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Abstract: The purpose of this study was to develop a radiomics signature for distinguishing stage in advanced colon
cancer (CC). 195 colon cancer patients were enrolled in this study (stage lll, n = 146 vs. stage IV, n = 49) and divided
into training cohort (n = 136) and validation cohort (n = 59). A total of 286 radiomic features were extracted from
tumor and LN images. A radiomics signature was generated using the least absolute shrinkage and selection opera-
tor (LASSO) technique. The relationship between radiomics signature and CC staging was explored using a kernel-
based support vector machine (SVM) classifier model. The classification performance was assessed by accuracy
and the receiver operating characteristics (ROC) curve. A total of 5 features (2 for tumor and 3 for LN) were selected
among 286 features. Radiomics signature built from extracted features successfully differentiated stage Ill from
stage IV CC with no known distant metastases on imaging preoperatively. Furthermore, the SVM classifier model
generated using tumor and LN images together achieved better performance than the tumor alone, with accuracies
of 86.03% vs. 78.68% and 83.05% vs. 76.27% in training and validation cohorts, respectively. In ROC analysis, the
model showed a significant improvement for training (AUC 89.16% vs. 69.5%) and validation cohorts (AUC 75.15%
vs. 55%) in comparison with the combined analysis and the tumor alone. In conclusion, the radiomics signature
based on preoperative CT may distinguish stage Ill from stage IV CC with no known distant metastases. In addition,
the radiomic features from combined images achieved better classification performance than tumor alone.
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Introduction able, and the five-year survival is limited to 13%
[2, 3]. Therefore, the aim of treatment in stage

Colon cancer (CC) is the fourth most common IV is to extend survival and improve the quality

cancer and ranks fifth in causes of cancer relat-
ed death globally according to World Health
Organization (WHO) in 2018, accounting for an
estimated more than one million new cases
and 551,269 deaths [1]. Radical resection is
referred as a standard treatment for early stage
CC without lymph node (LN) metastasis [2].
Once LN metastasis occurs, CC is considered
as stage lll, and the standard therapy involves
complete resection of the primary tumor and
regional LNs plus postoperative adjuvant che-
motherapy. When tumor metastases spread to
one or more distant sites, regardless of nodal
involvement, the tumor is identified as stage IV.
Despite considerable development in the treat-
ment of metastatic CC, most cases are not cur-

of life by means of complicated and systemic
therapies [4]. Obviously, an accurate preopera-
tive staging to distinguish stage Ill and stage IV
CC is essential for effective treatment strategy
[5].

In clinical practice, CC patients routinely under-
go preoperative computed tomography (CT)
scans for assessment and staging of tumors by
evaluating regional invasion and distant metas-
tasis [6]. However, small distant metastatic tu-
mors cannot be accurately identified by pre-
operative CT imaging, leading to an inaccurate
diagnosis of some patients. In this case, the
metastasis is identified during intraoperative
exploration and postoperative pathological
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diagnosis. Besides, there are several difficul-
ties for the assessment of metastatic LNs in CT
images. Although LNs larger than 1 cm diame-
ter in CT scan was identified as metastatic LNs
in CT diagnosis [7], the value of CT data for the
evaluation of LNs in patients with CC remained
poor with a diagnostic accuracy from 54% to
73% [7, 8]. Moreover, the criteria for metastatic
LNs using CT data are inconsistent [9].
Therefore, there is an urgent need for better
tools to improve preoperative staging.

In recent years, radiomics has become a pow-
erful tool that can objectively and comprehen-
sively evaluate tumor heterogeneity by extract-
ing high-throughput quantitative features from
medical images through data characterization
algorithms [10-13]. These features have the
potential to reveal disease characteristics and
provide valuable information for personalized
staging, therapy, and prognosis. The radiomics
is @ complex process including distinct steps
with definable inputs and outputs, such as
image acquisition, reconstruction, segmenta-
tion, features extraction and qualification, anal-
ysis, and model building. Due to non-invasive
and low-cost properties of radiomics, the relat-
ed research has advanced dramatically and is
widely utilized in various clinical fields with sat-
isfactory results such as hepatocellular carci-
noma, head and neck cancer, nasopharyngeal
carcinoma, glioblastoma, and pancreatic
tumors [14-18].

