gaussian filtered features [SD
for medium texture (spatial scale filter 3 and 4)] were found to be associated with KRAS-mu-
tation status (21). In our opinion, tumor segmentation process may have accounted for the
difference in the results. Whereas a single section with the largest tumor area was selected in
the previous study, our study measured the entire tumor volume during tumor segmenta-
tion. In terms of the tumor heterogeneity, measurement on a single slice might have a great
concern over the representative data and repeatability for tumor segmentation.

From the perspective of radiomics, a few other studies have investigated the association
between radiomic signatures based on texture analysis and KRAS mutation (27, 28). Meng et
al. (27) extracted radiomic signatures from multiparametric MRI including T2WI, T1-weight-
ed images (T1WTI), DWI, and dynamic contrast-enhanced (DCE) MRI, which showed an AUC
of 0.651 (95% CI, 0.539 to 0.763) with an accuracy of 62%, a sensitivity of 58%, and a specifici-
ty of 64% in terms of KRAS mutation. Among the top 10 features used for acquisition of opti-
mal radiomic signatures, 7 wavelet features were the majority. The authors found that the
image features derived from each MRI sequence contributed to the optimal signature of
KRAS mutation (3 on TIWT; 3 on DCE-MRI; 2 on T2WI; 2 on apparent diffusion coefficient

map), and suggested that all MRI sequences are important and capable of providing comple-
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mentary information in radiomics studies (27). However, T2WI is known to be an essential

sequence for local staging. In our opinion, additional TIWI and DCE sequences are too much

for routine protocol, therefore, they may be limitedly used for investigational purposes.

Based on the previous diagnostic performance and ours which are superior to those on

multi-parametric MRI as well as its labor-intensive work (21), we suggest that mono-paramet-

ric texture analysis on T2WI may be used for prediction of KRAS-mutation status and easily

adapted to our daily practice.

There is no doubt that histopathology and molecular biologic test still play important roles

in individualized treatment planning. However, patients have to undergo endoscopic or surgi-

Table 3. Association between Texture Parameters and KRAS Mutation

Texture Parameters KRAS Mutant (n=22) Wild Type (n=24) p-Value
Histogram features
Mean 216.856 *+ 95.048 208.327 £ 79.314 0.9819
SD 30.303 £9.903 26.507 £ 9.357 0.1804
Skewness 0.221 = 0.283 -0.006 = 0.178 0.0030
Kurtosis 0.392 % 0.669 0.091 = 0.417 0.2469
Entropy 4.632 +0.293 4.502 + 0.358 0.2963
Homogeneity 0.020 + 0.022 0.023 +0.024 0.8737
GLCM-based features
Moments 2.094 + 0.744 2.543 +0.905 0.1021
ASM (X 103) 0.444 + 0.252 0.550 = 0.387 0.4268
IDM 0.121 +0.043 0.131 +0.048 0.5102
Contrast (X 10°) 3.068 *+ 5.668 1.366 = 1.421 0.2469
Entropy 3.668 +0.249 3.600 + 0.268 0.4008
GLRLM-based features
Energy (X 109) 9.227 + 10.401 6.101 + 6.262 0.340
Compactness 1 9.729 £ 4.832 8.027 £ 3.446 0.286
Compactness 2 0.148 £0.213 0.242 £ 0.808 0.180
GLN 186.428 * 263.209 123.999 =+ 125.253 0.555
Wavelet features*
Wavelet HHH 0.038 = 1.343 0.407 £ 0.757 0.6662
Wavelet HHL 0.969 *+ 2.294 0.412 £ 0.919 0.4815
Wavelet HLH 0.952 = 2.284 0.395 % 0.921 0.4401
Wavelet HLL 7.980 * 8.620 4.625 +3.132 0.3289
Wavelet LHH 0.925 = 2.278 0.382 £ 0.922 0.4537
Wavelet LHL 7.910 + 8.632 4522 £3.091 0.3403
Wavelet LLH 7.879 + 8.675 4.442 £ 3.077 0.3289
Wavelet LLL 159.540 * 73.680 165.640 * 79.340 0.7334

Data are mean % SD.

*Three-dimensional wavelet transformation was applied and filtered with low-pass filter (L) or high-pass fil-
ter (H) along x, y, and z axes, respectively.
ASM = angular second moment, GLCM = gray-level co-occurrence matrix, GLN = gray-level non-uniformity,
GLRLM = gray-level run-length matrix, IDM = inverse difference moment, KRAS = Kirsten rat sarcoma viral
oncogene homolog, SD = standard deviation

https://doi.org/10.3348/jksr.2020.0065
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cal resection at the expense of invasive tissue sampling and potential risk of complications
such as bleeding. From a radiological perspective, patients benefit from preoperative MRI by
obtaining KRAS mutation status with the non-invasive imaging modality at no additional cost.

