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ARTICLE INFO ABSTRACT

Purpose: To explore the feasibility and performance of machine learning-based radiomics classifier to predict the
cell proliferation(Ki-67)in non-small cell lung cancer (NSCLC).
Ki-67 Methods: 245 histopathological confirmed NSCLC patients who underwent CT scans were retrospectively in-
CT L cluded. The Ki-67 proliferation index (Ki-67 PI) were measured within 2 weeks after CT scans. A lesion volume of
;chl}(:;;léclseammg interest (VOI) was manually delineated and radiomics features were extracted by MaZda software from CT
images. A random forest feature selection algorithm (RFFS) was used to reduce features. Six kinds of machine
learning methods were used to establish radiomics classifiers, subjective imaging feature classifiers and com-
bined classifiers, respectively. The performance of these classifiers was evaluated by the receiver operating
characteristic curve (ROC) and compared with Delong test.
Results: 103 radiomics features were extracted and 20 optimal features were selected using RFFS. Among the
radiomics classifiers established by six machine learning methods, random forest-based radiomics classifier
achieved the best performance (AUC = 0.776) in predicting the Ki-67 expression level with sensitivity and
specificity of 0.726 and 0.661, which was better than that of subjective imaging classifiers (AUC = 0.625,
P < 0.05). However, the combined classifiers did not improve the predictive performance (AUC = 0.780,
P > 0.05), with sensitivity and specificity of 0.752 and 0.633.
Conclusions: The machine learning-based CT radiomics classifier in NSCLC can facilitate the prediction of the

Keywords:
Non-small cell lung cancer (NSCLC)

expression level of Ki-67 and provide a novel non-invasive strategy for assessing the cell proliferation.

1. Introduction

Lung cancer is the leading cause of cancer-related deaths worldwide
[1,2]. Currently, more and more treatment methods can be used for
treatment of lung cancer. However, many patients, even patients with
resectable lung cancer, still have a poor prognosis [3]. One of the
reasons may be that cancers are spatially and temporally heterogeneous
[4]. Therefore, there is an urgent need for more convenient and ap-
propriate bio-markers to dynamically monitor the characteristics of
tumour biological behaviour.

Ki-67 nucleoprotein (also known as MKi-67) is a key marker that is
associated with cell proliferation and tumour heterogeneity. Its ex-
pression levels increase from G1 to mitosis and then decrease rapidly,
but does not exist in quiescent cells (GO phase).So, Ki-67 has been used
to distinguish growing and non-growing cells [5-7]. In a cohort study of
109 NSCLC patients, the median disease-free survival (DFS) decreased
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as the expression of Ki-67 increased [8]. Therefore, predicting the Ki-67
expression level accurately is important for monitoring tumour ag-
gressiveness.

However, the Ki-67 expression level can only be determined by
post-operative specimens and the accuracy of pre-operative fine-needle
aspiration biopsy to determine Ki-67 proliferation index (Ki-67 PI) ex-
pression levels is still challenging in clinical practice. What’s more,
those methods are not only invasive, but also may cause bleeding,
pneumothorax and increase the possibility of tumour metastasis [9]. In
theory, the histopathological changes caused by expression of genes
and cytokines can be directly or indirectly reflected by imaging tech-
niques. Radiomics features can be used to quantify image pixels and the
grey-scale spatial distribution, which reflect the corresponding mole-
cular pathological changes at the micro level [10,11].

Several previous studies have found that MRI texture features could
be used to predict the Ki-67 expression level in thyroid cancer [12],
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breast cancer [13], liver cancer [14], and glioma [15]. Zhou Bodong
et al. [16] found that twelve contrast CT radiomic features were sig-
nificantly associated with tumor Ki-67 status in patients with lung
cancer. However, they did not build a predictive model, besides non-
enhanced CT scan is the most commonly used for lung cancer patients.
Therefore, the feasibility and value of machine learning-based non-
enhanced CT radiomics strategy for predicting the Ki-67 expression
level in NSCLC have not been validated. The goal of this study is to
develop machine learning-based non-enhanced CT radiomics classifiers
to noninvasively predict the expression level of Ki-67 in NSCLC and to
evaluate the increment compared with the subjective imaging features
classifiers.