Some previous studies have already investigat-
ed radiomics signature on the preoperative
staging of cancer, but they focus only on the
primary tumor image itself [19-21]. It is well
known that LN status is a crucial factor for the
staging of CC [22]. Therefore, the aim of this
study is to develop a radiomics signature based
on preoperative CT data of primary tumor and
LN data compared with postoperative pa-
thological diagnosis and evaluate the predic-
tive value in preoperative staging (stage Ill vs.
stage IV) of CC.

Materials and methods
Patients

Ethical approval was obtained from the medical
ethics committee of our institution for this ret-
rospective study, and informed consent was
obtained from all subjects. 598 consecutive
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patients diagnosed with CC who received col-
ectomy with en bloc removal of regional LNs
between January 2014 and May 2018 in
Affiliated Hospital of Qingdao University were
chosen for this study. We collected their pre-
treatment CT images and postoperative patho-
logical records. All the patients were admitted
according to the patient recruitment pathway
using the inclusion and exclusion criteria
described in Figure 1. A total of 195 patients,
including 112 males (mean age, 61.08 + 13.42
years; age range, 17~85 years) and 83 females
(mean age, 62.87 + 11.45 years; age range,
28~87 years) were incorporated into our study
and divided into training and validation cohorts
while maintaining similar distribution of the
patient imaging characteristics in each group.

Clinical data, such as age, gender, and primary
tumor site, were collected by reviewing medical
records. Histologic grade, T and N stages were
obtained from pathological reports directly.
Tumor staging was established postoperatively
by surgical oncologists and pathologists. Tumor
staging was defined according to the American
Joint Committee on Cancer (AJCC) TNM staging
system, the 8th edition [22]. Determination of
metastatic LN using CT images is usually a dif-
ficult and complicated procedure. Therefore,
we followed a clinical procedure for diagnosis:
first, LNs in preoperative CT images were
marked; then, target LNs were collected and
divided into different groups during operation;
lastly, the metastatic LNs were verified postop-
eratively by experienced pathologists. Our
study workflow steps are shown in Figure 2.

CT image acquisition and pre-processing

Before receiving radical resection of tumor, all
patients underwent CT scan with a 64-slice spi-
ral CT scanner (Somatom Sensation 64, Si-
emens Medical Systems, Erlangen, Germany).
The CT scan parameters were as follows: 120
kV; 200 effective mAs; beam collimation of 64
x 0.6 mm; a matrix of 512 x 512; a pitch of 0.8;
and a gantry rotation time of 0.5 s. The slice
thickness of the image was 5.0 mm. We intro-
duced “ITK-SNAP” for this task [23]. Radiologists
with over 10 years of experience in interpreting
abdominal radiology examined each layer of
the CT images of the patients and outlined all
tumor and metastatic LN regions and per-
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A total of 598 consecutive patients with pathologically confirmed CC
who underwent curative resection with LN dissection from January
2014 to May 2018 were initially enrolled in this study

matrix, which represents joint
probabilities of two pixels on a
specified distance in a certain
direction. The co-occurrence
matrix was calculated for four

main directions (0°, 90°, 180°,

—>

Excluded for the following reasons (n = 36)
Lack of CT scans at our institution (n = 24)
An interval of more than 15 days between CT
imaging and surgery (n = 12)

and 270°), and the features
extracted for each direction
were merged by averaging.
GLRM features were comput-

Y

ed over the run-length matrix
which describes the length of

Preoperative standard CT scan available (n = 562)

gray level intensity runs on
certain directions to measure

coarseness of the textures
[26]. We computed a total of

Excluded for the following reasons (n = 367)
Chemotherapy or radiotherapy (n = 31)

) The patients lymph node is negative (n = 236)

Total number of lymph node less than 12 (n = 85)

