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ABSTRACT

Objectives: This study investigates the prediction of Non-small cell lung cancer
(NSCLC) patient survival outcomes based on radiomic texture and shape features
automatically extracted from tumor image data.

Materials and Methods: Retrospective analysis involves CT scans of 315 NSCLC
patients from The Cancer Imaging Archive (TCIA). A total of 24 image features are
computed from labeled tumor volumes of patients within groups defined using NSCLC
subtype and TNM staging information. Spearman’s rank correlation, Kaplan-Meier
estimation and log-rank tests were used to identify features related to long/short
NSCLC patient survival groups. Automatic random forest classification was used to
predict patient survival group from multivariate feature data. Significance is assessed
at P < 0.05 following Holm-Bonferroni correction for multiple comparisons.

Results: Significant correlations between radiomic features and survival were
observed for four clinical groups: (group, [absolute correlation range]): (large
cell carcinoma (LCC) [0.35, 0.43]), (tumor size T2, [0.31, 0.39]), (non lymph
node metastasis NO, [0.3, 0.33]), (TNM stage I, [0.39, 0.48]). Significant log-rank
relationships between features and survival time were observed for three clinical
groups: (group, hazard ratio): (LCC, 3.0), (LCC, 3.9), (T2, 2.5) and (stage I, 2.9).
Automatic survival prediction performance (i.e. below/above median) is superior for
combined radiomic features with age-TNM in comparison to standard TNM clinical
staging information (clinical group, mean area-under-the-ROC-curve (AUC)): (LCC,
75.73%), (NO, 70.33%), (T2, 70.28%) and (TNM-I, 76.17%).

Conclusion: Quantitative lung CT imaging features can be used as indicators of
survival, in particular for patients with large-cell-carcinoma (LCC), primary-tumor-
sizes (T2) and no lymph-node-metastasis (NO).

large cell carcinoma, adenocarcinoma or not otherwise
specified (NOS). Squamous cell carcinoma, which
accounts for 25% of all lung cancers, generally occurs in
the center of the lung and is often associated with smokers.
On the other hand, large cell carcinoma (LCC) is a rapid

INTRODUCTION

Lung cancer is the most frequently diagnosed type
of cancer and the leading cause of cancer-related deaths
worldwide [1]. It can be divided in two main categories:

non-small cell lung cancer (NSCLC) and small cell lung
cancer (SCLC). NSCLC is the most prevalent type of lung
cancer, accounting for approximately 85% of cases [2],
and can usually be labeled as squamous cell carcinoma,

growing tumor that can occur anywhere in the lung and
represents about 10% of NSCLC cases. Adenocarcinoma,
which accounts for half of NSCLC cases, is a slower-
growing type of lung cancer often seen peripherally
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in the lungs. Although more frequent in smokers,
adenocarcinoma is also the most common form of lung
cancer in non-smokers [3, 4]. Finally, NOS corresponds to
less frequent NLCSC subtypes or cases for which a more
specific diagnosis cannot be made.

The progression of lung cancer is typically described
using five stages (0 to IV), ranging from a tumor limited
to the lining layer of airways (Stage 0) to a cancer that
has spread to lymph nodes and major organs in the body
(Stage IV). The accurate staging of lung cancer is essential
to establish prognosis and select an optimal treatment
plan (e.g., surgery, chemotherapy and/or radiotherapy).
However, staging information is not necessarily predictive
of disease progression or response to treatment.

In recent years, image analysis techniques have
been used successfully to provide personalized prognosis
and treatment plans with a greater accuracy. In particular,
radiomics analysis methods, which describe a segmented
tumor region using various quantitative features derived
from image data, have shown a great potential for
predicting survival outcome of patients with lung cancer
[5-10], colorectal cancer [11, 12], or brain tumors [13-15].

Several studies have investigated the relationship
between image features and lung cancer. Ganeshan et al.
showed that texture features extracted from CT images of
lung tumors were correlated with glucose metabolism and
lung cancer stages [16]. Various texture features, including
those based on intensity histograms, absolute gradients,
nearest grey tone difference matrices (NGTDM), grey-
level co-occurrence matrices (GLCM), Laplacian of
Gaussian (LoG) filtration and wavelets, have also been
proposed to predict the survival group (e.g., below or
above median survival) of patients with NSCLC [17-20].
In Ganeshan et al [21], LoG features derived from CT
scans were shown to predict the survival time of NSCLC
patients more accurately than fluorodeoxyglucose (FDQG)
uptake in positron emission tomography (PET). Likewise,
shape features have also been used to assess NSCLC
prognosis. In Tixier et al [22], high tumor volume was
found to be associated with short survival time in a
population of NSCLC patients treated with surgery and
chemotherapy. Tumor compactness, asymmetry and
location have also been linked with the survival outcome
of NSCLC patients [17]. In Aerts et al [7], a large
number extracted features from CT data were shown to
have prognostic power in independent data sets of lung
and head-and-neck cancer. Shape and texture features
extracted from CT images were also used for the detection
of lung nodules and their characterization as benign or
malignant [23-27].

Currently, the application of imaging features for
the prediction of survival in NSCLC subtypes (i.c., large
cell carcinoma, squamous cell carcinoma and adeno-
carcinoma) and in individual TNM stages is still relatively
limited. Since the histological properties and proliferation
mechanisms of these subtypes and stages are quite

different, analyzing them individually could provide a
more accurate and personalized prognosis, thereby leading
to better therapeutic plans.

This study aims to investigate the usefulness of
diverse texture and shape features for predicting the
survival outcome of patients with specific NSCLC
subtypes and TNM stages. To our knowledge, this work is
the first radiomics-based study to analyze survival within
these specific patient groups, showing that the relevance
of these features varies significantly from a patient group
to another.

RESULTS

We start by describing the demographics of patients
used in our study. Afterwards, we summarize the results
of the univariate and multivariate analyses proposed
to evaluate the informativeness of radiomic features
in predicting NSCLC survival outcome. A detailed
description of the data and the proposed radiomic analyses
can be found in the Materials and methods section.

Patient characteristics

All 315 NSCLC patients were grouped based on
histology and TNM classification (Table 1). Among them,
277 (n = 96 censored) patients were grouped in four
histology classes with median (IQR) age of LCC = 65.20
(59.26-74.06), SCC =70.79 (64.01-78.71), ADC = 64.58
(59.79-74.45) and NOS = 65.79 (56.88-74.86); 312 (n =
107 censored) patients were grouped in four tumor size
with median (IQR) age of T1 = 68.43 (61.44-75.01), T2 =
69.78 (60.03-77.11), T3 = 63.88 (58.35-76.79) and T4 =
64.61 (57.51-72.63); 315 (n = 108 censored) patients were
grouped in five lymph nodes type with median (IQR) age
of NO =70.47 (60.71-78.71), N1 = 71.78 (61.77-74.08),
N2 =65.02 (58.39-72.82), N3 = 62.86 (54.70-70.64) and
N4 = 73.28 (66.21-74.92); 315 (108 censored) patients
were grouped in four distant metastases, primarily MO
with median (IQR) age of MO = 67.27 (59.42-75.26); 314
(n = 108) patients were grouped in four TNM group with
median (IQR) age of [ = 71.94 (64.56-79.27), Il = 74.73
(61.09-78.77), llla = 66.91 (59.38-73.07), 11Ib = 64.18
(56.59-71.05).

