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ARTICLE INFORMATION AIM: To assess the prognostic value of 2-['®F]-fluoro-2-deoxy-p-glucose (FDG) positron-
emission tomography (PET)-based radiomics using a machine learning approach in patients

Article history: with non-small cell lung cancer (NSCLC).

Received 24 October 2018 MATERIALS AND METHODS: Ninety-three patients with stage I-III NSCLC who underwent

Accepted 12 February 2019 combined PET/computed tomography (CT) followed by curative resection. A total of 35 unique

quantitative radiomic features was extracted from the PET images, which included imaging
phenotypes such as pixel intensity, shape, and texture. Radiomic features were ranked based
on score according to their correlation with disease recurrence status within a 3-year follow-
up. The recurrence risk classification performances of machine learning algorithms (random
forest, neural network, naive Bayes, logistic regression, and support vector machine) using the
20 best-ranked features were compared using the areas under the receiver operating char-
acteristic curve (AUC) and validated by the random sampling method.

RESULTS: Contrast and busyness texture features from neighbourhood grey-level difference
matrix were found to be the two best predictors of disease recurrence. The random forest
model obtained the best performance (AUC: 0.956, accuracy: 0.901, F1 score: 0.872, precision:
0.905, recall: 0.842), followed by the neural network model (AUC: 0.871, accuracy: 0.780, F1
score: 0.708, precision: 0.755, recall: 0.666).

CONCLUSION: A PET-based radiomic model was developed and validated for risk classifi-
cation in NSCLC. The machine learning approach with random forest classifier exhibited good
performance in predicting the recurrence risk. Radiomic features may help clinicians to
improve the risk stratification for clinical practice.
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than half of patients with NSCLC suffer from local or distant
recurrence even after curative resection. The most impor-
tant prognostic tool in NSCLC is the tumour—node—meta-
stasis (TNM) stage at presentation, which also guides
treatment decisions. Nevertheless, TNM stage cannot
explain the wide variation of treatment responses and
overall outcomes within each stage group. Therefore,
prognostic biomarkers beyond the TNM staging system
should be identified to stratify high-risk patients and
develop risk-adapted treatment strategies.

High-throughput radiomic analysis has recently
emerged as a powerful approach to identify imaging bio-
markers in cancer, which refers to various mathematical
methods extracting a large number of quantitative features
describing imaging phenotypes such as pixel intensity,
shape, and texture.' Radiomics can be applied to standard
clinical imaging using a post-processing technique, thereby
maximising the information derived from the routinely
available imaging data. Several positron-emission tomog-
raphy (PET)-based radiomic features, such as texture fea-
tures, were previously shown as better imaging biomarkers
than conventional imaging metrics in lung, oesophageal,
and pancreatic cancers.” *

In the present study, the prognostic value of PET-based
radiomic features was investigated using a machine
learning approach in patients with stage I-IIIl NSCLC who
underwent curative resection.

Materials and methods
Study population

A cohort of 93 patients newly diagnosed with stage I—III
NSCLC who underwent pretreatment 2-['8F]-fluoro-2-
deoxy-p-glucose (FDG) PET with computed tomography
(CT) followed by curative resection at Gachon University Gil
Medical Center from January 2007 to December 2012 were
reviewed. Patients who received neoadjuvant chemo-
therapy or radiotherapy were excluded. Adjuvant chemo-
therapy was administered in 50 patients (53.8%), and two of
them received adjuvant radiotherapy.

Demographic and clinical characteristics and survival
data were obtained from the medical records. The institu-
tional review board approved this retrospective study, and
the requirement of written informed consent was waived.

PET/CT imaging

All patients fasted for at least 6 hours before the PET/CT
study. Blood glucose levels were required to be <150 mg/dl.
Whole-body PET and unenhanced CT images were acquired
using a PET/CT scanner (Biograph 6, Siemens Medical Solu-
tions, Germany). After CT without contrast enhancement, an
emission scan from the thigh to the basal skull was per-
formed for 2 minutes per frame in the three-dimensional
mode, 60 min after intravenous injection of FDG (370—555
MBq). PET images were reconstructed using CT for attenu-
ation correction with the ordered subsets expectation
maximisation algorithm (21 subsets, two iterations) with a

voxel size of 4x4x2 mm. Standardised uptake value (SUV)
was normalised based on the patient body weight.

