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Purpose: This study aimed to investigate whether a machine learning-based computed tomography (CT) texture
analysis could predict the mutation status of V-Ki-ras2 Kirsten rat sarcoma viral oncogene homolog (KRAS) in
colorectal cancer.

Method: This retrospective study comprised 40 patients with pathologically confirmed colorectal cancer who
underwent KRAS mutation testing, contrast-enhancement CT, and ®F-fluorodeoxyglucose (FDG) positron
emission tomography (PET) before treatment. Of the 40 patients, 20 had mutated KRAS genes, whereas 20 had
wild-type KRAS genes. Fourteen CT texture parameters were extracted from portal venous phase CT images of
primary tumors, and the maximum standard uptake values (SUV,,,) on 18F.FDG PET images were recorded.
Univariate logistic regression was used to develop predictive models for each CT texture parameter and SUV,,y,
and a machine learning method (multivariate support vector machine) was used to develop a comprehensive set
of CT texture parameters. The area under the receiver operating characteristic (ROC) curve (AUC) of each model
was calculated using five-fold cross validation. In addition, the performance of the machine learning method
with the CT texture parameters was compared with that of SUV .

Results: In the univariate analyses, the AUC of each CT texture parameter ranged from 0.4 to 0.7, while the AUC
of the SUV,,,.x was 0.58. Comparatively, the multivariate support vector machine with comprehensive CT texture
parameters yielded an AUC of 0.82, indicating a superior prediction performance when compared to the SUV ;,y.
Conclusions: A machine learning-based CT texture analysis was superior to the SUV,,,y for predicting the KRAS
mutation status of a colorectal cancer.

1. Introduction

Colorectal cancer (CRC) is a major cause of morbidity and mortality
worldwide [1]. However, advances in targeted therapy have yielded
significant increases in patient survival. Recently, the V-Ki-ras2 Kirsten
rat sarcoma viral oncogene homolog (KRAS) mutation status has been
identified as an important factor in the treatment of CRC, with several
studies reporting that KRAS mutation predicts a lack of response to
therapies targeting the epidermal growth factor receptor (EGFR) [2,3].
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In recent years, the finding that approximately 40%-45% of CRCs ex-
hibit KRAS mutations [4] has increased interest in the testing of this
genetic status.

Currently, the guidelines of the National Comprehensive Cancer
Network, European Society for Medical Oncology, and American
Society of Clinical Oncology recommend that the tumor tissues of all
patients with suspected or proven metastatic CRC should undergo
genotyping for KRAS mutations [5-7]. Therefore, identification of the
KRAS mutation status of a CRC, either before or during treatment, is
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required to predict the effects of therapies and determine individual
treatment strategies. Although pathologic analyses of the genetic KRAS
mutation status are considered the gold standard in current clinical
practice, these tests are not always feasible or reliable [8]. Metastatic
lesions are often inaccessible and biopsy cores are frequently un-
suitable, as poorly cellular specimens are inappropriate for exhaustive
molecular examinations. Moreover, primary tumors are often hetero-
geneous, which may decrease the reliability of KRAS mutation testing.

Previous studies of the relationships between imaging features of
CRC and KRAS mutation status have most frequently used positron
emission tomography with '®F-fluorodeoxyglucose (‘*°F-FDG PET).
However, these studies have yielded conflicting results [9-13]. Re-
cently, radiogenomics using computed tomography (CT) texture ana-
lysis, has emerged from the developing research field surrounding the
derivation of quantitative imaging features from medical images to
predict non-invasively the genetic status, degree of differentiation, and
efficacy of chemotherapy in various tumors [14]. Therefore, we hy-
pothesized that the ability to predict the KRAS mutation status of a CRC
from CT images would enable precision medicine without subjecting
the patient to additional invasive procedures. With this study, we aimed
to investigate whether a machine learning-based CT texture analysis
could be used to predict the KRAS mutation status of a CRC.