Correlation analysis

Figure 1 shows the Spearman rank correlation
between radiomic features (plus age) and the survival time
of patients, for groups defined using NSCLC subtype and
TNM variables. With respect to patient groups defined
based on NSCLC subtypes, we observe the highest absolute
correlation values for patients with large cell carcinoma
(LCC) and not other specified (NOS) subtypes. In
particular, five features appear to be moderately correlated
with the survival time of LCC patients (i.e., coarseness,
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texture strength, grey-level non-uniformity, zone size non-
uniformity and surface area), with absolute correlation
values between 0.35 and 0.43. These results are statistically
significant with corrected P < 0.05. Correlation values for
NOS patients are not statistically significant following
Holm-Bonferroni correction, although this could be due
to the smaller number of patients in that group. Note that
the SCC group shows no significance, while having a size
similar to LCC.

In the case of groups related to tumor size (T), we
also find eight radiomic features moderately correlated
with survival for patients with T2 tumors (i.e., correlation,
coarseness, texture strength, large zone/high grey emphasis,
grey-level non-uniformity, zone size non-uniformity,
volume and surface area), with absolute correlation values
between 0.31 and 0.37. Features derived from T1, T3 and

T4 tumors exhibit lower correlation values that are not
significant following Holm-Bonferroni correction.

For patient groups derived from lymph node (N)
variables, six features (i.e., correlation, dissimilarity, texture
strength, large zone/high grey emphasis, grey-level non-
uniformity and surface area) are moderately correlated to
survival time for patients without lymph node involvement
(NO), with absolute correlation values around 0.30. Features
derived from N1 patients also show mild correlations.
However, these are not significant following Holm-
Bonferroni correction, possibly due to the small size of this
group. In contrast, N2 and N3 groups have comparably
weaker correlation values than NO, none of these values being
statistically significant. Unlike for N1, group size is not such
an important factor in these results of non-significance (97
and 68 patients with N2 and N3, respectively).

Spearman’s rank correlation
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Figure 1: Heatmap of Spearman rank correlation between feature value and survival time, color-coded from -0.5
(dark blue) to 0.5 (dark red). Censored patients were considered using an imputation strategy which computes their survival time as
the mean survival of deceased patients with time-to-death greater or equal to censored patients’ time of last visit. Features with statistically
significant correlation (i.e., corrected P < 0.05) are indicated with a black-green circle.
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Table 1: Demographic information for NSCLC patients

Groups n (censored) Male Female Age

(avg + stdev) Median (IQR)
NSCLC subtype
LCC 100 (40) 62 38 66.86 £ 15.14 65.20 (59.26-74.06)
SCC 90 (28) 74 16 70.98 + 15.99 70.79 (64.01-78.71)
ADC 31 (9) 20 11 66.37 £15.09 64.58 (59.79-74.45)
NOS 56 (19) 42 14 65.83 £ 19.85 65.79 (56.88-74.86)
T stage
Tl 73 (32) 46 27 61.02 +24.52 68.43 (61.44-75.01)
T2 120 (36) 91 29 65.92 £18.16 69.78 (60.03-77.11)
T3 38 (13) 29 9 64.78 £ 15.58 63.88 (58.35-76.79)
T4 81 (26) 58 23 62.67 £ 15.57 64.61 (57.51-72.63)
' 2(1) - - - -
N stage
NO 133 (50) 101 32 65.78 £21.04 70.47 (60.71-78.71)
NI 14 (3) 11 3 61.57 +26.80 71.78 (61.77-74.08)
N2 97 (28) 64 33 62.61 £17.49 65.02 (58.39-72.82)
N3 68 (25) 46 22 60.55 + 16.17 62.86 (54.70-70.64)
N4 3(2) 3 0 71.47 +£4.63 73.28 (66.21-74.92)
M stage
MO 311 (108) 221 90 63.72+19.01 67.27 (59.42-75.26)
M1 1 (0) 1 0 - -
M2 0 0 0 - -
M3 3(0) 3 0 65.87+11.1 71.47 (53.08-73.05)
Grouping TNM
I 81 (30) 60 21 64.96 £ 24.64 71.94 (64.56-79.27)
I 26 (7) 21 5 68.05 +21.88 74.73 (61.09-78.77)
Ila 73 (24) 48 25 64.57 £ 14.60 66.91 (59.38-73.07)
11Ib 134 (47) 95 39 61.27+17.11 64.18 (56.59-71.05)

1

“Unknown; 7 is the number of subjects; censored is the number of subjects that their survival from time of scans to last visit.

Finally, our analysis within groups based on overall
stage reveals 11 radiomic features moderately correlated
with survival in Stage I patients (i.e., correlation, inverse
different moment, dissimilarity, coarseness, texture strength,
large zone/high grey emphasis, grey-level non-uniformity,
zone size non-uniformity, zone size percentage, fractional
diffraction and surface area) with absolute correlation
values between 0.39 and 0.49. Lower correlation values
were found in Stage II, IITA and IIIB groups, which are not
significant following Holm-Bonferroni correction.

Overall, our correlation analysis finds the strongest
associations between radiomic features and patient
survival for LCC (and potentially NOS), T2, NO and
Stage 1 groups. These groups correspond mainly to
large cell carcinoma cancers with primary tumor size
between 3 cm and 7 cm across [28, 29] and no evidence
of regional lymph node involvement or distant metastasis.
Our analysis also reveals a subset of radiomic features
exhibiting significant correlation values across various
groups. In particular, features corresponding to texture
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strength, grey-level non-uniformity and surface area were
found significant in all four of the LCC, T2, NO and Stage
I groups.

To rule out censorship as possible confound in
our analysis, we also computed the Spearman rank
correlation between radiomic features and survival time of
uncensored patients. Results, which can be found in Figure
2 of Supplementary Materials, are consistent with those
obtained via our imputation strategy: moderate correlation
is observed for almost the same radiomic features in LCC,
T2, NO and Stage I groups.

Kaplan-Meier survival analysis

The results of our survival analysis based on the
Kaplan-Meier estimator and log-rank test are summarized
in Figure 3, Figure 4 and Table 2.

Figure 3 gives the log-rank test significance (in —
log,, P, where P is the corrected p-value) obtained by
splitting patients with the median value of each feature
(i.e., the cut-off). Values higher than 1.30 correspond
to features whose median separates patients in groups
having significantly different survival profiles, with

P < 0.05 following Holm-Bonferroni correction. As in
the previous analysis, significance is measured within
patient groups associated to NSCLC subtypes and TNM
staging variables. For NSCLC subtypes, two features
show significantly different survival distributions when
dividing LCC patients based on their median value:
grey-level non-uniformity and zone size non-uniformity.
Likewise, the large zone/high grey emphasis feature
derived from patients with tumor size T2 and the grey-
level non-uniformity feature in Stage I patients result
in significantly different survival profiles. We note that
these four features were also found to be statistically
correlated with survival in the previous analysis.

