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Quantitative texture analysis on pre-treatment computed
tomography predicts local recurrence in stage I non-small cell
lung cancer following stereotactic radiation therapy
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Background: The prediction of local recurrence (LR) of stage I non-small cell lung cancer (NSCLC) after
definitive stereotactic body radiotherapy (SBRT) remains elusive. The purpose of this study was to assess
whether quantitative imaging features on pre-treatment computed tomography (CT) can predict LR beyond
18 (18F) fluorodeoxyglucose (18F-FDG) positron emission tomography (PET)/CT maximum standard uptake
value (SUVmax).
Methods: This retrospective study evaluated 36 patients with 37 stage I NSCLC who had local tumor
control (LC; n=19) and (LR; n=18). Textural features were extracted on pre-treatment CT. Mann-Whitney
U tests were used to compare LC and LR groups. Receiver-operating characteristic (ROC) curves were
constructed and the area under the curve (AUC) calculated with LR as outcome.
Results: Gray-level correlation and sum variance were greater in the LR group, compared with the LC
group (P=0.02 and P=0.04, respectively). Gray-level difference variance was lower in the LR group (P=0.004).
The logistic regression model generated using gray-level correlation and difference variance features resulted
in AUC (SE) 0.77 (0.08) (P=0.0007). The addition of 18F-FDG PET/CT SUVmax did not improve the AUC
(P=0.75).
Conclusions: CT textural features were found to be predictors of LR of early stage NSCLC on baseline
CT prior to SBRT.
Keywords: Computed tomography imaging (CT imaging); positron emission tomography (PET)/CT imaging;
local recurrence (LR); non-small cell lung cancer (NSCLC); texture analysis; stereotactic radiotherapy
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Introduction
Stereotactic body radiotherapy (SBRT) has brought
promising results for the treatment of medically inoperable
patients with early stage non-small cell lung cancer
(NSCLC) with high rates of local control (LC) and
relatively little toxicity (1,2). Computed tomography (CT)
of the chest is routinely used at baseline and in follow-up

to monitor response to SBRT and detect local recurrence
(LR). The complex beam arrangement used for SBRT often
leads to the development of unusual patterns of radiationinduced changes compared to those typically seen following
conventional radiotherapy (3) thus creating a greater
challenge for radiologists to detect LR based on visual
methods alone (4). Recent research efforts have focused
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on identifying imaging features at the time of diagnosis
that correlate with tumor behavior and prognosis. Results
demonstrate that certain morphological CT features may
predict histologic subtypes of lung cancer as well as patient
outcome and these may be as relevant than conventional
tumor staging alone (5,6).
Several studies have also shown the utility of fluorine
18 ( 18F) fluorodeoxyglucose (FDG) positron emission
tomography (PET)/CT as a predictor of survival with high
baseline maximum standard uptake value (SUVmax) correlating
with poor survival (7). Recently, texture analysis, or the
quantification of gray-level patterns, pixel interrelationships,
and spectral properties of an image has shown the potential
to predict treatment response and survival from baseline
18
F-FDG PET/CT (8-11) and CT (12,13). Most studies
have identified tumor heterogeneity as a prognostic indicator
independent of tumor stage and patient characteristics (14).
The primary objective of this study was to determine
whether texture analysis on pre-treatment CT could predict
LR of stage I NSCLC. The secondary objective was to
assess whether combining quantitative imaging features with
SUVmax on 18F FDG PET-CT would provide added benefit
to the prediction of LR.
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F-FDG-PET/CT studies were performed on one
system (Gemini Dual EXP PET/CT system, Philips Medical
Systems, Cleveland, Ohio, USA), using the same protocol:
Z-axis image from the base of the skull to mid-thigh,
60 minutes after intravenous (IV) injection of 6 MBq/kg
of FDG. Patients had blood glucose <8 mmol/L and were
fasting for over 8 hours. Low mA, 6.0 mm thick CT images
were acquired without contrast for attenuation correction
and a Hermes Hybrid Viewer® workstation was used for
image interpretation.
Image analysis

This was a single center retrospective case-control
study approved by our Research Ethics Board Protocol
# 20150381-01H. The need for informed consent was
waived. Patients were identified by searching the Radiation
Oncology database from a single academic tertiary care
institution for patients who had biopsy-proven stage I
NSCLC definitively treated with SBRT between September
2008 and December 2013. Included patients had a CT of
the thorax and whole body 18F-FDG PET/CT performed
at baseline and a CT of the thorax performed 3 months and
at least approximately 12 months after SBRT.
Due to the retrospective nature of the study, CT studies
were performed on a variety of scanners with a breath-held
helical acquisition of the entire thorax, 120 kV, 100–200 mAs,
pitch 0.75–1.0 and collimation of 0.5 or 0.625 mm. All
imaging data were reconstructed with a medium-sharp
reconstruction algorithm and a slice thickness of 2.0–2.5 mm,
FOV 500 mm, matrix 512 mm × 512 mm. CT images were
reviewed using a picture archiving and communication
system (PACS) (Horizon Medical Imaging, McKesson
Corporation, San Francisco, California, USA) on lung
window settings (W: 1,500; L: −550).