2. Materials and methods
2.1. Patients

NSCLC patients treated at our institute from January 2014 to March
2018 were retrospectively enrolled in this study under institutional
ethics committee approval, and informed consent was waived. The in-
clusion criteria were as follows: (1) patients with disease confirmed by
histopathological examination who had Ki-67 proliferation index (Ki-67
PI) expression levels measured; (2) those who underwent lung three-
dimensional CT examination within two weeks before histopathological
examination at our institute; and (3)those who did not receive anti-
tumour therapy (radiation therapy, chemotherapy or other treatment,
etc.) before CT examination. The exclusion criteria were as follows: (1)
patients with other concurrent primary malignant tumours and (2)
those with CT images with an unclear lung mass tha did not meet the
requirements for image post-processing.

A total of 245 patients were included in the study including 176
males and 69 females aged 31-85 years (mean age, 59 years). Of the
245 patients, 149 had adenocarcinoma, and 96 had squamous cell
carcinoma.

2.2. CT image acquisition

All patients were scanned using 5 mm CT slice thickness. Of the 245
patients scanned, 153 were scanned with a Brilliance 64 scanner
(Philips Brilliance 64; Philips Healthcare, Best, the Netherlands), 55
were scanned with a GE revolution 256 scanner, (GE revolution 256; GE
Healthcare, Wis, the Milwaukee) and 37 were scanned with a Somatom
Emotion 6 scanner (Somatom Emotion 6; Siemens AG, Erlangen, the
Germany), with tube voltages of 120-140kV and tube currents of
200-210 mA, a pitch of 5mm and a FOV of 350 X 350 mm. The patient
was placed in a supine position with both hands on both sides of the
head and breath-hold scans were performed.The scan ranged from
above the apex of the lungs to below the level of the diaphragm.

2.3. Immunohistochemical analysis

All specimens were surgically resected tumours of were obtained
from needle biopsies (two or three reliable tumour tissue samples) to
ensure that the Ki-67 detection represented the entire tumour. A ready-
to-use immunohistochemistry EliVision Plus kit((Maixin, Fuzhou,
China) was used. The primary antibodies were a mouse anti-human Ki-
67 antigen immunohistochemistry monoclonal antibody. The antigen-
antibody reaction experiment was performed by referring to the kit
instructions. According to 50-fold microscopy, in each section, 1000
cells were randomly selected, and the positive cells were counted. The
cut-off point for high Ki-67 PI expression was considered when >50%
positive cells were observed [17,18]. Samples were classified into two
groups: high Ki-67 PI expression (Ki-67250%) and low Ki-67 PI ex-
pression (Ki-67 < 50%).
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2.4. Subjective imaging feature evaluation

According to the lung cancer related research literature [19-21],we
defined six clinically subjective imaging features including the lobula-
tion sign, spicule sign, cavitation, cystic necrosis, pleural indentation,
and pleural effusion to compare with radiomics features. (Two diag-
nostic radiologists with 3 and 9 years of experience reviewed the CT
images of each patient and identified positive and negative findings by
consensus; the entire process was performed without knowledge of the
patient's pathological results). A lobulation sign was one with at least
three relatively obvious undulations in the margin of the mass; Spicule
sign was defined as the presence of relatively sharp linear projections in
the interface between the mass and the lung parenchyma; Cavitation
was interpreted as the presence of one or more at least 5-mm round or
roundish forms of air attenuation in the lesion; Cystic necrosis was the
presence of water-like density in the lesion; Pleural indentation was
defined as the increased linear or curtain density between tumor and
pleura; Pleural effusion was a common clinical symptom characterized
by the accumulation of pathological fluid in the pleural cavity.