Table 2 reports, for each feature derived from LCC,
T2 and Stage I patient groups, the median feature value used
as cut-off, the median survival time of patients with values
below and greater to this cut-off, and the log-rank p-value
following Holm-Bonferroni correction. The four features
yielding significant differences in their respective patient
group are highlighted using bold underlined font. Figure 4
presents the Kaplan-Meier curves obtained using the cut-off
value of these features. We observe that LCC patients with
below-median values of grey-level non-uniformity have a

Spearman’s rank correlation
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Figure 2:Heatmap of Spearman rank correlation between feature value and survival time of uncensored (i.e., deceased)
patients, color-coded from -0.5 (dark blue) to 0.5 (dark red). Features with statistically significant correlation (i.e., corrected P <

0.05) are indicated with a black-green circle.
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higher survival rate, with a hazard ratio (HR) of 3.9 and a
median survival of 705 days compared to 325 days for other
LCC patients. Likewise, LCC patients with below-median
values of zone-size non-uniformity have better survival
odds, with a hazard ratio of 3.06 and median survival time
of 705 days compared to 342 days for other patients in this
group. Similarly, we see that patients in the T2 group with
below-median values of large zone/high grey emphasis
have a higher survival rate with a hazard ratio of 2.5 and a
median survival of 627 days compared to 293 days for other
patients in this group. Finally, we find that Stage I patients
with below-median values of grey-level non-uniformity have
higher survival time, with a hazard ratio of 2.99 and median
survival time of 818 days compared to 426 days for other
Stage I patients. In summary, this analysis confirms previous
results that texture features derived from LCC, T2, and Stage
I patient groups are associated with NSCLC survival.

Survival prediction

Figure 5A shows the mean ROC curves and AUC
values obtained by the RF models for predicting the

LCC n=100
SCC n=90
ADC n=31
NOS n=56

Significance Log-rank test

survival outcome (i.e., below or above the median survival
time) of patients within the LCC, T2, NO, Stage I groups.
Note that these groups were previously shown to exhibit
moderate correlations with survival. To better assess the
individual effect of these groups, Figure 5B gives the
prediction AUC obtained for subjects not in these groups,
i.e. non-LCC (SCC, ADC and NOS), non-T2 (T1, T3
and T4), non-NO (N1, N2, N3, and N4) and non-TNM-I
(TNM groups: 11, Il1a and I1Ib) subjects. We compare
predictive models based only on demographics and TNM
staging information (5 features: age, T, N, M, and Stage)
or combined with radiomic features (24 features: texture
and shape), as indicated by the eight ROC curves.

We see that combining radiomic features with age-
TNM information generally leads to improved prediction,
with an average AUC of 75.73%, 70.33%, 70.28%, 76.17%
compared to 61.07%, 65.53%, 59.50%, 71.15% when
using only age-TNM information, for LCC, NO, T2, and
Stage I patient groups respectively (Figure SA). Moreover,
we find that combining radiomic features with age-TNM
information generally leads to improved predictions, with
an average AUC of 58.44%, 57.78%,63.99%, 58.62%

T1 n=73
T2 n=120
T3 n=38
T4 n=81

NO n=133
NI n=14
N2 n=97
N3 n=68

I n=81
II n=26
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Age
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Gray-Level Non-Uniformity
Zone Size Non-Uniformity
Zone Size Percentage
MajorAxisLength

Surface area

Large Zone / High Gray Emphasis

Figure 3: Heatmap of log-rank test p-values (-log,, scale) using features to separate patients in two groups: those with
feature values less than the median, and those with values above or equal to the median. Features leading to groups with
significantly different survival profiles (i.e., corrected P < 0.05) are indicated with a black-green circle.
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compared to 48.90%, 54.05%, 61.36%, 51.16% when using
only age-TNM information, for non-LCC, non-NO, non-T2,
and non-TMI-I patient groups respectively (Figure 5B).
Considering all groups (i.e., LCC, T2, NO, Stage I, non-
LCC, non-T2, non-NO and non-TNM-I), radiomic features
combined with age-TNM information lead to the highest
AUC value of 76.17% for Stage I patients.

Results of our feature importance analysis are
presented in Figure 6. Features identified as important are
consistent with those identified using Spearman’s rank
correlation and log-rank test. In particular, surface-area
and grey-level non-uniformity were ranked as the most
common discriminative features across LCC, T2, N0, and
Stage I patient groups. In addition, we observe that both
texture and shape features are informative to differentiate
patients with short and long survival time.

Gray-Level Non-Uniformity > Cut-off = 97
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Gray-Level Non-Uniformity < Cut-off = 97

p value is 9.9887¢-07
Hazard ratio = 3.9889
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DISCUSSION

Current tools for predicting survival of NSCLC
patients are based primarily on clinical and staging
information. Nomograms for predicting patient survival
from gene expression signatures, clinical and pathological
features are not yet ready to be used in daily practice.
Radiomic features extracted from CT scans provide a
non-invasive and powerful alternative for identifying
prognostic or predictive biomarkers of survival in cancer
patients. This study performed three different analyses to
evaluate the usefulness of radiomic features for predicting
the survival outcome of patients with specific NSCLC
cancer subtypes and stages.

Our analysis based on Spearman’s rank correlation
identified several radiomic features that were moderately
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Figure 4: Kaplan-Meier survival curves comparing the survival rate of patient groups obtained using median feature
values as cut-off. Large cell carcinoma (LCC) patients split using the median value of the following texture features: grey-level non-
uniformity and zone size non-uniformity, respectively. Patients with tumor size of T2 and Stage I cancer, separated based on the median
value of the following texture features: large zone/high grey emphasis and grey-level non-uniformity, respectively.
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Table 2: Kaplan-Meier survival analysis of the NSCLC clinical factors known to correlate with survival.

Median survival (Month)

Feature Cut-off (median) Above cut-off Below cut-off p-value’

LCC T2 Stagel LCC T2 Stagel LCC T2 Stagel LCC T2 Stage I
f, <107 310 332 222 18.87 17.50 1590 18.77 1547 2530 1 1 1
£, %107 822 841 796 11.53 1097 16.57 2433 20.13 2497 043 0.237 0.251
£, %107 732 722 608 1693 17.73 14.60 1940 1547 30.10 1 1 0.144
f, <10 310 331 427 19.03 1413 2507 17.43 1823 1597 1 1 1
fx10° 1559 1642 1955 18.87 1477 17.83 18.77 17.73  18.50 1 1 1
1, x107 290 308 398 18.40 15.07 31.60 19.03 18.23 1443 1 1 0.078
fx10° 127 119 168 21.23  16.83 2143 1497 1473 18.10 1 1 1
Je <107 =299 -317 =277 2113 16.00 23.17 1573 15.63 1597 1 1 1
1y %107 785 797 818 18.77 1537 2237 1890 1820 17.63 1 1 1
fp x10° 4565 4085 6871  21.23 16.00 2523 1497 1557 17.17 1 1 1
f,,<10° 38774 43180 29783 18.40 16.00 17.57 19.17 1643  21.30 1 1 1
£, x10* 540 544 610 21.77 16.83 17.57 1427 1520 18.50 1 1 1