This study has several limitations. First, the current study was an explorative feasibility
study, thus the retrospective study design and relatively small study population of the valida-
tion dataset could be considered. Further studies with large cohorts are warranted. Second,
we focused only on the association between texture features and KRAS-mutation status.
However, CRC is associated with multiple biological and genetic characteristics (29), and
thus, studies on radiogenomics are necessary in order to comprehensively evaluate multiple
biological and genetic characteristics. Third, texture features can be affected by many fac-
tors, such as field strength, sequences, and imaging parameters, which are related to MRI
signal intensity as well as imaging modality difference (27). Therefore, we tried to make a
uniform environment with the same 3T-MR machine, sequence and imaging parameters.

In conclusion, skewness derived from texture analysis based on T2WTI was associated with

KRAS mutation in patients with non-mucinous rectal cancer.

Author Contributions

Conceptualization, K.S.H.; data curation, K.S.H., J.S.J.; formal analysis, K.S.H., J.S.J.; funding acqui-
sition, K.S.H.; investigation, K.S.H., J.S.J.; methodology, K.S.H., J.S.J.; project administration, K.S.H.;
resources, all authors; software, P.S.J.; supervision, K.S.H.; validation, all authors; visualization,
K.S.H., J.S.J.; writing—original draft, all authors; and writing—review & editing, all authors.

Conflicts of Interest
The authors have no potential conflicts of interest to disclose.

Funding
This work was supported by the 2019 Inje University research grant.

REFERENCES

1. Srinivasan GN, Shobha G. Statistical texture analysis. Proc World Acad Sci Eng Technol 2008;36:1264-1269

2. Materka A. Texture analysis methodologies for magnetic resonance imaging. Dialogues Clin Neurosci
2004;6:243-250

3. Duvauferrier R, Bezy J, Bertaud V, Toussaint G, Morelli J, Lasbleiz J. Texture analysis software: integration
with a radiological workstation. Stud Health Technol Inform 2012;180:1030-1034

4. Davnall F, Yip CS, Ljungqvist G, Selmi M, Ng F, Sanghera B, et al. Assessment of tumor heterogeneity: an
emerging imaging tool for clinical practice? Insights Imaging 2012;3:573-589

5. Gadkari D. Image quality analysis using GLCM [dissertation]. Orlando: University of Central Florida 2004

6. De Cecco CN, Ganeshan B, Ciolina M, Rengo M, Meinel FG, Musio D, et al. Texture analysis as imaging bio-
marker of tumoral response to neoadjuvant chemoradiotherapy in rectal cancer patients studied with 3-T
magnetic resonance. Invest Radiol 2015;50:239-245

7. Jalil O, Afag A, Ganeshan B, Patel UB, Boone D, Endozo R, et al. Magnetic resonance based texture param-
eters as potential imaging biomarkers for predicting long-term survival in locally advanced rectal cancer
treated by chemoradiotherapy. Colorectal Dis 2017;19:349-362

8. LiuL, LiuY,XuL,LiZ, LvH,Dong N, et al. Application of texture analysis based on apparent diffusion coeffi-
cient maps in discriminating different stages of rectal cancer. J Magn Reson Imaging 2017;45:1798-1808

9. Horvat N, Veeraraghavan H, Khan M, Blazic I, Zheng J, Capanu M, et al. MR imaging of rectal cancer: ra-
diomics analysis to assess treatment response after neoadjuvant therapy. Radiology 2018;287:833-843

10. CuiY,Yang X, Shi Z, Yang Z, Du X, Zhao Z, et al. Radiomics analysis of multiparametric MRI for prediction of

pathological complete response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer. Eur

414 jksronline.org



J Korean Soc Radiol 2021;82(2):406-416

11.

12.

13.

14.

15.

16.
17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28

29.

cHﬁ‘_I-oélAOI-QIZFEIXI

Radiol 2019;29:1211-1220

Liu Z, Zhang XY, Shi YJ, Wang L, Zhu HT, Tang Z, et al. Radiomics analysis for evaluation of pathological
complete response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer. Clin Cancer Res
2017;23:7253-7262

Nie K, Shi L, Chen Q, Hu X, Jabbour SK; Yue N, et al. Rectal cancer: assessment of neoadjuvant chemoradi-
ation outcome based on radiomics of multiparametric MRI. Clin Cancer Res 2016;22:5256-5264

Liu H, Zhang C, Wang L, Luo R, Li J, Zheng H, et al. MRI radiomics analysis for predicting preoperative syn-
chronous distant metastasis in patients with rectal cancer. Eur Radiol 2019;29:4418-4426

Chen LD, Liang JY, Wu H, Wang Z, Li SR, Li W, et al. Multiparametric radiomics improve prediction of lymph
node metastasis of rectal cancer compared with conventional radiomics. Life Sci 2018;208:55-63

Sun'Y,Hu P,Wang J, Shen L, Xia F, Qing G, et al. Radiomic features of pretreatment MRI could identify T stage
in patients with rectal cancer: preliminary findings. J Magn Reson Imaging 2018;48:615-621

Newton KF, Newman W, Hill J. Review of biomarkers in colorectal cancer. Colorectal Dis 2012;14:3-17
Andreyev HJ, Norman AR, Cunningham D, Oates JR, Clarke PA. Kirsten ras mutations in patients with
colorectal cancer: the multicenter “RASCAL” study. J Natl Cancer Inst 1998;90:675-684