2.5. Tumour segmentation

Of the 245 patients scanned, 200 patients received contrast and
non-contrast CT scan, and 45 patients only received non-contrast CT
scan. The non-contrast CT scan images of all patients were exported in
DICOM format from the PACS system workstations and then imported
into the texture analysis software MaZda (version 4.7, The Technical
University of Lodz, Institute of Electronics, http://www.eletel.p.lodz.
pl/mazda/). To obtain the volume of interest (VOI) for further radiomic
analysis, first the tumour was found in 3D view mode, then, the tumour
of interest was drawn in 2D edit mode, and finally 3D tumour seg-
mentation was completed. (Two diagnostic radiologists with 3 and 9
years of experience finished this by consensus; the entire operation was
performed without knowledge of the patient's pathological results).

2.6. CT image feature extraction

MaZda software was used to analyse the manually drawn VOI. For
each VOI, before the texture feature extraction, grey-level normal-
ization was performed using the limitation of dynamics tou = 38 (u -
grey level mean, 8 - standard deviation) to minimize the influence of
contrast and brightness variation, as described previously in similar
investigations [22]. At last, 103 radiomics features were extracted. The
radiomics features extracted by MaZda include (1) greyscale histogram
features (mean, variance, skewness coefficient, kurtosis, and first, 10th,
50th, 90th, and 99th percentiles); (2) absolute gradients (gradient
mean, variance, skewness coefficient, kurtosis and non-null); (3) run-
length matrix (run-length inhomogeneity, grey inhomogeneity, long
run weight, short run weight and run-length image score); and (4) co-
occurrence matrix (entropy, contrast, autocorrelation, sum of squares,
mean and variance, entropy, variance, difference entropy and deficit
moment).

2.7. Feature selection and predictive classifier establishment

A feature selection algorithm based on random forest (RFFS)
methods was adopted. This algorithm adopts a random forest algorithm
as the basic tool using the classification accuracy as the criterion and
then adopts the 10-fold cross validation method and the sequential
backward selection method to select features. Each time, one feature
that was the least important (had the minimum importance score) was
removed from the feature set followed by successive iterations, and the
classification accuracy was calculated. Finally, a set of texture features
with the least number of variables and relatively high classification
accuracy were obtained as the optimal feature subset. All processes
were performed on the R 3.4.3 platform (R Foundation for Statistical
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Computing, Vienna, Austria URL https://www.R-project.org/).

Machine learning has became the mainstream method of Radiomic
research. It could lead to a better discriminant power than classical
statistics when analyzing several tens of features [23-25].The R Caret
package (version 6.0-47) was used to establish the classifiers. This
package provided a comprehensive, good interface to access many
machine learning algorithms in R, which included "glm" (L2-LOG),
"MASS" (LDA), "caret" (CART), "kKNN" (KNN), "e1071" (SVM), and
"randomForest" (RF). We used 10-fold cross-validation and repeated the
method 50 times to evaluate the classifier and then used the average
area under the receiver operating characteristic (ROC) curve (AUC) to
represent and compare classifiers. We studied three types of classifiers,
including radiomics classifiers, subjective imaging feature classifiers
and combined classifiers. Among them, the radiomics classifier only
contained 20 radiomics features. The subjective imaging features clas-
sifier contained six clinically subjective imaging features, and the
combined classifier was a predictive model that integrated six clinically
subjective imaging features and 20 radiomics features. In addition, each
type of classifier used six kinds of machine learning methods including
two-category logistic regression (L2-LOG), linear discriminant analysis
(LDA), classification tree and regression tree (CART), K-neighbour
clustering (KNN), radial support vector machine (SVM), and random
forest (RF). This combination included simple linear mixing (LDA, L2-
LOG), nonlinear (CART, KNN) and complex nonlinear methods (SVM,
RF). We re-set random numbers before running to ensure that each
algorithm's evaluation was run using the same data splitting conditions,
which ensures that all the results were comparable (Fig. 1).

2.8. Statistical analysis

SPSS 20.0 (IBM, Armonk, NY, USA) statistical analysis software was
used to perform the 2 test or t-test for the basic clinical data of pa-
tients. The difference was statistically significant at P < 0.05. A re-
ceiver operating characteristic curve (ROC) was used to evaluate the
diagnostic performance of different classifiers.