An axial CT image at the level of the largest diameter of
the tumor was selected for texture analysis by consensus
by a thoracic radiology fellow with 5 years of crosssectional imaging experience and a thoracic radiologist
(Carole Dennie) with 25 years of experience both blinded
to patient outcome. Each image was then exported to an
independent workstation and de-identified. A contour was
manually prescribed by the thoracic radiology fellow along
the outer margin of the tumor using a polygonal region of
interest (ROI) tool [Image J® (National Institutes of Health,
USA, http://rsbweb.nih.gov)] (Figure 1). Each contour was
verified for accuracy by the thoracic radiologist. For each
tumor, contours were drawn on the baseline CT (baseline),
the 3-month post-SBRT CT (post) and the last CT (last).
The last CT was defined as the last CT available or the CT
which demonstrated recurrence.
Prior to analysis, CT image intensities were normalized
between μ ± 3σ where μ was the mean value of gray levels
inside the ROI and μ the standard deviation (SD). Gray levels
between (μ − 3σ) and (μ + 3σ) were then decimated to 64 gray
levels. Previous research has shown that this normalization
procedure minimizes inter-scanner effects in magnetic
resonance imaging (MRI) texture analysis (15) and it is
presumed to reduce inter-scanner effects in other modalities
such as CT. Textural features were extracted from gray-level
co-occurrence (GLCM), namely gray-level correlation (“f3”),
sum of squares (“f4”), sum variance (“f7”), sum entropy (“f8”),
and difference variance (“f10”) (16) were calculated using
MaZda version 4.6 (17) by a physicist (Rebecca Thornhill)
blinded to patient outcome. Feature definitions are provided
in Table 1. The decision to assess these five features was based
on a previous report showing that these showed potential
for discriminating benign from malignant nodules on noncontrast CT (18). Note that each GLCM feature was initially
computed for a distance of 1 pixel in each of the following
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directions: θ =0°, 45°, 90°, and 135°.
Study endpoints
The endpoint was local tumor recurrence. Patient response was
assessed with Response Evaluation Criteria in Solid Tumors
(RECIST). Recurrence was defined as local progression
of the treated lesion on serial CT thorax ± 18 F-FDG
PET/CT and multidisciplinary group consensus. Pathological
proof was obtained when feasible.

Figure 1 Axial CT image (lung window) depicting the largest
diameter of the tumor selected. Using a ROI tool, the outer
margin of the tumor is outlined and the contour is saved for texture
analysis. ROI, region of interest; CT, computed tomography.

Table 1 Textural feature definitions
Feature
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, Where P(i, j) indicates the joint probability of two pixels having
particular co-occurring values i, j = 1, 2, …, Ng. Ng indicates the
number of distinct gray levels, and μx, μy, σx, and σy indicate
means and standard deviations of the row and column sums of
the co-occurrence matrix [15].
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Statistical analysis
Given the large number of features calculated and the
relatively small number of patients, we summarized each
GLCM textural feature as the mean of all four directions
(θ =0°, 45°, 90°, and 135°). Longitudinal (baseline-post-last)
changes in each textural feature were assessed using nonparametric repeated measures ANOVA (Friedman tests)
with post-hoc Bonferroni correction for multiple
comparisons. For baseline textural features, differences
between patients who had LR and those without were
calculated using Mann-Whitney U tests. Subsets of these
features were used as predictors in logistic regression
models, with LR as outcome (19). We then constructed
receiver-operating characteristic (ROC) curves and
calculated the area under the curve (AUC) (and standard
error) for each model, both with and without 18F-FDG
PET/CT SUVmax. In each case, sensitivity and specificity
for predicting recurrence were assessed using the optimal
criterion. Given the sample size, we combined only two
textural features for any given model, to prevent over-fitting.
Statistical analyses were performed using MedCalc software
(version 12.14.0, Mariakerke/Belgium) and P values <0.05
were considered statistically significant.
Results
A total of 36 patients with 37 stage I peripheral NSCLC
met the inclusion criteria. Patient and tumor characteristics
are listed in Table 2. There were 18 LR tumors and 19 cases
with LC. Thirty-six CT scans of the thorax were reviewed
for the baseline pre-treatment analysis and 108 CT
scans were reviewed for the longitudinal analysis. There
were no statistically significant differences in the CT