Radiomic feature extraction

All combined PET/CT images were reviewed for tumour
segmentation by a nuclear medicine physician with >10
years of experience who was blinded to the clinical infor-
mation. The gradient-based segmentation method (PET
edge) in MIM version 6.4 (MIM Software, Cleveland, OH,
USA) was used for tumour delineation. A total of 35 unique
quantitative radiomic feature was extracted from PET im-
ages using Chang-Gung Image Texture Analysis toolbox
(CGITA, http://code.google.com/p/cigita), an open-source
software package implemented in MATLAB (version 2012a;
MathWorks, Natick, MA, USA).5 Radiomic features included
first-order textural features based on SUV histogram statis-
tics (maximum, mean, standard deviation, skewness, kur-
tosis, and entropy), shape features (metabolic tumour
volume [MTV], total lesion glycolysis [TLG]), higher-order
textural features (grey-level run length matrix,

Table 1
List of 35 quantitative positron-emission tomography (PET)-based radiomic
features.

Matrix Index

Voxel statistics Maximum SUV
Mean SUV
SUV SD

SUV Skewness
SUV Kurtosis
Entropy

MTV

TLG

Short run emphasis

Long run emphasis

Intensity variability

Run-length variability

Run percentage

Low-intensity run emphasis
High-intensity run emphasis
Low-intensity short-run emphasis
High-intensity short-run emphasis
Low-intensity long-run emphasis
High-intensity long-run emphasis

Grey-level run length matrix

Neighbourhood grey-level Coarseness
difference matrix Contrast
Busyness

Complexity
Strength

Grey-level size zone matrix Short-zone emphasis

Large-zone emphasis

Intensity variability

Size-zone variability

Zone percentage

Low-intensity zone emphasis
High-intensity zone emphasis
Low-intensity short-zone emphasis
High-intensity short-zone emphasis
Low-intensity large-zone emphasis
High-intensity large-zone emphasis

TLG, total lesion glycolysis; MTV, metabolic tumour volume; SUV, stand-
ardised uptake value; SD, standard deviation.
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Table 2
Clinical characteristics of 93 patients with non-small cell lung cancer.
Characteristic Value
Age 63.4+10.8
Sex
Women 38 (40.9%)
Men 55 (59.1%)
TNM stage
[ 45 (48.4%)
11 27 (29%)
11 21 (22.6%)
Histology
Non-adenocarcinoma 35 (37.6%)
Adenocarcinoma 58 (62.4%)
Adjuvant chemotherapy
No 43 (46.2%)
Yes 50 (53.8%)
Maximum SUV 8.4+4.7
Mean SUV 4+2.1
MTV 43.6+68.2
TLG 198.1+306.9

Data are number of patients (proportion) or mean values + standard
deviation.

SUV, standardised uptake value; SD, standard deviation; TLG, total lesion
glycolysis; MTV, metabolic tumour volume.

neighbourhood grey-level difference matrix, and grey-level
size zone matrix). Table 1 lists details of the radiomic fea-
tures and extraction method described in a previous report.”

Statistical analysis and machine learning methods

The primary end-point was disease recurrence status.
Disease-free survival (DFS) was measured from the date of
surgery to either the date of radiologically documented
recurrence or death from lung cancer.

A feature reduction procedure is necessary to select a
subset of useful features that increase the prediction accu-
racy. Information gain ratio,® Gini index,” and chi-square
statistics were used as ranking and filter-based feature se-
lection methods to reduce the radiomic feature dimensions.
Radiomic features were ranked based on the score accord-
ing to their correlation with disease recurrence status
within 3-year follow-up. A total of 20 best-ranked features
were selected based on the overall ranks across the three
scoring methods for the machine learning approach.

Five different machine learning algorithms for binary risk
classification were compared, including random forest,

Table 3
Feature ranking of positron-emission tomography (PET)-based radiomics.