3. Results
3.1. Differences in Ki-67 based on sex, age, and pathology

According to the expression level of the Ki-67 PI, patients were di-
vided into two groups; 117 patients had high Ki-67 PI expression, and
128 patients had low Ki-67 PI expression. Univariate analysis of gender,
age, pathological type and the expression level of Ki-67 PI revealed that
gender, age, and pathological type were significantly different between
the high and low Ki-67 PI expression groups. The differences were
statistically significant (all P values were < 0.05). It seems that high Ki-
67 PI expression was more common in men, older patients and

(a) CT images (b) Tumor Segmentation

(c) Feature extraction
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Table 1
Basic clinical data of the two groups of patients with non-small cell lung cancer.

Clinical characters High Ki-67 PI

expression group

Low Ki-67 PI P
expression group

Total (patients) 117 128

Age 60 (48-85) 57 (31-79) 0.007
Gender 0.000
Male 93 (79%) 83 (65%)

Female 24 (21%) 45 (35%)

Histopathological type 0.000
Adenocarcinoma 47 (40%) 102 (80%)

Squamous cell carcinoma 70 (60%) 26 (20%)

O Internal measurement data indicate percentage, count data indicate range.Ki-
67 PI: Ki-67 proliferation index.

squamous cell carcinoma patients (see Table 1).

3.2. Selection of texture features

At last, 103 radiomics features were extracted from MaZda software.
A wrapper-based feature selection method (RFFS) was performed to
reduce radiomics features. In total, 20 radiomics features were selected
as the optimal radiomics feature subset based on the relationship be-
tween the classification accuracy and the number of features for the
radiomics classifier (see Fig. 2). These features include 5 histogram
features, 10 co-occurrence matrix features, and 5 run-length matrix
features.

3.3. Establishment of predictive classifiers and comparison

We first explored whether the image features could distinguish be-
tween the high Ki-67 PI expression group and the low Ki-67 PI ex-
pression group. The results showed that each feature of the 20 texture
features could discriminate the two groups with an average AUC ran-
ging from 0.52 to 0.67, and the feature with the best performance was
Vertl-GLevNonU (with an AUC of 0.67, 95% confidence interval
0.6070.74). Each subjective imaging feature could be used to dis-
criminate the two groups with an average AUC ranging from 0.51 to
0.57, and the feature with the best performance was liquefaction ne-
crosis (with an AUC of 0.57, 95% confidence interval 0.5070.65)
(Table 2). The high Ki-67 PI expression group was more inclined to
have liquefaction necrosis than the low Ki-67 PI group (Fig. 3)
(Table 2).

Then, we used each set of features to build multivariate predictive
classifier, including the subjective imaging feature classifier (6 sub-
jective imaging features), radiomics classifier (20 texture features), and
combined prediction classifier (26 features). Each classifier used 6 kinds
of machine learning methods. The results showed the RF method

(d) Predictive models

Histogram

_Used by algorithm

Results in l

Models

Fig. 1. Workflow of radiomics analysis to predict the Ki-67 expression level in patients with NSCLC. Acquiring CT images and experienced radiologists delineate the
volume of interest (VOI) (a,b). Radiomics features are extracted from the VOI on non-enhanced CT images (c). A random forest feature selection algorithm (RFFS)
was used to reduce features And six kinds of machine learning methods were used to establish predictive classifiers (d).
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Fig. 2. Relationship between classification accuracy and feature number. The
dotted lines represent the number of features when the model had the best
predictive ability.

Table 2
Comparison of subjective imaging features in high Ki-67 PI expression group
and low Ki-67 PI expression group.

Subjective imaging High Ki-67 PI Low Ki-67 PI AUC
features expression expression

lobulation sign 0.543
yes 96 94

no 21 34

spicule sign 0.540
yes 39 53

no 78 75

cavitation 0.524
yes 12 7

no 105 121

cystic necrosis 0.573
yes 18 1

no 99 127

pleural indentation 0.538
yes 24 36

no 93 92

pleural effusion 0.513
yes 7 11

no 110 117

gender 0.573
male 93 83

female 24 45

age 60 57 0.596

Note: AUC: area under curve; Ki-67 PI: Ki-67 proliferation index.