Tumor or lymph node not clear to mark (n = 15)

11 GLRM features using four
main directions and averaged
features calculated using dif-
ferent directions. For LBP
approach, texture information

Y

was analyzed by comparing

A total of 195 consecutive patients were initially enrolled in this study

the relationship between each
pixel and its neighbors within

a region, and a signature was
constructed by generating a
histogram of the relationship
[27]. We calculated a total of
ten LBP features for each

Training cohort
(n=136)

Validation cohort
(n=59) complexity on texture using

region of interests. We also
aimed to measure structural

Figure 1. Recruitment pathway for patients in this study.

formed manual segmentation in each layer [24]
(Figure 3). Due to the difficulty of metastatic LN
diagnosis using CT data, LNs were first marked
in preoperative CT images, then collected dur-
ing the surgery, and finally verified postopera-
tively by pathological diagnosis. The intensity
levels in these regions of interests (ROIs) were
normalized and used in subsequent feature
extraction for further analysis.

Feature extraction

In this study, we utilized five major categories of
radiomics features: first order statistics (FOS),
gray-level co-occurrence matrix (GLCM), gray-
level run-length matrix (GLRM), local binary pat-
tern (LBP) and fractal dimension (FD) to portray
characteristics of the CT images. Originally pro-
posed by Haralick et al. [25], GLCM features
were calculated from gray-level co-occurrence

1431

FD method [28].

Gradient information repre-

sents the variation of pixel
intensities on specified directions and also pro-
vides the velocity of the variation. Based on the
textural structure of the tissues, this measure-
ment can be used to portray the coarseness or
fineness of the textures. In this study, we em-
ployed gradient images to calculate statistical
(FOS) and two types of textural features (GLCM
and GLRM). We also calculated the histogram
of the gradient (HoG) features, grouping gradi-
ent magnitudes into nine directional clusters
[29].

In addition to conventional texture analysis
methods, we utilized wavelet transform to ex-
tract spatial characteristics from a special rep-
resentation form of the images using Dau-
bechies basis function with overlapping win-
dows [30]. In two-dimensional wavelet trans-
form, we obtained four quarterly sized images
e.g. approximate, vertical, horizontal, and diag-

Am J Cancer Res 2019;9(7):1429-1438
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Tumor and Lymph Node Segmentation
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Figure 2. The workflow of necessary steps in the current study. Image segmentation is performed on CT images.
Experienced radiologists delineate ROl covering the whole tumor and metastatic LN by stacking up the region of
interest slice by slice. The quantitative features are extracted from the tumor and LN regions on the CT images,
including texture, structure and wavelet representation. The significant features were identified using LASSO regres-
sion. The performance of the classifier was evaluated measuring accuracy, sensitivity, specificity, F1-score, and ROC
analysis. The SVM classifier model was used to predict the stage of CC patients using radiomics features obtained

from conventional CT image.

Figure 3. An example of manual segmentation of primary tumor (green re-
gions) and lymph node (red regions) on colon cancer CT images. (A, C) and
(B, D) are raw and marked CT image of stage Ill and IV patients.

onal detail coefficient wavelet images and com-
puted FOS features including power measure
and two types of textural features (GLCM, and
GLRM) of all four wavelet images. The radiomic
features of the tumor and LN tissues were cal-
culated using an in-house developed script
implemented in Matlab® (ver. 9.5.0, Mathworks,
MA, USA) utilizing conventional CT images.