12

S, x10° 250 200 000 21.63 1737 2850 11.10 11.77 1523 1 1 0.282
£,.x10° 909 849 2543 21.63 1853 26.73 1293 10.03 1523 093 0432 0.203
f,x107 734 725 771 2030 18.07 2420 1743 1250 1597 1 1 1
f,x10t 600 111 116 11.53 977 1500 21.77 2090 25.30 1 0.007 0.131
£, x10° 97 117 41 10.83 1097 1420 23.50 1853  27.27 0 ;01 0.381 0.048
fx10° 1355 1743 697 11.40 1097 1500 23.50 20.13 2727 0.007 0.432 0.363
f,x107 80 83 157 20.23  16.77 2523 1743 1243 1583 1 1 1
Jpx107 5382 6161 3585 13.17 12,13 1560 2123 1833  25.30 1 1 1
£,,x107 997 997 996 1727 1833 18.33 1940 14.07 17.63 1 1 1
f,x10° 10617 14314 3837 12.13 1097 1560 2323 19.17 25.30 0.6 0.364 1
f:x10° 2629 2607 2766 2123 18.63 28.50 12.13 1097 15.23 1 1 0.419
£,,x10° 5949 6205 1984 12,50 1097 15.00 22.50 19.17 28.13 0.64 0.264 0.131
Age 65.2 69.78 7194 1553 1467 14.60 1930 19.03 24.10 1 1 1

* Following Holm-Bonferroni correction.

correlated with the survival outcome of patients with LCC
cancers, T2 tumor sizes, or classified as Stage 1. These
correlation results were statistically significant with P
< 0.05 following Holm-Bonferroni (Figure 1/Figure
2). Furthermore, log-rank testing revealed four texture
features exhibiting significant associations with survival
for the same patient groups (i.e., LCC, T2 and Stage I
patients). Finally, our multivariate analysis using random
forest models showed the potential of radiomic biomarkers
for predicting the survival outcome of NSCLC patients
(Figure 5), in particular, those in the LCC, T2, NO and
Stage I groups.

These findings are consistent with previous works
in the literature, which have found various texture and
shape features to be strong predictors of NSCLC survival
outcome [17-19, 30-34]. In contrast to these works, this
study analyzed the link between radiomic features and
survival for specific NSCLC cancer subtypes and stages.
Our results suggest that radiomic features might be more
relevant from survival prediction in the case of large cell
carcinoma cancers with a primary tumor between 3 cm
and 7 cm across, no lymph node involvement, and without
metastasis. Since features are extracted from the primary
tumor only, this could potentially be explained by the
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Figure 5: Mean ROC curves and AUC obtained by the random forest models for predicting the survival group (i.e.,
below or above median survival time) using only demographic and TNM staging information (TNM), or combined
with radiomic features (Combined). (A) Patients group of large cell carcinoma (LCC, n=100), NO (n=133), T2 (n=120)
and TNM-I (Stage I, n=81). (B) Patients group of non-LCC (i.e., n=177: squamous cell carcinoma, adenocarcinoma and not
otherwise), non-NO (i.e., n= 182: N1, N2, N3 and N4), non-T2 (i.e., n=192: T1, T3 and T4) and non-TNM-I (i.e., n=233:

Stage 11, I1la and IIIb).
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Figure 6: Importance of individual features for predicting the survival group LCC, T2, N0 and TNM-I (stage I)
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fact that small tumors (i.c., less than 3cm across) provide
limited texture and shape information, compared to larger
ones, and that the impact of this tumor on outcome is less
important once lymph nodes are affected or the cancer has
metastasized to other organs.

While previous studies have found tumor shape to
be a good predictor of NSCLC patient survival [35, 36],
our experiments indicate that texture features may be
more effective at this task. In particular, NGTDM features
corresponding to texture coarseness and strength, as well
as GLZM features based on zone size non-uniformity and
grey-level non-uniformity, appear to be suitable predictors
of overall survival. Since these features are relatively easy
to compute, they could be used in a clinical setting to
establish prognosis. It is worth mentioning that texture
features are usually more sensitive to image acquisition
equipment and parameters than those based on shape.
Because our study uses CT images, and the intensities in
such images are determined by the radiodensity of scanned
tissues (i.e., Hounsfield units), the influence of acquisition
variables on radiomic features is limited. Nevertheless,
normalizing image intensities or learning predictive
models specific to a particular equipment could therefore
help provide consistent results across patients.

As in previous work [7, 9], our analysis has shown
radiomic features to improve the prediction of NSCLC
survival compared to using only TNM staging information.
It is hypothesized that texture features can capture tissue
anomalies occurring at the cellular level that are directly
related to cancer subtype and stage. Likewise, shape
features could describe the irregularity of NSCLC tumors
during their progression, which may vary for different
cancer subtypes or stages. This motivates our approach
of analyzing cancer subtypes and stages separately, unlike
previous studies.

Our study has some limitations worthy of mention.
In our correlation and log-rank survival analyses,
differences in group sizes may affect significance values.
It is thus possible that some results of non-significance are
due, in part, to small group sizes. This could be addressed

1. CT imaging

2. Tumor segmentation 3. Feature extraction

in a future work by using a larger patient cohort. Patients
in different groups could also be matched, for instance,
to remove age and gender bias. Although we used a 10-
fold cross validation strategy to obtain unbiased estimates
of prediction accuracy, experiments using additional
independent datasets would further validate our proposed
method, in particular NSCLC data acquired from multiple
sites and imaging modalities other than CT. In addition,
patient survival is generally related to a variety of factors,
including treatment, psychology, diet, etc. that were
unavailable in the TCIA data set for analysis. These
factors may potentially introduce bias into our results,
however this bias is reduced by size of our patient cohort
(315 patients). Using labels from multiple raters, instead
of a single one (i.e., the radiation oncologist), could also
reduce bias in the results.

In our survival analysis, the median survival time
was used as cut-off to divide patients in two subgroups
(i.e., classes) corresponding to short and long survival.
This strategy has the important advantage of giving even-
sized subgroups, thereby eliminating the bias introduced
by class-unbalanced samples. However, it is also limited in
that biologically similar patients about the cutoff threshold
(i.e. median age) are grouped into different categories,
which may negatively impact analysis [37]. In the proposed
analysis, this problem is mitigated in part via a 10-fold
cross-validation methodology, where prediction accuracy
is measured over ten independent data subsamples.

Since our results indicate that radiomic features
from the primary tumor have lower predictive power
when lymph nodes are affected, a logical extension of this
work would be to add features extracted from metastatic
lymph nodes in lung CT scans. Finally, machine learning
techniques such as convolutional neural networks [38]
could be employed to learn discriminative features in a
more data-driven manner.