Overall rank Radiomic feature Gain ratio Gini %2

Rank Value Rank Value Rank Value
1 Contrast 1 0.068 1 0.084 1 26.17
2 Busyness 2 0.065 2 0.082 2 25.72
3 Large-zone emphasis 9 0.052 5 0.068 3 23.34
4 High-intensity short-zone emphasis 3 0.056 3 0.072 12 17.13
5 TLG 5 0.053 4 0.069 10 20.01
6 Complexity 4 0.055 7 0.067 11 17.43
7 Size-zone variability 7 0.053 8 0.066 9 20.07
8 Intensity variability® 10 0.051 11 0.064 4 21.71
9 Intensity variability” 8 0.053 9 0.066 8 20.21
10 Run-length variability 11 0.051 12 0.063 6 21.14
11 High-intensity short-run emphasis 6 0.053 6 0.067 19 15.25
12 Coarseness 12 0.050 14 0.062 5 21.19
13 High-intensity large-zone emphasis 15 0.048 13 0.062 7 20.57
14 Short-zone emphasis 13 0.050 15 0.061 18 15.81
15 SUV Kurtosis 16 0.046 16 0.059 17 16.03
16 High-intensity run emphasis 14 0.050 10 0.065 28 6.30
17 Strength 19 0.042 18 0.054 15 16.46
18 Long-run emphasis 20 0.041 20 0.051 13 17.05
19 Short-run emphasis 21 0.040 21 0.050 16 16.46
20 MTV 22 0.038 22 0.050 14 16.54
21 Mean SUV 18 0.044 19 0.053 23 9.17
22 SUV SD 17 0.045 17 0.055 31 5.09
23 High-intensity zone emphasis 23 0.036 23 0.048 20 11.80
24 Zone percentage 25 0.029 26 0.038 21 11.52
25 Low-intensity zone emphasis 26 0.029 25 0.039 24 9.06
26 Low-intensity run emphasis 27 0.023 27 0.030 22 9.71
27 Maximum SUV 24 0.034 24 0.042 30 5.88
28 Low-intensity short-run emphasis 29 0.020 29 0.026 25 7.94
29 Low-intensity short-zone emphasis 28 0.021 28 0.027 27 7.70
30 High-intensity long-run emphasis 30 0.018 30 0.023 26 7.93
31 Low-intensity long-run emphasis 31 0.015 31 0.020 29 6.18
32 Run percentage 32 0.011 32 0.014 32 3.57
33 Entropy 33 0.009 33 0.012 34 0.30
34 SUV Skewness 34 0.006 34 0.008 33 0.44
35 Low-intensity large-zone emphasis 35 0.003 35 0.004 35 0.28

SUV, standardised uptake value; SD, standard deviation; TLG, total lesion glycolysis; MTV, metabolic tumour volume.

2 Intensity variability from grey-level size zone matrix.
b Intensity variability from grey-level run length matrix.
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Table 4

Classification performances of positron-emission tomography (PET)-based
radiomics by ROC curve analyses for recurrence status within 3-year follow-
up in patients with non-small cell lung cancer (n=93).

Method AUC  Accuracy F1 Precision Recall
Random forest 0.956 0.901 0.872 0.905 0.842
Neural network 0.871 0.780 0.708 0.755 0.666
Naive Bayes 0.765 0.715 0.683 0.615 0.768
Logistic regression 0.663 0.655 0.507 0.591 0.443

Support vector machine 0.592 0.539 0.542 0.450 0.683

ROC, receiver operating characteristic; AUC, area under the ROC curve.
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Figure 1 Classification performances of PET-based radiomics by ROC
curve analyses for the recurrence status within 3-year follow-up in
patients with NSCLC (n=93).

neural network, naive Bayes, logistic regression, and support
vector machine. To compare their predictive performance
for disease recurrence between models, the receiver oper-
ating characteristic (ROC) curve analysis was used and the
areas under the ROC curve (AUC) were measured. The model
performance was validated using the random sampling
method, which randomly split data into the training and

Table 5

testing sets, and the whole procedure was repeated 100
times (training set size: 70%). The following performance
measures were computed: AUC, accuracy, F1 score, precision
(also called positive predictive value), and recall (also known
as sensitivity). The F1 score (also known as F-score or F-
measure) is the harmonic average of the precision and recall.

The prognostic association of the best-ranked radiomic
features was assessed using the Cox proportional hazards
regression model for additional validation. Categorical vari-
ables were dichotomised into two groups for statistical ana-
lyses. Tumours were histologically categorised as
adenocarcinoma and non-adenocarcinoma. Squamous cell
carcinomas were predominant among the non-
adenocarcinomas group. Kaplan—Meier curves were gener-
ated with an optimal cut-off derived from maximally selected
rank statistics and were compared using the log-rank test.®

The statistical analyses were performed using the R
software version 3.5.1 (R Foundation, Vienna, Austria). The
machine learning approach was performed using Orange
version 3.16 (Bioinformatics Lab at University of Ljubljana,
Slovenia), an open-source data mining and visualisation
package.” All tests were two-sided. Confidence intervals
(CIs) were reported at the 95% level, and p<0.05 was
considered statistically significant.

Results
Patient characteristics

The patient demographic and clinical characteristics are
summarised in Table 2. At the time of analysis, 36 (38.7%)
recurrences and 18 (19.4%) deaths occurred during a me-
dian of 45 months of follow-up. The median DFS of the
whole population was 61.3 months, and the 5-year DFS rate
was 50.7%.