Statistical analysis and radiomics model build-
ing

We analyzed the demographic characteristics
of the colon cancer patients with the chi-square
validation using GraphPad prism software ver-
sion 7.0 (La Jolla, CA, USA). A value of less than

0.05 was considered as statistically significant
during the experiments.
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During this study, we calculat-
ed 286 quantitative features
from tumor and LN tissue re-
gions segmented on conven-
tional CT images using eight
feature extraction approach-
es. To reduce the redundancy
between features and to de-
termine the most significant
features, we adopted the lea-
st absolute shrinkage selec-
tion operator (LASSO) method
to determine the significance
of the features. In the LASSO
method, the coefficients of
features were determined as
minimizing the sum of squared
error of the regression func-
tion. We evaluated the perfor-
mance of LASSO regression
using 10-fold cross-validation
approach in our experiments.
The significance of the features was identified
by observing the coefficients of predictor vari-
ables of the regression model with the lowest
sum of squared error. During the feature selec-
tion process, we examined the feature data of
tumor and LN tissues individually to prevent
any potential counter effects on the selection
process. Hence, we generated two distinctive
LASSO regularization models for identifying the
significant features of the tissues.

Therefore, we used a kernel-based SVM classi-
fication approach to identify the association
between radiomic features and staging factors
of CC patients as a linear model could not suc-
cessfully identify CC stages. In the SVM
approach, the solution was optimized as mini-

Am J Cancer Res 2019;9(7):1429-1438
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mizing the distance between separating hyper-
plane and closest instances which will be
assigned as support vectors. To solve the qua-
dratic optimization problem, sequential mini-
mal optimization algorithm was employed while
the radial basis kernel function (RBF) was used
to map feature data to high dimensional space
until the data became linearly separable. 10-
fold cross-validation was employed to evaluate
the performance of the generated classifier
model during the training process. The RBF ker-
nel scale and regularization penalty factors
were optimized using an empirical approach
during the training process is accuracy as an
eventual performance metric of the SVM model.
In all of the classification experiments, we split
the data into two clusters - training and valida-
tion sets - with a rate of 70% and 30% of the
data, respectively.

To evaluate the efficacy of using LN with tumor
tissue characteristics, we performed two clas-
sification experiments using tumor tissue and
merging the information obtained from both
tumor and LN tissues. During the experiments,
patients in stage Ill were declared as positive
class instances while patients of stage IV were
negative class samples.

Results
Patient characteristics

A total of 195 patients were finally incorporated
into our research including 146 patients with
stage Ill and 49 patients with stage IV CC.
According to pathological results of the pa-
tients, 822 of the 3566 LNs are metastatic
LNs. Atotal of 356 LNs were collected to ensure
matching LNs between preoperative CT-labeled
and post-operative pathology results. Among
stage IV patients, 8 patients had known distant
metastasis before operation (simultaneous
resection of the primary tumor and liver metas-
tases), 18 patients were found to have perito-
neal metastasis during operation, and 23
patients were treated with operation due to
complications. We divided patients into training
and validation cohorts by keeping the distribu-
tion of the imaging characteristics similar.

Ultimately, the training cohort included 136
patients with 102 cases of stage lll and 34
cases of stage IV; the validation cohort includ-
ed 59 patients with 44 cases of stage Il and

1433

15 cases of stage IV. The clinicopathologic
characteristics of patients in the training and
validation cohorts are presented in Table 1.
There were no significant differences in gender,
age, primary tumor site, and T stage between
the training and validation cohorts.

Feature selection

For tumor tissues, LASSO model identified two
textural features as distinctive among all the
features extracted from conventional CT imag-
es, e.g. variance of horizontal detail wavelet
representation image and gray-level non-unifor-
mity of gradient image (Figure 4A). On the other
hand, three textural features were observed as
a significant set of features on LN images,
inducing mean intensity of the gray-level image,
the variance of diagonal detail wavelet repre-
sentation image, and homogeneity of vertical
detail wavelet representation image (Figure
4B). The coefficients of the constructed LASSO
model for tumor and LN regions were provided
in Table 2 to demonstrate the dominance of
radiomic features. The linear classifier model
based on feature coefficients obtained with the
LASSO method demonstrated close tissue ch-
aracteristics of the patients in different sta-
ges.

Performance evaluation of classification
framework

To investigate the potential effects of LN tex-
ture during the staging of CC patients, we per-
formed two different experiments e.g. tumor
features used during the first experiments while
combining the features of tumor and LN tissues
in the second experiment. As evaluating the
performance of the generated prediction mod-
els, we mainly focused on classifier accuracy
for training and validation cohorts (Table 3).