In conclusion, this study demonstrated the potential
of radiomic features capturing textural and morphological
properties of NSCLC tumors as non-invasive biomarkers
to predict the survival outcome of NSCLC patients. In

4. Survival analysis
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Figure 7: Workflow of the proposed radiomics method (i.e., our pipeline, similar to [6, 7]). (1) Acquisition of pre-treatment
lung CT images; (2) Gross tumor volume segmentation and NSCLC subtype labelling; (3) Extraction of 24 texture and shape features from
gross tumor volumes; (4) Feature significance analysis based on Spearman rank correlation, Kaplan-Meier estimator and log-rank test, and
multivariate prediction of survival using random forests.
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contrast to previous works, we analyzed the association
between radiomic features and survival for patients within
specific groups defined by cancer subtype and stage.
Results suggest that these features are mainly relevant
in the case of large cell carcinoma cancers (LCC) with
primary tumor size between 3 cm and 7 cm across (T2)
and no lymph node metastasis (NO). Results also highlight
the need for future studies including radiomic features
extracted from lymph nodes metastasis.

MATERIALS AND METHODS

Figure 7 shows the processing pipeline of the
proposed method. Raw imaging data from patients with
NSCLC cancer are first acquired by CT scan, prior to
treatment. For each scan, the gross tumor volume (GTV)
is then computed from manual delineations provided by a
radiation oncologist, and assigned to one of four the NSCLC
subtypes (i.e. large cell carcinoma (LCC), squamous cell
carcinoma (SCC), adeno-carcinoma (ADC) or not otherwise
specified (NOS)). The oncologist also classifies tumor
progression based on the tumor-node-metastasis (TNM)
staging system [39], describing the size and invasion level
of the tumor, the presence of affected lymph nodes, and
whether the cancer has metastasized to distant organs.

A total of 24 features (i.e. 19 texture features and
5 shape features) are then automatically computed from
extracted GTVs, and used in combination with patient
age to analyze the survival outcome of patients. Three
separate analyses were conducted toward this goal. In
the first analysis, Spearman rank correlation was used to
measure the relationship between each feature and survival
time. Similarly, the second analysis uses the Kaplan-
Meier estimator and log-rank test to find features leading
to significantly different survival curves when dividing
subjects based on the features’ median value. For these
two analyses, feature significance is reported in terms of
p-values, corrected for multiple-comparisons using the
Holm-Bonferroni procedure [40]. Finally, a multivariate
analysis based on the random forest model is employed
to classify NSCLC patients into groups corresponding to
short survival (i.e. below the median survival time) and
long survival (i.e., above or equal to the median survival
time). For all analyses, we used various toolboxes from the
MATLAB 2016 computing environment (MathWorks Inc.,
Natick, MA, USA).

Patients and data acquisition

Analysis involves the subset of 315 patients with
complete NSCLC labels, from the set of 422 patients
in the The Cancer Imaging Archive (TCIA, http://
cancerimagingarchive.net/) [41]. This dataset, called
Lungl, contains data of patients treated at the MAASTRO
Clinic, Netherlands, previously de-identified by the
Cancer Genome Atlas (TCGA, http://cancergenome.nih.

gov/) and made publicly available for download. Thus, no
institutional review board approval specific to this study
was required. All images were acquired using CT scan at a
resolution of 512x512xslices, where the number of slices
varied across subjects, and a voxel size of 1x1x1 mm?. For
each scan, the gross tumor volume (GTV) was manually
delineated by a radiation oncologist and provided as
segmentation mask. A subset of 277 cases were also
classified by the oncologist based on the standard TNM
staging system, measuring the tumor size (T), the extent of
regional lymph node involvement (N) and the presence or
absence of intrathoracic or distant metastases (M). Finally,
the survival time in days, from time of scan to death (i.e.,
uncensored) or last visit (i.e., censored), was also provided
for all 315 patients. Patient demographic information
(i.e., gender and age) for each NSCLC subtype and TNM
parameter is reported in Table 1.

Feature extraction

A wide variety of radiomic features may be
computed from the region of interest (i.e., the GTV in our
case). In this study, we focused on a subset of 24 commonly
used texture and shape features, which are presented in
Supplementary Table 1 of the Supplementary Materials.
Three different types of texture features were considered:
grey level co-occurrence matrix (GLCM), neighborhood
grey-tone difference matrix (NGTDM), and grey-level
zone matrix (GLZM). These features measure various
textural properties of the GTV, such as region uniformity/
heterogeneity and texture coarseness, which were shown
to be related to histological properties of tumors [42, 43].
To capture more meaningful patterns of texture, image
intensities of GTVs were uniformly resampled to 32 grey-
levels prior to computing the features. On the other hand,
shape features encode morphological characteristics of the
tumor, such as volume and surface area, that capture the
tumor growth status within surrounding tissues [44].

Statistical analysis

In the first analysis, we computed the Spearman’s rank
correlation [45] between the features extracted from each
GTV and the survival time of the corresponding patient.
For censored patients, the time of last visit only offers
a lower bound on the true survival rank. To account for
these patients in our correlation analysis, we used a simple
imputation strategy in which censored patients are assigned
the mean survival time of uncensored subjects with a time-
to-death greater or equal to their own time of last visit.
Using this strategy, rank correlation was obtained between
the survival time of patients and each radiomic feature (plus
patient age), absolute values between 0.3 and 0.5 indicating
moderate correlation. Additionally, the significance of these
correlation values was measured as p-values, based on the
null hypothesis that there is no correlation.
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The relation between radiomic features derived from
the GTV and patient survival possibly depends on the
NSCLC subtype or the cancer’s stage. For instance, such
features may be less informative in patients with affected
lymph nodes or metastasis, these factors becoming more
important than the primary tumor for overall prognosis.
To validate this hypothesis, we repeated our analysis on
various patient groups, corresponding to different NSCLC
subtypes and TNM variable classes. To account for these
multiple comparisons (e.g., 4 NSCLC subtypes and 24
features + age, for a total of 100 tests), we corrected
the p-values of our analysis using the Holm-Bonferroni
procedure [40], and considered as significant results with
corrected P < 0.05.

In the second analysis, we considered each feature
in turn and used the median value of this feature to
separate patients in two groups: those with feature value
less than the median, and those with feature value above
or equal to the median. As in [46], we then computed the
time-to-event (i.e., number of days from scan until death
or last visit) distributions of the two groups using the
Kaplan-Meier estimator, and compared them using the
log-rank significance test. The same patient groups as in
the previous analysis were considered, and p-values were
corrected based on the same procedure.

Furthermore, we performed a multivariate analysis
using all 24 radiomic features and 5 demographic/staging
variables (i.e., age, T, N, M and overall stage) as input to
a Random Forest (RF) model [47] for the classification
of patients in two groups representing short survival
(i.e., below the median survival time) and long survival
time (i.e., above or equal to the median survival time).
RF is one of the most effective and general-purpose
classification algorithms, running efficiently on large
databases with thousands of input variable/features. This
model operates by averaging the output of a battery of
randomly generated decision tree classifiers, a general
technique known as bootstrap aggregation which leads
to a low bias/variance classification result. Additionally,
the RF training algorithm involves a feature selection
process that provides a mechanism for assessing feature
importance.

The hypothesis for this analysis is that radiomic

in turn, to compute the area under the ROC curve (AUC)
[48] of a RF model trained with the remaining samples,
using 500 decision trees. The overall performance of the
model was then measured as the average AUC obtained
over all 10 folds.