Radiomic feature selection and ROC curve analysis

Radiomic features were ranked according to the scoring
methods (Table 3). Contrast and busyness texture features
from neighbourhood grey-level difference matrix (NGDM)
were found to be the two best predictors of disease

Univariate and multivariate Cox regression analysis of disease-free survival in patients with non-small cell lung cancer (n=93).

Variable Univariate analysis Multivariate analysis
HR 95% CI p-Value HR 95% CI p-Value
Age (1-year increase) 1.01 0.98—1.04 0.428 1.02 0.99—1.05 0.234
Sex, men versus 0.80 0.43-1.49 0.492 0.92 0.44—1.95 0.834
women
TNM stage III versus 2.61 1.38—4.93 0.003 213 1.09—-4.16 0.028
I-11
Histology, 1.49 0.77—-2.87 0.230 1.81 0.84-3.89 0.129
adenocarcinoma
versus non-
adenocarcinoma
PET radiomic feature 0.84 0.73—0.96 0.011 0.84 0.73—-0.97 0.020
(contrast, log,
scale)

HR, hazard ratio; CI, confidence interval.
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recurrence. The overall classification performances of five
machine learning methods were compared by AUC using
the 20 best-ranked radiomic features (Table 4, Fig 1). The
random forest model obtained the best performance (AUC:
0.956, accuracy: 0.901, F1 score: 0.872, precision: 0.905,
recall: 0.842), followed by neural network model (AUC:

100
® 80
Z
S 60+
Ko}
[e)
g
< 40
2
g P=0.004
» 20 —— Contrast = 0.001 (n = 64)
Contrast< 0.001 (n = 29)
0
I I I I I I I
0 10 20 30 40 50 60
Time (mo)
(a)
100
L 801
= P=0.129
3 60 ] ‘
Q
<)
Q
T 407 P=0.067
% TNM stage
3 4 =1 (n=45)
20
® — II(n=27)
I (n =21)
0 -
T T T T T T T
0 10 20 30 40 50 60
Time (mo)
(b)
TNM stage |-l subgroup
100
& 80
=
S 60+
0
[¢)
a8
© 40
2
% P=0.007
»n 20 —— Contrast= 0.001 (n = 54)
Contrast< 0.001 (n = 18)
0 -
I I I I I I I
0 10 20 30 40 50 60
Time (mo)
(c)

Figure 2 Kaplan—Meier survival curves of DFS according to contrast
(a), TNM stages (b), and contrast in TNM stages I-II subgroup (c) in
patients with NSCLC (n=93).

0.871, accuracy: 0.780, F1 score: 0.708, precision: 0.755,
recall: 0.666).

Survival analysis

As contrast texture feature from NGDM was considered
the best-ranked radiomics, contrast was selected for further
survival analysis. Contrast, age, sex, pathological TNM stage,
and tumour histology were entered into Cox regression
models. In univariate analyses, pathological TNM stage and
contrast were significant predictors of DFS (Table 5). After
adjusting for age, sex, pathological TNM stage, and tumour
histology, multivariate Cox analysis demonstrated that
contrast (HR, 0.84; 95% CI 0.73—0.97; p=0.020) was a sig-
nificant independent prognostic imaging biomarker
(Table 5).

Kaplan—Meier analysis of the entire cohort revealed
significantly worse survival in low-contrast tumours
(Fig 2a). Contrast as a PET imaging biomarker allowed a
better risk stratification in early stage (TNM stages I—II)
patients (Fig 2b and c). Representative cases are presented
in Fig 3.

Discussion

A PET-based radiomic model was developed and vali-
dated for risk classification in NSCLC. The random forest
classifier greatly predicted disease recurrence. Contrast and
busyness texture features from NGDM had better prog-
nostic value than conventional PET metrics such as MTV,
TLG, or SUV.

The measurement of tumour texture features using PET-
based radiomic analysis has been reported as a promising
tool for prognostication in NSCLC; however, currently, the
available data are limited.'®!" Several PET-based radiomics
measured by the first (entropy)-, second (dissimilarity)-,
and higher-order (coarseness, contrast, busyness) textural
features have been reported as independent predictors of
outcome in patients with NSCLC.>!*!® The present results
add to the accumulating evidence that contrast as a mea-
surement of tumour texture is associated with survival.
High contrast level from NGDM has been significantly
associated with better progression-free survival in NSCLC.
Compared with non-responders to chemoradiotherapy, re-
sponders showed higher contrast at baseline PET. A recent
study has shown the relationship between higher contrast
and improved DFS in NSCLC treated with stereotactic body
radiation therapy."”