2. Materials and methods
2.1. Patients

The Institutional Review Board approved the protocol of this ret-
rospective study and waived the requirement for informed consent. The
study included 40 patients with pathologically confirmed CRC who
underwent KRAS mutation testing, g FDG PET, and contrast-en-
hancement CT within 2 months before surgery during the period of
March 2013-June 2014. Of the 40 patients, 20 had mutated KRAS
genes and 20 had wild-type KRAS genes. Clinical and pathological
characteristics, including sex, age, tumor size, degree of tumor differ-
entiation, TNM stage, and C-reactive protein (CRP) level, were recorded
(Table 1).

2.2. KRAS mutation tests

Genomic DNA was extracted from formalin-fixed paraffin-em-
bedded tumor sections using the cobas DNA Sample Preparation Kit
(Roche Molecular Systems, Inc., Branchburg, NJ, USA). KRAS muta-
tions in exons 2, 3, and 4 were detected using a real-time polymerase
chain reaction assay, cobas KRAS Mutation Test (Roche Molecular
Systems, Inc.), and LightMix KRAS and NRAS kit (Roche Molecular
Systems, Inc.). Patients were stratified into two groups according to the
test results: mutated KRAS and wild-type KRAS.

Table 1
Clinical and pathological analyses.
Mutated KRAS Wild-type KRAS p-value
group (n = 20) group (n = 20)
Sex (male / female) 11/9 13/7 0.53
Age (years) 67.8 = 13.4 70.8 = 7.4 0.38
Tumor size (cm) 48 =19 48 = 25 0.97
Tumor differentiation (Well 11/8/1 17/3/0 0.03
/ Moderate / Poor)
TA/2/3/4 0/0/17/3 0/0/16/4 0.76
N@©/1/2) 13/3/4 11/3/6 0.47
M(@©/1) 13/7 14/6 0.74
Stage (I /11 / III / IV) 0/10/3/7 0/10/4/6 0.74
CRP (mg/dl) 0.50 + 0.68 1.30 = 2.19 0.13

Note: Data are shown as means + standard deviations. KRAS: V-Ki-ras2 Kirsten
rat sarcoma viral oncogene homolog, CRP: C-reactive protein.
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2.3. 18F-FDG PET examinations

All patients underwent whole-body '®F-FDG PET scanner (Gemini-
GXL 16, Philips Healthcare, MA, USA) after fasting for at least 5h be-
fore tracer administration. Sixty minutes prior to the scan, each patient
received an intravenous injection of approximately 186-256 MBq of
8F.FDG. During the subsequent whole-body emission scan, each region
(one bed position: 18 cm) was scanned for 1.5 min. As each bed position
overlapped the next position by 50%, imaging data were acquired for
3min at almost all the bed positions. A 144 x 144 matrix and LOR-
RAMLA reconstruction parameters were used, with a reconstruction
section thickness and section interval of 5.0 mm. A circular region of
interest (ROI) was placed manually on the CRC, and the maximum
standardized uptake value (SUV,,.,) was calculated for each lesion.

2.4. CT scanning and image reconstruction

All patients were examined using one of two multi-detector row CT
systems (Brilliance-64, Philips Healthcare or Aquilion ONE ViSION,
Canon Medical Systems, Otawara, Japan) after the delivery of a stan-
dard contrast material dose (600 mgl/kg) over 35s. Scanning was in-
itiated at 40 (early phase) and 80 s (portal venous phase) after contrast
material injection. For all examinations, iohexol (Omnipaque 300;
Daiichi-Sankyo, Tokyo, Japan) or iopamidol (lopamiron 300 or 370;
Bayer Healthcare, Osaka, Japan) was delivered via a 22-G catheter
inserted into an antecubital vein and a power injector (Dual Shot GX V;
Nemoto Kyorindo, Tokyo, Japan). The scan parameters for the
Brilliance-64 scanner were as follows: detector -configuration,
64 x 0.625 mm (detector collimation); gantry rotation time, 0.5s; he-
lical pitch (beam pitch), 0.769; and tube voltage, 120 kVp. The tube
potential and tube current were determined using automatic exposure
control (Dose Right; Philips Healthcare) and based on X-ray attenuation
on anteroposterior and lateral scout images, with a reference tube
current time product of 285 mAs (effective). The parameters for the
Aquilion ONE ViSION scanner were as follows: detector configuration,
80 x 0.5 mm; gantry rotation time, 0.5 s; helical pitch, 0.813; and tube
voltage, 120kVp. An automatic tube current modulation program
(SURE Exposure 3D, Canon Medical Systems) was used, and the noise
index (one standard deviation [SD] of the regional CT radiodensity
value) was set at 10 Hounsfield units for images with a slice thickness of
5.0 mm.