qims.amegroups.com

Quant Imaging Med Surg 2017;7(6):614-622

Quantitative Imaging in Medicine and Surgery, Vol 7, No 6 December 2017
Table 2 Patient and tumor characteristics
Characteristics
Mean age

N
74±14 [66–95]

Sex
Male

17

Female

19

Histology
Adenocarcinoma

23 (62%)

Non-small cell carcinoma NOS

8 (22%)

Squamous cell carcinoma

6 (16%)

T stage
T1

30 (81%)

T2

7 (19%)

N stage
N0

37 (100%)

M stage
M0

37 (100%)

Tumor size (cm)
Mean
Median

2.1±1.1
1.7 (1.0–6.2)

Baseline CT
With contrast
Without contrast

4 (11%)
32 (89%)

Baseline SUVmax
Mean
Median

6.1±4.3
5.1 (1.5–21.2)

Treatment dose (Gy)
30

1 (3%)

54

4 (11%)

60

32 (86%)

Follow-up (months)
Mean
Median

29±18
23 [11–76]

CT, computed tomography; SUVmax, maximum standardized
uptake value; Gy, Gray; NOS, not otherwise specified.
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imaging parameters including kVp, slice thickness or pixel
resolution. Tumor size, T stage and SUVmax at baseline did
not differ significantly between the two groups. The median
time to LR was 19.4 months (range 15–49 months). LR
was proven by tissue biopsy in 5.6% (n=1), serial CT and
18
F-FDG PET/CT as well as multidisciplinary consensus in
33.3% (n=6) and serial CT and multidisciplinary consensus
in 61.1% (n=11). Distant metastases developed in 72.2%
(n=13) of LR group and 5.6% (n=1) of the tumors that did
not locally recur (P<0.001).
Tumor gray-level textural features were unchanged
between baseline and either the CT obtained after
determination of LR group, or the final CT scan evaluated
(in the group with LC group; P>0.05 for each). The
medians and interquartile ranges (IQR) for each feature,
and for every time point are depicted in Figure 2.
With respect to baseline CT textural features, both
gray-level correlation (f3) and sum variance (f7) were greater
in the group with LR, compared with the group with LC
[f3 LC 0.50 (0.34–0.61) vs. f3 LR 0.66 (0.58–0.75), P=0.02;
f7 with LC 61.9 (48.7–76.4) vs. f7 LR 70.5 (67.2–78.4),
P=0.04]. Conversely, gray-level difference variance (f10)
were significantly lower in the group with LR, compared
with the LC group [f10 LC 9.33 (7.99–12.37) vs. f10 LR 7.16
(6.02–9.70), P=0.004]. There were no significant differences
between groups for either f4 (sum of squares) or f8 (sum
entropy) [f4 LC 20.3 (19.1–24.7) vs. f4 LR 21.3 (20.7–23.8),
P=0.33; f8 LC 1.32 (1.28–1.45) vs. f8 LR 1.38 (1.33–1.42),
P=0.45].
The areas under the ROC curve (AUCs) for 18F-FDG
PET/CT SUVmax as well as for each of the individual CT
textural features are provided in Table 3. Of the five CT
features evaluated, f3, f7, and f10 were each significant
predictors of LR; the AUCs associated with f3 [AUC (SE)] =
[0.73 (0.08), P=0.007], f7 [0.69 (0.09), P=0.04], and f10
[0.78 (0.08), P=0.001] were significantly greater than 0.5.
The baseline SUVmax alone did not perform as well as these
radiomic features [AUC (SE)] = [0.62 (0.09), P=0.20].
The AUCs for each combination of CT textural features,
both with and without 18F-FDG PET/CT SUV max are
provided in Table 4. The logistic regression models generated
using difference variance (f10) and each of f3, f4, f7,
and f8 [resulted in AUC (SE) 0.75 (0.08), 0.76 (0.08), 0.77 (0.08),
and 0.75 (0.08), respectively (P≤0.003 for each model)]. The
addition of 18F-FDG PET/CT SUVmax to each model did
not result in a significant improvement in the AUC (P≥0.75,
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Figure 2 Box and whisker plots depicting medians, interquartile ranges and extrema for gray-level correlation (f3, A), sum of squares (f4, B),
sum variance (f7, C), sum entropy (f8, D), and difference variance (f10, E) extracted from CT images of tumors with LC and with LR, for serial
imaging exams (baseline, post-SBRT, and last CT). Longitudinal (baseline-post-last) changes in each textural feature were assessed using
non-parametric repeated measures ANOVA (Friedman tests) with post-hoc Bonferroni correction for multiple comparisons. Comparisons
between group medians (LC vs. LR) were assessed using two-tailed Mann-Whitney U tests. Feature definitions are provided in Table 1. LC,
local control; LR, local recurrence.