among machine learning methods achieved the best result, The highest
average AUC for the subjective imaging feature classifier, radiomics
classifier, and combined prediction classifier was 0.625, 0.776, and
0.782, respectively. The sensitivity was 0.780, 0.776, 0.752 and the
specificity was 0.417, 0.661, 0.633, respectively. The radiomics clas-
sifier and the combined prediction classifier showed significantly better
performance than the subjective imaging feature classifier (AUC: 0.776
vs. 0.625; 0.782 vs. 0.625; P < 0.05). However, compared with the
radiomics classifier, even with the addition of the subjective imaging
features, the performance of the combined prediction classifier did not
improve (Fig. 4).

3.4. Stratified analysis for radiomics signature by gender and tumour
histopathological type

Furthermore, stratified analysis showed that the radiomics classifier
was still an independent predictor for determining Ki-67 PI expression
levels even after adjusting for gender and tumour histopathological
type. The average AUC was 0.80 for males, 0.72 for females, 0.79 for
adenocarcinoma, and 0.76 for squamous cell carcinoma. These analyses
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showed that the radiomics classifier exhibited good performance for
predicting Ki-67 PI expression even in NSCLC patients in the subgroups,
especially in male adenocarcinoma patients.

4. Discussion

In this study, a machine learning-based CT radiomics classifier was
built as a noninvasive predictor of Ki-67 PI expression levels in patients
with NSCLC. Furthermore, in the subgroup stratified by gender, the
radiomics classifier was also shown to be a useful satisfactory predictor.
To our knowledge, this is the first study to establish a radiomics clas-
sifier using CT images to predict Ki-67 PI expression levels. The analysis
revealed that the radiomics classifier could classify a patient’s Ki-67 PI
status with good performance.

Our results showed that high Ki-67 PI expression was more common
in men, older patients, and squamous cell carcinoma patients. Previous
studies have found that the women with adenocarcinoma who were
receiving chemotherapy or surgical treatment had a better prognosis
than men with squamous cell carcinoma [26,27]. The abovementioned
findings indirectly confirmed that the Ki-67 PI plays an important role
in predicting the prognosis of NSCLC.

The study found that the radiomics classifier can predict Ki-67 PI
expression levels in patients with NSCLC, with an AUC of 0.77.
Radiomics is a rapidly growing field that enables high-throughput au-
tomated analysis of quantitative image data. There are several radio-
mics studies where Ki-67 PI prediction was evaluated. Meyer et al [12]
explored the correlations between MRI radiomics features and Ki-67 PI
expression in thyroid cancer. Liang C et al [13] found that a T2W
image-based radiomics classifier was a significant predictor of Ki-67 PI
status in patients with breast cancer. Compared to these studies, our
study used CT images, which is more commonly used in clinical prac-
tice. Ganeshan et al [27] found that the texture features of NSCLC on CT
were significantly correlated with the expression of tumour glucose
transporter 1 (Glut-1) and tumour CD34, indicating that the CT radio-
mics features of the lesion reflected tumour angiogenesis and histo-
pathological changes, such as hypoxia. However, those markers in-
directly reflect tumour proliferation. In our study, machine learning-
aided radiomics approaches were applied to detect the Ki-67 PIL, which
can directly reflect tumour proliferation. As several previous studies
have confirmed, a variety of tumours with different expression levels of
Ki-67 proliferation index have significant differences in cell prolifera-
tion, cell differentiation, and composition of subcloning regions
[28-30]. Those differences are implied in clinical medical images, and
representative changes in image texture features, such as pixel value,
greyscale, and complexity, are beyond detectability by human eyes
[31]. Thus, we used CT image texture features to build a radiomics
model for predicting the Ki-67 PI in NSCLC patients and obtained good
results. Our primary experiments have proved the feasibility of pre-
dicting tumour immunohistochemical markers based on conventional
CT images of patients with NSCLC and elucidated further information
about tumour proliferation and relevant biological behaviour.