Images were reconstructed in a 30-35cm field-of-view display
(dependent on the patient’s physique). Both the reconstruction section
thickness and section interval were 5.0 mm. CT images from both
scanners were reconstructed using the following hybrid-type iterative
reconstruction algorithms: iDose* (Philips Healthcare) in “level 3”
mode with kernel C for the Brilliance-64 scanner and AIDR-3D (Canon
Medical Systems) in “weak” mode with kernel FCO3 for the Aquilion
ONE ViSION scanner.

2.5. CT texture measurements

To compute the texture parameters, DICOM image files of 40 tumors
were imported to the software package LIFEx (version 2.00, http://
www lifexsoft.org/). Next, the outer edge of each tumor was manually
traced on the axial slice from portal venous phase CT that yielded the
maximum tumor area, and this ROI was selected for the CT texture
analysis (Fig. 1). LIFEx was used to extract 14 CT texture parameters
from the primary tumors.

2.6. Statistical analysis

Numerical data are expressed as means = SDs. Between-group
differences in the mean values of normally and non-normally dis-
tributed data were determined using the two-tailed independent t-test
and the Mann-Whitney U-test, respectively. The %2 test was also used
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Fig. 1. Measurements of texture on computed tomography (CT) images from a patient with rectal cancer. (a) A portal venous phase CT image reveals an irregular
mass in the rectum. (b) A region of interest was drawn manually along the outer edge of the tumor.

for between-group comparisons. Univariate logistic regression was used
to develop KRAS mutation status prediction models for each CT texture
parameter and SUV,,,x. Next, a machine learning method-based (mul-
tivariate support vector machine) prediction model of the comprehen-
sive CT texture parameters was developed. The area under the receiver
operating characteristic (ROC) curve (AUC) of each prediction model
was calculated using five-fold cross validation, and the predictive per-
formance of the machine learning method with comprehensive CT
texture parameters was compared to that of the SUVy,,x. The prob-
ability of detection of KRAS mutation was also calculated using the
machine learning method with comprehensive CT texture parameters
and univariate logistic regression for the SUV ... A P-value of < 0.05
was considered statistically significant. Statistical analyses were per-
formed using Python programing software (version 3.5; https://www.
python.org/) and a statistics software package for Microsoft Excel
(BellCurve for Excel; SSRI, Tokyo, Japan).

3. Results
3.1. Clinical and pathological analysis

The patients’ characteristics are summarized in Table 1. There were
no demographic differences between the mutated and wild-type KRAS
groups in terms of sex, age, tumor size, TNM stage, or CRP level.
However, the two groups differed with respect to tumor differentiation.

3.2. Predictive model analysis

In the univariate analyses, the AUCs of each CT texture parameter
ranged from 0.40 to 0.71, while the SUV ., yielded an AUC of 0.58
(Table 2). Skewness (H) and max value were statistically significantly
associated with the KRAS mutation status. Comparatively, the multi-
variate support vector machine with comprehensive CT texture para-
meters yielded an AUC of 0.82, indicating a superior prediction per-
formance (Fig. 2). Representative cases of mutated KRAS and wild-type
KRAS CRC are shown in Fig. 3 and 4.

4. Discussion

Our results demonstrate that each CT texture parameter and the
SUVax yielded relatively low AUC values (0.40-0.71) for prediction of
KRAS mutation status, however our multivariate machine learning
method, which included 14 CT texture parameters, yielded a sig-
nificantly higher AUC (0.82) and thus a superior prediction perfor-
mance when compared to the SUV ;..