Andreyev HJ, Norman AR, Cunningham D, Oates J, Dix BR, lacopetta BJ, et al. Kirsten ras mutations in pa-
tients with colorectal cancer: the ‘RASCAL I’ study. Br J Cancer 2001;85:692-696

Taylor FG, Swift RI, Blomqvist L, Brown G. A systematic approach to the interpretation of preoperative stag-
ing MRI for rectal cancer. AJR Am J Roentgenol 2008;191:1827-1835

Nougaret S, Reinhold C, Mikhael HW, Rouanet P, Bibeau F, Brown G. The use of MR imaging in treatment
planning for patients with rectal carcinoma: have you checked the “DISTANCE”? Radiology 2013;268:330-
344

Oh JE, Kim MJ, Lee J, Hur BY, Kim B, Kim DY, et al. Magnetic resonance-based texture analysis differentiat-
ing KRAS mutation status in rectal cancer. Cancer Res Treat 2020;52:51-59

Choi TW, Kim JH, Park SJ, Ahn SJ, Joo |, Han JK. Risk stratification of gallbladder polyps larger than 10 mm
using high-resolution ultrasonography and texture analysis. Eur Radiol 2018;28:196-205

Park HJ, Kim JH, Choi SY, Lee ES, Park SJ, Byun JY, et al. Prediction of therapeutic response of hepatocellu-
lar carcinoma to transcatheter arterial chemoembolization based on pretherapeutic dynamic CT and tex-
tural findings. AUR Am J Roentgenol 2017;209:W211-W220

Choi TW, Kim JH, Yu MH, Park SJ, Han JK. Pancreatic neuroendocrine tumor: prediction of the tumor grade
using CT findings and computerized texture analysis. Acta Radliol 2018;59:383-392

Ahn SJ, Kim JH, Park SJ, Han JK. Prediction of the therapeutic response after FOLFOX and FOLFIRI treat-
ment for patients with liver metastasis from colorectal cancer using computerized CT texture analysis. Eur
J Radiol 2016;85:1867-1874

Ryu YJ, Choi SH, Park SJ, Yun TJ, Kim JH, Sohn CH. Glioma: application of whole-tumor texture analysis of
diffusion-weighted imaging for the evaluation of tumor heterogeneity. PLoS One 2014;9:2108335

MengX, Xia W, Xie P, Zhang R, Li W, Wang M, et al. Preoperative radiomic signature based on multiparamet-
ric magnetic resonance imaging for noninvasive evaluation of biological characteristics in rectal cancer.
Eur Radiol 2019;29:3200-3209

. Yang L, Dong D, Fang M, Zhu Y, Zang Y, Liu Z, et al. Can Can CT-based radiomics signature predict KRAS/

NRAS/BRAF mutations in colorectal cancer? Eur Radiol 2018;28:2058-2067
Arvelo F, Sojo F, Cotte C. Biology of colorectal cancer. Ecancermedicalscience 2015;9:520

https://doi.org/10.3348/jksr.2020.0065 415



Texture Analysis on MRI for KRAS Mutation in Rectal Cancer _

416

—

U 5|3 SR
S S Ao} KIS K Hlojor) chats

L

R
0x

T USST HAZ - oot AT

i

A vl g A7k Eatol A 27|13 B4 71RE BlAaA 24’ 4ot Kirsten rat
sarcoma viral oncogene homolog (°]5} KRAS) 3512} FHo|ete] Aat/d-& ZAFSHY,

b 2 2]sk4 0 2 gl 213 AdE0o 2 ekl KRAS /-4 JE7F 9lom 25 A
2% 2718 dE AllE 797 2] exbE E1 HlolEA(n = 46)2 75 ol ElAl(n = 33)
O & YRQlth 8lAK 242 ST T2 A5G ol Al ATt A% #4-2F KRAS &
A} Holete] Akd-& Mann-Whitney U A4 &3l 3414 0.2 ZA5Ielth. #4714k
E/d 3/ (receiver operatlng characteristic) #44< o]-835}o] KRAS §-%12} ¥lo] & of| S5}
7] 9l 24 o] At AFESIQT,. o] Ak 25 o B Al ARl 5= ]l
Z1} T dolE Aol A i (skewness)= -FAAF #lo]7} Qe T (n = 229)oll A §-712¢
Hol 7} glis Hth(n = 24%) Bt 5-2J5HA] =34TH0.221 £ 0.283;-0.006 £ 0.178, p = 0.003).
Lo } M7 Zh(area under the curve) 0.757 (95% A2 7L7F 0.606-0.872) = 72t
o= 71%, TIREEE 64%, Eol=w 78% ST e HAA Has2 = A 7 {05k o]
= EOIX 2UTHp > 0.05). 735 wlolejAlloll ATzt 0.078S 2831318 w] A= 76%,
= 86%, 50| == 68% -

g '%]HE}\_] H|7ol/g 2172k ghatoll A o == KRAS 44 Rlolel A& H i

LS

0]

¢

N

F

A

i)
[
ot

1

jksronline.org