Higher-order texture features from NGDM, such as
contrast and busyness, describe the local texture features
based on the differences between each voxel and the
neighbouring voxels (Table 6). Contrast correlates with the
difference between neighbouring regions of voxel in-
tensities. High contrast within an image indicates that voxel
intensity significantly differs between the neighbouring
voxels. Busyness relates to the change rate between
neighbourhood intensities weighted by the difference in
intensities. A busy texture is characterised by rapid in-
tensity changes in adjacent voxels.'* In the present study,
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Figure 3 Representative images of NSCLC using the PET texture analysis. Axial fused '®F-FDG PET/CT images show tumours with high contrast
low busyness (a,b) and low contrast high busyness (c,d) texture features. (a) A 73-year-old man with stage IB squamous cell carcinoma; DFS=69
months, contrast=0.0026, busyness=0.0518, maximum SUV=11.0, mean SUV=5.6. (b) A 69-year-old man with stage IB squamous cell carci-
noma; DFS=43 months, contrast=0.0019, busyness=0.0859, maximum SUV=10.3, mean SUV=4.8. (c) A 69-year-old man with stage IB large cell
carcinoma; DFS=6 months, contrast=0.0007, busyness=0.2005, maximum SUV=10.9, mean SUV=4.4. (d) A 63-year-old woman with stage II1A
adenocarcinoma; DFS=12 months, contrast=0.0001, busyness=0.4930, maximum SUV=6.8, mean SUV=3.3.

tumours with poor prognosis showed low contrast and high
busyness texture features.

The present results have significant clinical implications.
Combining information on PET-based radiomics and TNM
stage allowed more powerful outcome prediction in pa-
tients with NSCLC. Currently, a standardised imaging
method to quantify intratumoural heterogeneity is not
available. PET-based radiomic analysis allowed assessment
of the tumour texture features and intratumoural hetero-
geneity. This imaging biomarker can help improve risk
stratification and optimise patient selection for clinical tri-
als. Patients with high-risk radiomic features could benefit
from more aggressive treatment such as (neo)adjuvant
therapy with clinical-trial drugs. PET-based radiomic fea-
tures also enable appropriate postoperative surveillance
models for high-risk patients.

This study has several limitations. First, its retrospec-
tive nature and lack of external validation data inherently
limited the general applications of results. Although data
that support the clinical value of intratumoural hetero-
geneity measured using radiomic analysis were provided,
the present results need to be validated in a larger
external cohort. Second, several technical limitations exist
in the methods of PET-based radiomic analysis. Texture
feature calculations are affected by several factors,
including signal-to-noise ratio, volume of interest defi-
nition, partial volume effect, and reconstruction settings.

In the present study, commercially available PET edge
software using a gradient-based segmentation method
was used. Reproducibility and reliability of this method
have already been validated in previous studies.”>'® The
PET-based radiomic analysis in small tumours with <1 cm
as the largest diameter cannot be reliably performed
because of the small number of voxels included, the
partial volume effect, and the limited spatial resolution of
PET scanner. Unfortunately, the partial volume effect
correction was not performed because there was no

Table 6
Equations of contrast and busyness texture features derived from neigh-
bourhood grey-level difference matrix.

Feature Equation Definition

Measures the
difference
between
neighbouring
regions of voxel
intensities.
Measures the
change rate
between
neighbourhood
intensities
weighted by the
difference in
intensities.

Contrast

1 o o1&

p,~¢0,pj¢0

Busyness [ Gu Gh Gn
Soa| /555w
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widely accepted solution. It was assumed that the partial
volume effect only slightly influenced the results because
most patients (87%) had tumours with the largest diam-
eter of >2 cm. Finally, intratumoural heterogeneity is a
well-recognised feature of malignant tumours; however,
the relationship between intratumoural heterogeneity in
FDG uptake and its underlying biology remains to be
elucidated. Malignancy has a very complex biology, and
many components were involved in intratumoural het-
erogeneity, including tumour cell density distribution,
cellular proliferation, metabolism, hypoxia, vascularity,
necrosis, haemorrhage, and microenvironment.'” !9
Further studies integrating imaging phenotypes with
pathological components and genetic features are
required.

In conclusion, a PET-based radiomic model was
developed and validated for risk classification in NSCLC.
The machine learning approach with random forest
classifier exhibited good performance in predicting the
recurrence risk. Radiomic features may help clinicians to
improve the risk stratification for clinical practice.
Further prospective validation studies are required to
confirm the practical applicability of this potential im-
aging biomarker.
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