Approximately 20% patients with CRC initially present with
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metastatic disease, and up to 50% of early-stage tumors will eventually
metastasize [15]. Although chemotherapy is the main treatment for
both metastatic and local advanced-stage CRC, patients with a poor
prognosis may be unable to tolerate the associated toxicity and adverse
side effects. In comparison, anti-EGFR monoclonal antibody therapy is
associated with improvements in both prognosis and compliance, as
well as reductions in toxicity and side effects [16]. For example, Hei-
nemann et al. reported that patients with KRAS wild-type metastatic
CRC who received anti-EGFR monoclonal antibody therapy (cetuximab)
and the FOLFIRI regimen (folinic acid, 5-fluorouracil, irinotecan) ex-
perienced a prolongation of survival to 33.1 months [17]. However,
anti-EGFR monoclonal antibodies are relatively expensive. Major clin-
ical practice guidelines have explicitly identified KRAS mutation as a
highly specific negative biomarker indicating patients who would
benefit from anti-EGFR monoclonal antibody therapy [5]. Therefore,
the identification of these patients prior to treatment is a critical means
of ensuring the delivery of precise and cost-effective medicine to pa-
tients with CRC.

Although anti-EGFR monoclonal antibodies have been administered
for KRAS wild-type CRC, up to 50% of these patients are unresponsive
to this therapy [2]. This treatment failure may be attributable to in-
tratumoral KRAS mutation heterogeneity [18]; in other words, patho-
logic KRAS mutation tests may not reflect the macroscopic status of the
whole tumor. Moreover, metastatic lesions are often inaccessible and
biopsy cores are frequently unsuitable [18]. By contrast, CT can be used
to image the whole tumor and may be useful as a supplement to gen-
otypic analyses. Our results indicate that CT texture parameters may
help to predict the KRAS mutation statuses of patients with CRC and
could facilitate the determination of therapeutic strategies.

Previous studies have used '®F-FDG PET to assess the associations
with KRAS mutation status in CRC [9-13]. Several studies concluded
that '®F-FDG PET may be useful for predicting the KRAS mutation
status. Iwamoto et al. suggested that upregulated glucose transporter-1
expression might explain the increased '®F-FDG accumulation in KRAS-
mutated CRCs [19]. By contrast, however, several studies of CRC found
no significant correlation of '®F-FDG accumulation with the KRAS
mutation status. The reasons for this discrepancy are unknown, al-
though the effects of sample size and ethnic differences cannot be ruled
out. Lee et al. suggested that among patients with normal CRP levels,
KRAS mutation was associated with a higher SUV,,x, compared to
wild-type KRAS, whereas the reverse was true among patients with
elevated CRP levels [20]. In other words, local inflammation may affect
18F_FDG uptake by a CRC, and elevated CRP levels may indicate false-
positive '®F-FDG PET findings. In our study, we observed no differences
in the CRP level between the mutated and wild-type KRAS groups. More
recently, Kim et al. conducted a systematic review and meta-analysis of
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Table 2
Univariate logistic regression analysis of CT texture parameters and SUVyax.
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Mutated KRAS group (n = 20) Wild-type KRAS group (n = 20) p-value AUC

CT texture parameters Minimum value -10.2 * 21.7 1.9 = 20.4 0.07 0.63
Mean value 71.5 = 12.2 78.0 = 12.4 0.10 0.62

Standard deviation 18.0 + 3.5 18.4 + 4.0 0.71 0.40

Max value 119.4 = 18.6 131.4 = 17.7 0.04 0.68

Skewness (H) —0.65 + 0.34 —0.39 = 0.30 0.01 0.71

Kurtosis (H) 4.18 = 1.70 3.54 = 0.66 0.13 0.57

Entropy (H) 1.83 = 0.09 1.82 = 0.09 0.88 0.42

Energy (H) 0.017 = 0.004 0.018 + 0.004 0.88 0.45

Homogeneity 0.61 = 0.04 0.59 = 0.04 0.16 0.58

Energy 0.044 = 0.02 0.039 + 0.01 0.34 0.52

Contrast 2.01 = 0.65 2.32 = 0.77 0.18 0.57

Correlation 0.67 = 0.09 0.63 = 0.12 0.19 0.62

Entropy 1.53 = 0.15 1.56 = 0.12 0.51 0.47

Dissimilarity 1.04 = 0.19 1.12 = 0.19 0.17 0.59

SE.FDG PET parameter SUVmax 14.2 + 7.46 15.9 + 5.18 0.39 0.58

Note: Data are shown as means * standard deviations. (H): histogram features, KRAS: V-Ki-ras2 Kirsten rat sarcoma viral oncogene homolog, AUC: area under the
receiver operating characteristic curve, CT: computed tomography, '®F-FDG PET: positron emission tomography with '®F-fluorodeoxyglucose, SUV.,: maximum