In comparison, the performance of the radiomics classifier was
better than that of the subjective image feature classifier for predicting
Ki-67 PI expression levels. In addition, the average AUC of the best
single texture feature (GLevNonU) was higher than that of the best
single subjective image feature (liquefaction necrosis); the AUC was
0.67 vs. 0.57, respectively. GLevNonU (grey-level non-uniformity) is a
measure of the homogeneity of the pixel grey level distribution of the
underlying tissue, where higher values represent more inhomogeneity
within the grey levels of the run-length matrix [32]. Hence, the su-
periority of GLevNonU in differentiating Ki-67 PI expression level
shows that high cell proliferation might be associated with a more
heterogeneous tissue texture. Regarding liquefaction necrosis, it is
thought to be caused by chronic ischaemia within tumours and by rapid
tumour cell growth overtaking the rate of neovascularization in a given
area [33]. Hence, the high Ki-67 PI expression group was more prone to
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Fig. 3. A 49-year-old male patient with low Ki-67 expression (A,B); A 55-year-old male patient with high Ki-67 expression (C,D). Tumours with high Ki-67 expression
were more inclined to have liquefaction necrosis than those with low Ki-67 expression (arrow).’.

Different prediction models for Ki-67 expression level in patients with NSCLC  Fig. 4. Different prediction models for Ki-67 expression levels
in patients with NSCLC. Six kinds of machine learning

[subjective models Radiomics models Combined models methods including L2-LOG:two-category logistic regression

1.2- (L2-LOG)L2-Logistic Regression, support Vector Machine
g (SVM), classification tree and regression tree (CART), linear
= 1.04 discriminant analysis (LDA), random forest (RF) and K-
> | E neighbour clustering (KNN) were used to develop subjective
2 08 E m E m E models, radiomics models and combined models.

5 0.6- E E E S E E
8 o4y
<

0.2

L2-LOG SVM CART LDA RF KNN

have liquefaction necrosis. Traditionally, subjective image features are into strong classifiers. Therefore, a set of decision trees can produce
identified when medical images are treated as pictures intended solely good classification results based on even weak feature sets. We found
for visual interpretation; these features may suffer from large intra and that some other method comparison studies [24,37] have also showed
inter-observer variability and may not capture sufficient information, that the RF method outperformed other classifiers. Our results are
while advanced radiomic features can capture more information. consistent with these findings.
Radiomics data contain multiple-order statistics and can be combined At last, this study used manual segmentation, It is often regarded as
with other patient data and be mined with sophisticated bioinformatics a gold standard. However, it maybe suffered from significant inter-
tools to develop models that may potentially improve diagnostic and reader bias and time-consuming. In our study, we finished the seg-
predictive accuracy [31]. Therefore, our study found that the radiomics mentation by two radiologists’ negotiation. According to the size of the
classifier was more predictive than the subjective image feature clas- tumour, the time spent on each patient was about 1-3 min throughout
sifier for predicting Ki-67 PI expression levels. There are many studies the whole process. Automatic segmentation is fast, but the accuracy and
that have also shown the same results [34-36]. reproducibility should be considered and need further study.

In addition, in the different types of machine learning classifiers Our study has several limitations. First, the sample size is small, and
established in this study, different classifiers showed different pre- the results need to be confirmed with large sample studies. The clas-
dictive performances, and the average AUC ranged from 0.65 to 0.83, sifier built in this study was validated with internal data but not tested
indicating that the choice of the classifier model type had a great in- with external test data. So, in the future, multi-center and large sample
fluence on the results. Among them, the random forest classifier was studies are encouraged. Second, in this study, squamous cell carcinoma
superior to other types of classifiers in terms of AUC, specificity and and adenocarcinoma types of NSCLC were studied, but no rare patho-
sensitivity. From the perspective of methodology, RF is a set of decision logical types were included. Finally, the samples were obtained with
trees. The mechanisms of decision trees can be compensated using different types of equipment. Although the images are processed uni-
different features, and multiple weak tree classifiers can be combined formly, the equipment type may still have a certain degree of influence
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on the results.

In conclusion, this study shows that the machine learning-based CT

radiomics classifier in NSCLC can facilitate the prediction of the ex-
pression level of Ki-67 and provide a novel non-invasive strategy for
assessing the cell proliferation
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