Finally, the importance of each feature in predicting
the survival group of patients was assessed based on the
out-of-bag error of the multivariate RF models generated
at each fold. Specifically, for each RF model and feature,
we measured the increase in prediction error resulting
from the permutation of feature values across out-of-
bag observations [49]. These importance measures were
computed for every RF tree and averaged over the entire
ensemble. Values were then normalized by dividing
them by the ensemble’s standard deviation. Lastly, the
importance of features was obtained by averaging these
normalized values across all 10 folds.

Author contributions

All authors (A.C., C.D., M.T., B.A.) were analyzed
the data, wrote the paper and reviewed the manuscript for
intellectual content and approved the final version.

CONFLICTS OF INTEREST

The authors declare that they have no conflicts of
interest.

GRANT SUPPORT

This research is partly funded by the Varian Medical
System Grant, AC salary is supported by Varian Medical
System Grant and Fonds de Recherche du Quebec-Nature
et Technologies (FRONT).

REFERENCES
1. Torre LA, Bray F, Siegel RL, Ferlay J, Lortet-Tieulent J,

Jemal A. Global cancer statistics, 2012. CA Cancer J Clin.

2015; 65: 87—108. https://doi.org/10.3322/caac.21262.

features can improve survival prediction, compared to 2. Molina JR, Yang P, Cassivi SD, Schild SE, Adjei AA. Non-
demographics and TNM staging information. As in the small cell lung cancer. Mayo Clin Proc. 2008; 83: 584-94.
C(')rrelatllon ana'lyms, censored patlelrllts were cons'ldered https://doi.org/10.4065/83.5.584.
via an 1mputat19n strat.egy,' where the mean survival of 3. Anagnostou VK, Dimou AT, Botsis T, Killiam EJ,
uncensored subjects with time-to-death greater or equal )

. .. . . . Gustavson MD, Homer RJ, Boffa D, Zolota V, Dougenis D,
to the time of last visit was used. Likewise, we predicted ’ )

. Sy . . Tanoue L, Gettinger SN, Detterbeck FC, Syrigos KN, et al.
survival considering the same patient groups as in the N ]
correlation analysis to determine the impact of these Molecula.r classﬁ.icaFlon of nonsmall cell lung cancer using
grouping parameters on performance. A 10-fold cross- a4-protelln quantitative assay. Cancer. 2012; 118: 1607-18.
validation strategy was employed to obtain unbiased https://doi.org/10.1002/cner.26450.
performance measures. In this strategy, data samples of 4. Loo PS, Thomas SC, Nicolson MC, Fyfe MN, Kerr KM.
every patient group were randomly divided into 10 even- Subtyping of undifferentiated non-small cell carcinomas
sized sets (i.e., folds). Each of these sets was then used, in bronchial biopsy specimens. J Thorac Oncol Off Publ

www.impactjournals.com/oncotarget 104404 Oncotarget


https://doi.org/10.3322/caac.21262
https://doi.org/10.4065/83.5.584
https://doi.org/10.1002/cncr.26450

11.

12.

14.

Int Assoc Study Lung Cancer. 2010; 5: 442—7. https://doi.
org/10.1097/JTO.0b013¢3181d40fac.

Parmar C, Grossmann P, Bussink J, Lambin P, Aerts
HJWL. Machine Learning methods for Quantitative
Radiomic Biomarkers. Sci Rep. 2015; 5: 13087. https://doi.
org/10.1038/srep13087.

Coroller TP, Grossmann P, Hou Y, Rios Velazquez E,
Leijenaar RTH, Hermann G, Lambin P, Haibe-Kains B, Mak
RH, Aerts HJWL. CT-based radiomic signature predicts
distant metastasis in lung adenocarcinoma. Radiother Oncol
J Eur Soc Ther Radiol Oncol. 2015; 114: 345-50. https://
doi.org/10.1016/j.radonc.2015.02.015.

Aerts HIWL, Velazquez ER, Leijenaar RTH, Parmar
C, Grossmann P, Carvalho S, Bussink J, Monshouwer
R, Haibe-Kains B, Rietveld D, Hoebers F, Rietbergen
MM, Leemans CR, et al. Decoding tumour phenotype
by noninvasive imaging using a quantitative radiomics
approach. Nat Commun. 2014; 5: 4006. https://doi.
org/10.1038/ncomms5006.

Fave X, Zhang L, Yang J, Mackin D, Balter P, Gomez D,
Followill D, Jones AK, Stingo F, Liao Z, Mohan R, Court
L. Delta-radiomics features for the prediction of patient
outcomes in non—small cell lung cancer. Sci Rep. 2017; 7:
588. https://doi.org/10.1038/s41598-017-00665-z.

Coroller TP, Agrawal V, Huynh E, Narayan V, Lee SW, Mak
RH, Aerts HIWL. Radiomic-Based Pathological Response
Prediction from Primary Tumors and Lymph Nodes in
NSCLC. J Thorac Oncol. 2017; 12: 467-76. https://doi.
org/10.1016/j.jth0.2016.11.2226.

Bae JM, Jeong JY, Lee HY, Sohn I, Kim HS, Son JY, Kwon
0J, Choi JY, Lee KS, Shim YM. Pathologic stratification
of operable lung adenocarcinoma using radiomics features
extracted from dual energy CT images. Oncotarget. 2017; 8:
523-35. https://doi.org/10.18632/oncotarget.13476.

Miles KA, Ganeshan B, Griffiths MR, Young RCD,
Chatwin CR. Colorectal Cancer: Texture Analysis of Portal
Phase Hepatic CT Images as a Potential Marker of Survival.
Radiology. 2009; 250: 444-52. https://doi.org/10.1148/
radiol.2502071879.

Guan X, Chen W, Li S, Jiang Z, Liu Z, Zhao Z, Wang S,
Yang M, Wang X. Alterations of lymph nodes evaluation
after colon cancer resection: patient and tumor heterogeneity
should be taken into consideration. Oncotarget. 2016; 7:
62664-75. https://doi.org/10.18632/oncotarget.11633.

Chaddad A, Tanougast C. Extracted magnetic resonance
texture features discriminate between phenotypes and are
associated with overall survival in glioblastoma multiforme
patients. Med Biol Eng Comput. 2016; 54: 1707—18. https://
doi.org/10.1007/s11517-016-1461-5.

Chaddad A, Desrosiers C, Toews M. Radiomic analysis
of multi-contrast brain MRI for the prediction of survival
in patients with glioblastoma multiforme. 38th Annual
International Conference of the IEEE Engineering in
Medicine and Biology Society. USA; 2016. p. 4035:4038.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Chaddad A, Desrosiers C, Hassan L, Tanougast C. A
quantitative study of shape descriptors from glioblastoma
multiforme phenotypes for predicting survival outcome.
Br J Radiol. 2016; : 20160575. https://doi.org/10.1259/
bjr.20160575.

Ganeshan B, Abaleke S, Young RCD, Chatwin CR,
Miles KA. Texture analysis of non-small cell lung
cancer on unenhanced computed tomography: initial
evidence for a relationship with tumour glucose
metabolism and stage. Cancer Imaging Off Publ Int
Cancer Imaging Soc. 2010; 10: 137-43. https://doi.
org/10.1102/1470-7330.2010.0021.