Table 3 Receiver operator characteristics for 18F-FDG PET/CT SUVmax and CT-textural features
Variable

AUC (SE)

P

Criterion

Se (%)

Sp (%)

0.62 (0.09)

0.20

>3

89

37

f3

0.73 (0.08)

0.007

>0.57

78

68

f4

0.59 (0.10)

0.34

>20

83

47

f7

0.69 (0.09)

0.04

>64.5

78

68

f8

0.57 (0.10)

0.47

>1.31

78

58

0.78 (0.08)

0.001

≤7.78

72

84

18

F-FDG PET/CT SUVmax

f10
18

18

F-FDG, 18 ( F) fluorodeoxyglucose; PET, positron emission tomography; CT, computed tomography; SUVmax, maximum standard uptake
value; AUC, area under the curve.

for each comparison; Table 4).

Our study has shown that, while tumor GLCM features
did not show significant changes on serial CT imaging
studies, there were significant differences in baseline
textural features between tumours that locally recurred and

those that did not. Three of the five gray-level correlation
matrix features that have previously been applied to
discriminate benign from malignant nodules on CT (gray
level correlation, sum variance, and difference variance) (18),
also demonstrate potential for predicting LR of early stage
NSCLC on baseline CT prior to SBRT.
Our results are aligned with those reported in the
literature but it is challenging to compare their performance
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Table 4 Receiver operator characteristics for combinations of PET and CT-textural features
Model

Without PET

With PET

P*

AUC (SE)

P

Se (%)

Sp (%)

AUC (SE)

P

Se (%)

Sp (%)

f3 + f4

0.73 (0.09)

0.009

78

68

0.73 (0.09)

0.009

83

58

1.00

f3 + f7

0.73 (0.08)

0.006

78

68

0.73 (0.09)

0.009

83

58

0.84

f3 + f8

0.73 (0.08)

0.007

78

68

0.73 (0.08)

0.006

67

74

0.95

f3 + f10

0.75 (0.08)

0.003

72

79

0.76 (0.08)

0.002

72

74

0.78

f4 + f7

0.72 (0.09)

0.01

78

68

0.73 (0.09)

0.009

83

58

0.85

f4 + f8

0.61 (0.10)

0.25

89

42

0.66 (0.09)

0.09

67

63

0.63

f4 + f10

0.76 (0.08)

0.001

72

74

0.75 (0.08)

0.002

61

79

0.76

f7 + f8

0.73 (0.09)

0.01

83

68

0.71 (0.09)

0.01

44

95

0.84

f7 + f10

0.77 (0.08)

0.001

67

89

0.76 (0.08)

0.001

67

79

0.75

f8 + f10

0.75 (0.08)

0.002

72

68

0.76 (0.08)

0.001

61

84

0.86

*, comparisons between models generated using textural features and those generated from combinations of textural features and PET
SUV were assessed using the method of De Long. PET, positron emission tomography; CT, computed tomography; SUV, standard uptake
value; AUC, area under the curve.

due to the choice of variable tumor stage for analysis,
definition of outcome variable as well as the use of different
scanning parameters, tumor segmentation methods, type
of filters, quantization schemes and feature selection
algorithms.
In a retrospective review of 54 consecutive patients
with stage I-IV NSCLC, Ganeshan (20) investigated the
relationship between tumor heterogeneity and survival.
The CT portion of the 18F FDG PET/CT examination
was used for texture analysis. First-order tumor uniformity
was a significant independent predictor of survival with an
AUC =0.596. None of the patients with uniformity <0.624
survived more than 2.5 years [odds ratio (OR), 56.4; 95% CI,
4.79–666; P=0.001]. Baseline SUVmax on 18F FDG PET-CT
was not significantly associated with survival. Ravanelli (21)
assessed the utility of first-order CT texture on baseline
contrast-enhanced CT in 53 patients with advanced lung
cancer. High texture uniformity was associated with a
favorable response to first line chemotherapy in patients
with adenocarcinoma. The product of mean gray-level and
first-order uniformity was predictive of response (OR, 1.14;
AUC under ROC curve =0.79). Weiss (22) assessed the
use of first-order features on pre-treatment CT in 48 stage
I–II NSCLC. Cox regression analysis indicated kurtosis
with coarse-texture was a significant predictor of overall
survival (HR, 2.547; 95% CI, 1.001–6.479; P=0.050). A
lower kurtosis was associated with poor survival. Parmar (23)