Initially, the SVM classifier was trained using
only two features of tumor tissue that identified
with the LASSO method. The generated SVM
model resulted in an accuracy of 78.68% in
training and 76.27% in the validation set. The
model has demonstrated 99.02% and 95.45%
sensitivity, which reflects the correct classifica-
tion of stage lll CC patients for data separated
as training and validation sets, respectively.
Unfortunately, the classifier showed low speci-
ficity performance for training and validation
processes, which might be caused by the high

Am J Cancer Res 2019;9(7):1429-1438
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Table 1. Characteristics of CC patients in training and validation cohorts (n = 195)
Training cohort (n = 136) Validation cohort (n = 59)

Characteristics Stage Il Stage IV P Stage Il Stage IV P
(n=102) (n=34) (n=44) (n=15)
Age, years (Mean + SD) 62.26 + 12.63 60.56 + 13.92  0.539 60.89+12.86 64.93+8.60 0.178
Gender, n (%) 0.840 0.829
Male 61 (59.8%) 21 (61.8%) 19 (43.2%) 6 (40.0%)
Female 41 (40.2%) 13 (38.2%) 25 (56.8%) 9 (60.0%)
Tumor site, n (%) 0.551 0.824
Right 45 (44.1%) 17 (50.0%) 22 (50.0%) 8 (53.3%)
Left 57 (55.9%) 17 (50.0%) 22 (50.0%) 7 (46.7%)
Histologic grade, n (%) 0.018* 0.798
Well differentiated 0 (0) 0(0) 1(0.23%) 0 (0)
Moderately differentiated 71 (69.6%) 16 (47.1%) 25 (56.8%) 10 (66.7%)
Poorly differentiated 31 (30.4%) 18 (52.9%) 18 (40.9%) 5 (33.3%)
Tumor diameter, cm (Mean + SD) 7.01+217 721 +2.17 0.633 6.92 +1.79 7.79+292 0.302
LN diameter, cm (Mean + SD) 1.51+0.59 1.69 + 0.59 0.158 1.84 +£0.74 1.59 £ 0.49 0.161
T stage, n (%) 0.017* 0.234
T1 0 (0) 0(0) 1(2.3%) 0 (0)
T2 2 (2.0%) 0(0) 1(2.3%) 0(0)
T3 75 (73.5%) 17 (50.0%) 33 (75.0%) 8 (53.3%)
T4 25 (24.5%) 17 (50.0%) 9 (20.4%) 7 (46.7%)
Radiomics score (Mean + SD) 0.97 £ 0.16 -0.02£0.87 <0.001* 0.88 £0.35 -0.28 £0.93 <0.001*

Note: n, number; LN, lymph node; SD, standard deviation. P value was derived from the univariable association analyses between each charac-
teristic and stage; tumor size was measured at the thickest part of the colon lesion vertical to the bowel wall on the cross-sectional image. *, P <
0.05.

A o2

0

-0.2

-0.4

-0.6

-0.8

log(h) log{A)

Figure 4. Selection of a subset of features for tumor and lymph node tissues using LASSO regularization. The fea-
tures were selected among the experiments at the location that minimum error was obtained (argmin (MSE)). 2
features (RF,,: variance of horizontal detail wavelet representation image, RF,,: gray level non-uniformity of gradi-
ent image) for tumor (A) and 3 features (RF,: mean, RF.: variance of diagonal detail wavelet representation image,
RF,: contrast of vertical detail wavelet representation image) for lymph node (B) were selected among 286 features

that calculated using eight different feature extraction approaches.

similarity of tissue for stage Ill and IV patients, 43.78% to 66.22%] for training and validation

which were 17.65% and 20% respectively.
Additionally, we calculated F1-score due to
uneven instances for classes. The tumor classi-
fier generated a score of 87.45% for training
and 85.71% for the validation set. In ROC analy-
sis, we measured AUC as performance charac-
teristic of the generated model e.g. 69.5% [95%
Cl, 60.33% to 78.67%] and 55% [95% ClI,

1434

set, respectively. The behavior of the classifier
model was demonstrated in Figure 5A as inter-
preting sensitivity and the specificity of the
model optimized to have maximum accuracy.