Balagurunathan Y, Gu Y, Wang H, Kumar V, Grove O,
Hawkins S, Kim J, Goldgof DB, Hall LO, Gatenby RA, Gilles
RJ. Reproducibility and prognosis of quantitative features
extracted from CT images. Transl Oncol. 2014; 7: 72-87.
Fried DV, Tucker SL, Zhou S, Liao Z, Mawlawi O, Ibbott
G, Court LE. Prognostic value and reproducibility of
pretreatment CT texture features in stage III non-small
cell lung cancer. Int J Radiat Oncol Biol Phys. 2014; 90:
834-842.

Cook GJR, Yip C, Siddique M, Goh V, Chicklore S, Roy
A, Marsden P, Ahmad S, Landau D. Are pretreatment
18F-FDG PET tumor textural features in non-small
cell lung cancer associated with response and survival
after chemoradiotherapy? J Nucl Med Off Publ Soc
Nucl Med. 2013; 54: 19-26. https://doi.org/10.2967/
jnumed.112.107375.

Pyka T, Bundschuh RA, Andratschke N, Mayer B, Specht
HM, Papp L, Zso6tér N, Essler M. Textural features in pre-
treatment [F18]-FDG-PET/CT are correlated with risk of
local recurrence and disease-specific survival in early stage
NSCLC patients receiving primary stereotactic radiation
therapy. Radiat Oncol Lond Engl. 2015; 10: 100. https://
doi.org/10.1186/s13014-015-0407-7.

Ganeshan B, Panayiotou E, Burnand K, Dizdarevic S,
Miles K. Tumour heterogeneity in non-small cell lung
carcinoma assessed by CT texture analysis: a potential
marker of survival. Eur Radiol. 2012; 22: 796—802. https://
doi.org/10.1007/s00330-011-2319-8.

Tixier F, Hatt M, Valla C, Fleury V, Lamour C, Ezzouhri
S, Ingrand P, Perdrisot R, Visvikis D, Le Rest CC.
Visual versus quantitative assessment of intratumor
18F-FDG PET uptake heterogeneity: prognostic value
in non-small cell lung cancer. J Nucl Med Off Publ Soc
Nucl Med. 2014; 55: 1235-41. https://doi.org/10.2967/
jnumed.113.133389.

Samala R, Moreno W, You Y, Qian W. A novel approach
to nodule feature optimization on thin section thoracic CT.
Acad Radiol. 2009; 16: 418-27. https://doi.org/10.1016/j.
acra.2008.10.009.

Goo JM, Kim HY, Lee JW, Lee HJ, Lee CH, Lee KW,
Kim TJ, Lim KY, Park SH, Bae KT. Is the computer-aided
detection scheme for lung nodule also useful in detecting

WWw

.impactjournals.com/oncotarget

104405

Oncotarget


https://doi.org/10.1097/JTO.0b013e3181d40fac
https://doi.org/10.1097/JTO.0b013e3181d40fac
https://doi.org/10.1038/srep13087
https://doi.org/10.1038/srep13087
https://doi.org/10.1016/j.radonc.2015.02.015
https://doi.org/10.1016/j.radonc.2015.02.015
https://doi.org/10.1038/ncomms5006
https://doi.org/10.1038/ncomms5006
https://doi.org/10.1038/s41598-017-00665-z
https://doi.org/10.1016/j.jtho.2016.11.2226
https://doi.org/10.1016/j.jtho.2016.11.2226
https://doi.org/10.18632/oncotarget.13476
https://doi.org/10.1148/radiol.2502071879
https://doi.org/10.1148/radiol.2502071879
https://doi.org/10.18632/oncotarget.11633
https://doi.org/10.1007/s11517-016-1461-5
https://doi.org/10.1007/s11517-016-1461-5
https://doi.org/10.1259/bjr.20160575
https://doi.org/10.1259/bjr.20160575
https://doi.org/10.1102/1470-7330.2010.0021
https://doi.org/10.1102/1470-7330.2010.0021
https://doi.org/10.2967/jnumed.112.107375
https://doi.org/10.2967/jnumed.112.107375
https://doi.org/10.1186/s13014-015-0407-7
https://doi.org/10.1186/s13014-015-0407-7
https://doi.org/10.1007/s00330-011-2319-8
https://doi.org/10.1007/s00330-011-2319-8
https://doi.org/10.2967/jnumed.113.133389
https://doi.org/10.2967/jnumed.113.133389
https://doi.org/10.1016/j.acra.2008.10.009
https://doi.org/10.1016/j.acra.2008.10.009

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

lung cancer? J Comput Assist Tomogr. 2008; 32: 570-5.
https://doi.org/10.1097/RCT.0b013¢318146261c.

Goldin JG, Brown MS, Petkovska 1. Computer-
aided diagnosis in lung nodule assessment. J Thorac
Imaging. 2008; 23: 97-104. https://doi.org/10.1097/
RTI.0b013e318173dd1f.

Armato SG, Li F, Giger ML, MacMahon H, Sone S, Doi
K. Lung cancer: performance of automated lung nodule
detection applied to cancers missed in a CT screening
program. Radiology. 2002; 225: 685-92. https://doi.
org/10.1148/radiol.2253011376.

Sluimer I, Schilham A, Prokop M, van Ginneken B.
Computer analysis of computed tomography scans of the
lung: a survey. IEEE Trans Med Imaging. 2006; 25: 385—
405. https://doi.org/10.1109/TM1.2005.862753.

Cancer Facts & Figures 2017. [cited 2017 May 27].
Available 2017 May 27, from https://www.cancer.org/
research/cancer-facts-statistics/all-cancer-facts-figures/
cancer-facts-figures-2017.htm.

Thomas DC, Arnold BN, Rosen JE, Salazar MC, Blasberg
JD, Detterbeck FC, Boffa DJ, Kim AW. Defining outcomes
of patients with clinical stage I small cell lung cancer
upstaged at surgery. Lung Cancer. 2017; 103: 75-81. https://
doi.org/10.1016/j.lungcan.2016.11.016.

Hayano K, Kulkarni NM, Duda DG, Heist RS, Sahani
DV. Exploration of Imaging Biomarkers for Predicting
Survival of Patients With Advanced Non—Small Cell Lung
Cancer Treated With Antiangiogenic Chemotherapy. Am J
Roentgenol. 2016; 206: 987-93. https://doi.org/10.2214/
AJR.15.15528.

Yu KH, Zhang C, Berry GJ, Altman RB, R¢ C, Rubin
DL, Snyder M. Predicting non-small cell lung cancer
prognosis by fully automated microscopic pathology image
features. Nat Commun. 2016; 7. https://doi.org/10.1038/
ncomms12474.

Huynh E, Coroller TP, Narayan V, Agrawal V, Hou Y,
Romano J, Franco I, Mak RH, Aerts HIWL. CT-based
radiomic analysis of stereotactic body radiation therapy
patients with lung cancer. Radiother Oncol J Eur Soc Ther
Radiol Oncol. 2016; 120: 258—66. https://doi.org/10.1016/j.
radonc.2016.05.024.