conducted the largest retrospective analysis of quantitative
CT textural features in 647 patients with stage I-III
NSCLC treated with radiation or chemo-radiation at two
institutions in the Netherlands. The authors derived 11
clusters of radiomic features based on first-order features,
second-order features (GLCM, RLNU), shape and wavelet
transformation that were associated with patient survival
and tumor stage. Depeursinge (24) derived predictive
models from wavelet transform on baseline CT images
in 91 patients with stage I adenocarcinoma treated with
surgery, 17 of which recurred. Their model was predictive
of recurrence with an AUC =0.8±0.1. Their definition of
recurrence was variable, being either local or due to the
development of distant metastatic disease. Grove (25)
looked at tumor shape (convexity score) and first-order
entropy of tumor periphery and tumor core on baseline CT
in 108 patients with stage I–IV treated with surgery and/
or radiation and/or chemo-radiation. Low convexity scores
and high entropy ratios were associated with poor survival
(P=0.008 and P=0.04 respectively).
Other investigators have assessed the utility of CT texture
in stage 1 NSCLC treated with SBRT to predict LR but
they performed their analysis on post-treatment scans rather
than at baseline. Mattonen (13) analyzed 22 patients with 24
lesions and found that tumors that recurred had significantly
increased variability of Hounsfield Units (HU) as measured
by the SD of the HU histogram in the ground-glass opacity
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(GGO) surrounding the tumor as early as 9 months postSBRT [210±14.5 HU for LR vs. 175.1±18.7 HU for no
recurrence (P=0.0078)] compared to 15 months using tumor
size assessment on CT alone. One of the reasons we chose
the baseline CT for analysis was that we found contouring
the tumor at baseline much easier and potentially more
accurate than on the post-treatment scans where the edges
of the lesion became obscured.
This study has several limitations. As with most reports
involving quantitative CT texture analysis, our sample size
is small and our study is retrospective in nature. The small
sample size is particularly relevant when considering the
number of textural features that were initially computed
for each tumor. Given our sample size, we elected to limit
our focus to the five GLCM textural features reported
by Dennie et al. (18) for the identification of malignant
nodules. Furthermore, we included only 10 combinations of
two textural features (with or without SUVmax on 18F-FDG
PET/CT) to reduce the likelihood of “overfitting” or
introducing bias from random differences between tumor
classes. Results were derived from a single institution and
thus are hypothesis generating. Patient data were acquired
on a variety of CT scanners and this may have resulted
in variability in CT attenuation with a potential effect
on the estimation of texture features. This should have
been mitigated by the normalization procedure that was
performed prior to texture analysis, however, future studies
will need to address the potential influence of both scanner
and noise on CT textural features. Tumor regions of interest
for textural analysis were drawn manually by a single
observer but manual segmentation is the current reference
and previous texture analysis studies have reported a high
degree of intra- and inter-observer reproducibility (21,26).
We hope to investigate the use of automated segmentation
in the future. Despite its limitations, our study is unique
in that we specifically limited our analysis to patients with
stage I NSCLC treated with SBRT rather than patients
with a variety of stages undergoing a variety of treatment
approaches and we assessed the utility of textural features
to predict LR on pre-treatment CT. We implemented
models that incorporate both quantitative imaging and
SUVmax on 18F FDG PET-CT to assess the added benefit
of quantitative imaging features to conventional prognostic
factors as well as SUVmax. Models capable of stratifying
patients with a single disease stage may be more clinically
useful because different stages of disease dictate different
therapeutic options.
In conclusion, our results suggest that quantitative CT

texture analysis has the potential to predict LR in early
stage NSCLC treated with SBRT. With optimization and a
large, prospectively designed study, this approach shows the
potential to provide predictive markers of recurrence thus
allowing better prognostication as well as tailored treatment
and post-therapeutic monitoring.
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