To investigate the effect of information extract-

ed from LNs, we considered the textural fea-
tures of LN tissue in addition to features of

Am J Cancer Res 2019;9(7):1429-1438
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Table 2. List of selected features using least absolute shrinkage and selection operator method

Tissue Type Feature Family  Feature Name Coefficients
Tumor WT Variance of horizontal detail wavelet representation image 0.0107
GGRM Gray level non-uniformity of gradient image -0.7146
LN FOS Mean -0.4401
WT Variance of diagonal detail wavelet representation image 0.0143
WT Contrast of vertical detail wavelet representation image -0.5440

Table 3. Predictive performance of the radiomics signature

ous study, we used a faster region-

based convolutional neural network

Tissue Type  Dataset  Accuracy Sensitivity F-1 AUC

Tumor Training  78.68  99.02 87.45 69.58 (l\;?jt?r R'CNNf) totalna'yze 28'Ofo
Validation ~ 76.27 9545 85.71 55.00 _Images or rectal cancer meta-

T LN Traini 86.03 99.02 9140 8946 static LN. The results revealed that

umor raining ’ ) ’ ’ Faster R-CNN is a feasible method
Validation 83.05 97.73 89.58 75.15

with ease of clinical application and

tumor tissue. The SVM classifier was trained
with five features (2 features of the tumor and 3
features of LN tissues). The classifier perfor-
mance resulted in 86.03% and 83.05% with an
average 7.07% increase in accuracy. As model
sensitivity for the training cohort was the same
for both models, we observed a 2.27% increase
for the patients in the validation cohort
(97.73%). Although we still observe a low speci-
ficity (47.06% for training and 40% for valida-
tion cohort), there was a remarkable increase
specificity by mean of LN features for patients
in both classes respectively. Besides, Fl-score
of this classifier model improved with LN char-
acteristics with a rate of 3.91% resulting
91.40% for training and 89.58% for the valida-
tion cohort. In ROC analysis, our RBF kernel-
based SVM classifier model showed a signifi-
cant improvement measuring as 89.16% [95%
Cl, 83.84% to 94.48%] of AUC for training
cohortand 75.15% [95% Cl, 66.61% to 83.69%)]
of AUC for the validation cohort. The character-
istic behavior of the classifier was drawn in
Figure 5B with respect to sensitivity and
specificity.

Discussion

Radiomics is an emerging field of translational
research aimed at finding correlations between
qualitative information extracted from medical
images and clinical data to support evidence-
based clinical decision-making systems improv-
ing diagnosis, prognosis, and prediction accu-
racy [11, 24, 31]. Innumerable quantitative fea-
tures can now be extracted from CT, MRI (mag-
netic resonance imaging), and/or PET (positron
emission tomography)-CT [32-34]. In our previ-
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improved accuracy and efficiency
compared with the traditional diagnosis meth-
od [35]. In this study, we focused on stage Il
and IV colon cancer patients as their therapeu-
tic strategies and outcomes are significantly
different. We developed and validated ra-
diomics signature based on CT images of the
primary tumor and metastatic LNs from stage
Il and IV colon cancer. Our results revealed
that a novel 5-features based radiomics signa-
ture should be selected from 286 features,
including two features from the primary tumor
and three features from metastatic LN images.
Furthermore, radiomics signature from extract-
ed quantitative features can successfully iden-
tify stage Ill from stage IV CC preoperatively.