Song J, Liu Z, Zhong W, Huang Y, Ma Z, Dong D, Liang C,
Tian J. Non-small cell lung cancer: quantitative phenotypic
analysis of CT images as a potential marker of prognosis.
Sci Rep. 2016; 6: 38282. https://doi.org/10.1038/srep38282.

Wu W, Parmar C, Grossmann P, Quackenbush J, Lambin
P, Bussink J, Mak R, Aerts HIWL. Exploratory Study to
Identify Radiomics Classifiers for Lung Cancer Histology.
Front Oncol. 2016; 6: 71. https://doi.org/10.3389/
fonc.2016.00071.

Koo TR, Moon SH, Lim YJ, Kim JY, Kim Y, Kim TH, Cho
KH, Han JY, Lee YJ, Yun T, Kim HT, Lee JS. The effect of
tumor volume and its change on survival in stage III non-
small cell lung cancer treated with definitive concurrent

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

chemoradiotherapy. Radiat Oncol. 2014; 9: 283. https://doi.
org/10.1186/s13014-014-0283-6.

Baba T, Uramoto H, Takenaka M, Oka S, Shigematsu Y,
Shimokawa H, Hanagiri T, Tanaka F. The tumour shape
of lung adenocarcinoma is related to the postoperative
prognosis. Interact Cardiovasc Thorac Surg. 2012; 15: 73-6.
https://doi.org/10.1093/icvts/ivs055.

Chalkidou A, O’Doherty MJ, Marsden PK. False
Discovery Rates in PET and CT Studies with Texture
Features: A Systematic Review. PLOS ONE. 2015; 10:
e0124165. https://doi.org/10.1371/journal.pone.0124165.

Shen W, Zhou M, Yang F, Yang C, Tian J. Multi-scale
Convolutional Neural Networks for Lung Nodule
Classification. In: Ourselin S, Alexander DC, Westin
C-F, Cardoso MJ, editors. Information Processing in
Medical Imaging. Springer International Publishing;
2015 [cited 2016 Dec 22]. p. 588-99. https://doi.
org/10.1007/978-3-319-19992-4 46.

Compton CC, Byrd DR, Garcia-Aguilar J, Kurtzman
SH, Olawaiye A, Washington MK, editors. AJCC Cancer
Staging Atlas: A Companion to the Seventh Editions of the
AJCC Cancer Staging Manual and Handbook. 2nd ed. 2012
edition. New York: Springer; 2012. 637 p.

Holm S. A simple sequentially rejective multiple test
procedure. Scand J Stat. 1979; : 65-70.

Prior FW, Clark K, Commean P, Freymann J, Jaffe C,
Kirby J, Moore S, Smith K, Tarbox L, Vendt B, Marquez
G. TCIA: An information resource to enable open science.
Conf Proc Annu Int Conf IEEE Eng Med Biol Soc IEEE
Eng Med Biol Soc Annu Conf. 2013; 2013: 1282-5. https:/
doi.org/10.1109/EMBC.2013.6609742.

Cook GJR, O’Brien ME, Siddique M, Chicklore S,
Loi HY, Sharma B, Punwani R, Bassett P, Goh V,
Chua S. Non—Small Cell Lung Cancer Treated with
Erlotinib: Heterogeneity of 18F-FDG Uptake at PET—
Association with Treatment Response and Prognosis.
Radiology. 2015; 276: 883-93. https://doi.org/10.1148/
radiol.2015141309.

LiuY, Liu S, QuF, Li Q, Cheng R, Ye Z. Tumor heterogeneity
assessed by texture analysis on contrast-enhanced CT in
lung adenocarcinoma: association with pathologic grade.
Oncotarget. 2017;. https://doi.org/10.18632/oncotarget.15399.
Yang X, Beyenal H, Harkin G, Lewandowski Z.
Quantifying biofilm structure using image analysis.
J Microbiol Methods. 2000; 39: 109-19. https://doi.
org/10.1016/S0167-7012(99)00097-4.

Zar JH. Significance Testing of the Spearman Rank
Correlation Coefficient. ] Am Stat Assoc. 1972; 67: 578-80.
https://doi.org/10.2307/2284441.

Kleinbaum DG, Klein M. Kaplan-Meier Survival Curves
and the Log-Rank Test. Survival Analysis. Springer New
York; 2012. p. 55-96.

Breiman L. Random Forests. Mach Learn. 2001; 45: 5-32.
https://doi.org/10.1023/A:1010933404324.

WWw

.impactjournals.com/oncotarget

104406

Oncotarget


https://doi.org/10.1097/RCT.0b013e318146261c
https://doi.org/10.1097/RTI.0b013e318173dd1f
https://doi.org/10.1097/RTI.0b013e318173dd1f
https://doi.org/10.1148/radiol.2253011376
https://doi.org/10.1148/radiol.2253011376
https://doi.org/10.1109/TMI.2005.862753
https://www.cancer.org/research/cancer-facts-statistics/all-cancer-facts-figures/cancer-facts-figures-2017.htm
https://www.cancer.org/research/cancer-facts-statistics/all-cancer-facts-figures/cancer-facts-figures-2017.htm
https://www.cancer.org/research/cancer-facts-statistics/all-cancer-facts-figures/cancer-facts-figures-2017.htm
https://doi.org/10.1016/j.lungcan.2016.11.016
https://doi.org/10.1016/j.lungcan.2016.11.016
https://doi.org/10.2214/AJR.15.15528
https://doi.org/10.2214/AJR.15.15528
https://doi.org/10.1038/ncomms12474
https://doi.org/10.1038/ncomms12474
https://doi.org/10.1016/j.radonc.2016.05.024
https://doi.org/10.1016/j.radonc.2016.05.024
https://doi.org/10.1038/srep38282
https://doi.org/10.3389/fonc.2016.00071
https://doi.org/10.3389/fonc.2016.00071
https://doi.org/10.1186/s13014-014-0283-6
https://doi.org/10.1186/s13014-014-0283-6
https://doi.org/10.1093/icvts/ivs055
https://doi.org/10.1371/journal.pone.0124165
https://doi.org/10.1007/978-3-319-19992-4_46
https://doi.org/10.1007/978-3-319-19992-4_46
https://doi.org/10.1109/EMBC.2013.6609742
https://doi.org/10.1109/EMBC.2013.6609742
https://doi.org/10.1148/radiol.2015141309
https://doi.org/10.1148/radiol.2015141309
https://doi.org/10.18632/oncotarget.15399
https://doi.org/10.1016/S0167-7012(99)00097-4
https://doi.org/10.1016/S0167-7012(99)00097-4
https://doi.org/10.2307/2284441
https://doi.org/10.1023/A:1010933404324

48. Hanley JA, McNeil BJ. The meaning and use of the area 49. Archer KJ, Kimes RV. Empirical characterization of random
under a receiver operating characteristic (ROC) curve. forest variable importance measures. Comput Stat Data Anal.
Radiology. 1982; 143: 29-36. https://doi.org/10.1148/ 2008; 52: 2249-60. https://doi.org/10.1016/j.csda.2007.08.015.
radiology.143.1.7063747.

www.impactjournals.com/oncotarget 104407 Oncotarget


https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1016/j.csda.2007.08.015