standardized uptake value.
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Fig. 2. Receiver operating characteristic (ROC) curve analysis comparing the
predictions of KRAS mutation status in CRC based on the machine learning-
based approach with comprehensive computed tomography (CT) texture
parameters and the maximum standard uptake value (SUV,,,y). The respective
ROC curves are shown in blue and orange. The machine learning method
yielded an area under the curve (AUC) of 0.82, which indicating a superior
prediction performance when compared to the SUV ., (AUC = 0.58).

the ability of ®F-FDG PET to predict KRAS mutation in CRC and re-
ported that this technique was poorly sensitive and specific [21]. The
authors concluded that '®F-FDG PET might not be useful for predicting
or excluding the KRAS mutation status. Therefore, the use of '®F-FDG
PET to predict the KRAS mutation status in CRC patients should be
applied and interpreted cautiously.

Previous studies have also investigated the relationship between
magnetic resonance imaging (MRI) characteristics and the KRAS mu-
tation status of CRC [22-25]. Meng et al. reported an association of
radiomics features extracted from multiparametric MRI with the KRAS
mutation status [22]. Xu et al. evaluated the relative diagnostic po-
tential of diffusion-weighted MRI parameters for predicting KRAS mu-
tation status in CRC patients. Notably, these MRI-derived parameters
exhibited a moderately significant ability to predict the KRAS mutation
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status. Further developments in this area are expected in the future.

In a recent investigation, Yang et al. reported an association be-
tween the CT texture signatures and the predicted KRAS mutation
status of CRC when using a machine learning approach [26]. In that
study, the support vector machine model yielded accuracies of 0.787
(95% CI, 0.669-0.871; sensitivity, 0.757; specificity, 0.833) and 0.750
(95% CI, 0.623-0.845; sensitivity, 0.686; specificity, 0.857) for differ-
entiating the mutated group from the wild-type group in the primary
and validation cohorts, respectively. Our results were consistent with
those findings, and to the best of our knowledge, our report was the first
to determine the superiority of the CT texture signature over the '°F-
FDG PET SUV . for predicting the KRAS mutation status of CRC.

We note that our single-center retrospective study had some lim-
itations. First, our sample size was small, and we could not prepare
separate training and validation cohorts. Therefore, we calculated the
diagnostic performance in a single cohort using five-fold cross valida-
tion. However, the accuracy of the prediction models and general-
ization performance may be inadequate due to the small sample size.
Large-scale clinical studies with training and validation cohorts are
needed to increase the robustness of our findings. Second, we only
evaluated ability to predict the KRAS mutation status and did not in-
vestigate mutations in other genes (e.g., NRAS, BRAF). However, pre-
vious studies have shown up to 65% of CRCs with wild-type KRAS fail
to respond to anti-EGFR monoclonal antibodies, suggesting the in-
volvement of mutations in other regions of the gene or in other genes
encoding proteins that act downstream of EGFR in the RAS signaling
pathway [27]. Therefore, CRCs harboring wild-type KRAS should also
be subjected to NRAS and BRAF mutation analyses [7], and the ap-
plicability of CT texture analysis for the predictions of these mutations
should be explored. Third, we used a 2D texture analysis, rather than a
3D analysis. Although one previous study reported similar CT texture
results following 2D and 3D analyses [28], another study found that a
3D analysis may provide a more representative evaluation of tumor
heterogeneity [29]. Hence, further studies are necessary to confirm our
findings. Finally, we used only one software package for the CT texture
analysis and one machine learning method. Therefore, the applicability
of our findings to other software and machine learning methods is
uncertain.

5. Conclusions

In conclusion, we found that a machine learning approach based on
comprehensive CT texture features exhibited a superior performance
for the prediction of the KRAS mutation status in CRC when compared
to the '8F-FDG-PET SUV yay-
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