Different from previous studies that discrimi-
nated stage I-ll from stage IV or stage I-Il from
stage llI-1V of CRC [19], we focused on advanced
colon cancer as our research objects were
mostly from China. Although CT is recommend-
ed by the NCCN guidelines as the preferred
imaging examination in the staging of CC in
clinical practice, the diagnostic sensitivity and
accuracy of CT for LN and peritoneal metasta-
sis are not satisfactory [7]. In this study, 18
patients were diagnosed as stage IV CC by
intraoperative exploration due to peritoneal
metastases. However, preoperative imaging da-
ta could not detect this situation in these
patients, so this demonstrated the insufficien-
cy of preoperative CT examinations. Therefore,
we investigated the predictive ability of ra-
diomics signature based on conventional CT
images for the preoperative staging. While
superior to previous studies solely focusing on
tumor scans [36], our study collected informa-

Am J Cancer Res 2019;9(7):1429-1438
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Figure 5. ROC curves in the training and validation cohort. A. For initial experiments, an SVM classifier was gener-
ated using only tumor texture which resulted in 78.68% and 76.27% for training and validation cohort. B. Classifier
model utilizing features combined tumor and lymph node with an accuracy of 86.03% and 83.05% for training and

validation cohort, respectively.

tion from tumor and LN images due to the cru-
cial impact of LN on CC stage identification.
Determination of LN metastasis on CT images
is usually difficult and complicated [37, 38]. To
ensure the LN segmentation accuracy, we col-
lected the target LNs in our operation that have
been marked in preoperative CT and were veri-
fied by postoperative pathological diagnosis.
Our study shows that the sensitivity and accu-
racy of the radiomics signature for combined
tumor and LNs were greatly higher than tumor
alone, which make combining features of tumor
and LN plausible for CC staging.

Radiomics analysis aims to generate a high
dimensional characteristic model for the quan-
titative representation of medical images to
identify distinctive aspects of the biological
structures for various purposes such as diagno-
sis and prognosis. The selection of the features
by their significant association was required to
reduce the complexity of the constructed model
and improve the generalization performance of
artificial decision models. Despite the exis-
tence of various techniques for this procedure,
the challenge still remains in the selection of
optimal approach and parameter sets. In this
study, 286 candidate radiomics features were
reduced to 5 potential predictors utilizing the
LASSO method, which is appropriate for analyz-
ing high dimensional features with a relatively
small sample size as avoiding overfitting. Due
to the remarkable clinical similarity between
stage Il and IV, we observed structurally non-

1436

separable data using linear classifier models.
Therefore, we preferred to build an RBF kernel-
based SVM classifier model to distinguish
patients by their disease stages instead of
building a radiomics signature using features
identified with LASSO. The performance of the
cross-validated classifier model was evaluated
using patients in the validation cohort. A total
of 5 features extracted from conventional CT of
tumor and LN tissues were clustered in the
training cohort according to their disease sever-
ity with 86.03% accuracy while 83.05% was
observed in the validation cohort. Besides, we
also showed that including the textural informa-
tion from LN tissues improved the classification
accuracy in both training (7.35%) and validation
(6.78%) cohorts compared with the tumor only
feature classifier model. In ROC analysis, the
SVM classifier model showed a significant
improvement for training (AUC 89.16% vs.
69.58%) and validation (AUC 75.15% vs. 55%)
cohorts in comparison of the combined and the
tumor alone.

Limitations of our study include several as-
pects. Firstly, it was a retrospective study that
included only a relatively small sample for
machine learning. A larger amount of data will
improve the confidence and performance of
our model. Secondly, all data in this study were
derived from the same institution, and our find-
ings lacked multi-center validation. Finally, our
study lacked postoperative follow-up data, so
we cannotfind a relationship between radiomics

Am J Cancer Res 2019;9(7):1429-1438
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signature and survival outcomes. In the future,
we will attempt to investigate the performance
of adding those factors into our study.

In conclusion, we constructed radiomic signa-
tures based on conventional CT images and
successfully identified stage Ill from stage IV
CC preoperatively. In addition, the radiomic fea-
tures from the combined images achieved bet-
ter classification performance than the tumor
alone. The precise staging was achieved by
extracting and analyzing the tumor and LN
imaging features before treatment which is
essential for the planning of the individual ther-
apeutic strategy.
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