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Abstract
The purpose of this research was to study the sensitivity of Computed Tomography (CT) radiomic
features to motion blurring and signal-to-noise ratios (SNR), and investigate its downstream effect
regarding the classification of non-small cell lung cancer (NSCLC) histology.
Forty-three radiomic features were considered and classified into one of four categories:
Morphological, Intensity, Fine Texture, and Coarse Texture. First, a series of simulations were used
to study feature-sensitivity to changes in spatial-temporal resolution. A dynamic digital phantom
was used to generate images with different breathing amplitudes and SNR, from which features were
extracted and characterized relative to initial simulation conditions. Stage I NSCLC patients were
then retrospectively identified, from which three different acquisition-specific feature-spaces were
generated based on free-breathing (FB), average-intensity-projection (AIP), and end-of-exhalation
(EOE) CT images. These feature-spaces were derived to cover a wide range of spatial-temporal
tradeoff. Normalized percent differences and concordance correlation coefficients (CCC) were
used to assess the variability between the 3D and 4D acquisition techniques. Subsequently, three
corresponding acquisition-specific logistic regression models were developed to classify lung tumor
histology. Classification performance was compared between the different data-dependent models.
Simulation results demonstrated strong linear dependences (p  >  0.95) between respiratory
motion and morphological features, as well as between SNR and texture features. The
feature Short Run Emphasis was found to be particularly stable to both motion blurring
and changes in SNR. When comparing FB-to-EOE, 37% of features demonstrated high
CCC agreement (CCC  >  0.8), compared to only 30% for FB-to-AIP. In classifying tumor
histology, EoE images achieved an average AUC, Accuracy, Sensitivity, and Specificity of
0.70 ± 0.02, 0.67 ± 0.02, 0.60 ± 0.06, and 0.76 ± 0.05, respectively. FB images achieved respective values
of 0.60 ± 0.02, 0.61 ± 0.02, 0.70 ± 0.06 and 0.51 ± 0.07, and AIP images achieved respective values of
0.52 ± 0.02, 0.53 ± 0.02, 0.60 ± 0.21 and 0.46 ± 0.21.
Several radiomic features have been identified as being relatively robust to spatial-temporal
variations based on both simulation data and patient data. In general, features that were sensitive to
motion blurring were not necessarily the same features that were sensitive to changes in SNR. Our
modeling results suggest that the EoE phase of a 4DCT acquisition may provide useful radiomic
information, particularly for features that are highly sensitive to respiratory motion.

1. Introduction
Modern cancer medicine has been experiencing a paradigm shift towards quantitative imaging applications
that emphasize a personalized approach to healthcare. The emerging field of radiomics is a leading example.
Radiomics aims to transform standard-of-care medical images into mineable data, from which computational
© 2018 Institute of Physics and Engineering in Medicine
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biomarkers can be developed (Kumar et al 2012). These biomarkers—so called radiomic signatures—may be able
to non-invasively detect tumor phenotypes such as the underlying histopathology, genetic mutation status, and
therapeutic responsiveness (Aerts et al 2014). While radiomics is certainly an attractive avenue towards more
robust clinical decision making, its feasibility is currently limited due to wide variation among routine medical
imaging (Kumar et al 2012, Leijenaar et al 2013). In this paper, we investigate radiomic feature variability based
on both simulation data and retrospective clinical data.
In general, the effects of stochastic image acquisition regarding radiomics analysis are poorly understood. As a
result, the number of studies investigating the robustness of radiomic features has increased in recent years (Leijenaar et al 2013, Parmar et al 2014, Zhao et al 2014, Fave et al 2015, Mackin et al 2015, Nyflot et al 2015, Oliver et al
2015, Velden et al 2016, Bogowicz et al 2016, Kim et al 2016, Zhao et al 2016, Carles et al 2018). To give a few examples,
Leijenaar et al (2013) examined feature test–retest reliability using eleven positron emission tomography (PET)
images of non-small cell lung cancer (NSCLC) patients. They concluded that while several features were stable in
terms of their intra-class correlation coefficient, further research needs to be done regarding quantitative imaging
feature variability. Next, Velden et al (2016) studied the impact of reconstruction method and target delineation
on feature repeatability. They concluded that many of their features were often more sensitive to changes in delineation rather than reconstruction. Further, Mackin et al (2015) developed a specially designed radiomics phantom
to measure CT inter-scanner feature variability. They demonstrated a large variability within CT-derived features,
and recommended considering inters-scanner variability for future radiomics studies. Finally, Oliver et al (2015)
performed a robust 10-phase 4D-PET stability analysis, investigated tumor deformation effects, and compared
free-breathing 3DCT features with those from a single phase of the 4DCT. Carles et al (2018) similarly studied
4D-PET variability and the impact that motion compensation has on radiomic features.
The radiomics community certainly seems to be embracing a sense of awareness towards the importance of
a more robust practice. However, we were not able to find many studies explicitly designed to translate featurespace variation into differences in machine learning performance. As such, there remains only a vague description of how stochastic imaging variability ultimately perturbs the downstream mathematical models within a
radiomics pipeline. In particular, imaging features derived from dynamic environments—such as the lungs—are
highly susceptible to increased variability and motion artifacts. Feature sensitivity to respiratory motion may be
particularly important when considering radiomics applications for thoracic and abdominal cancers. A better
understanding how changes in spatial-temporal image resolution relate to feature variability may improve the
overall modeling of related radiomics end-points.
In this paper, we first systematically study the sensitivity of radiomic features to changes in motion blurring
and signal-to-noise ratio (SNR) using a dynamic digital phantom simulation. We then further study feature sensitivity within a clinical dataset, using acquisition-specific radiomic feature-spaces. By extracting features from
both (1) low temporal resolution  +  high SNR and (2) high temporal resolution  +  low SNR clinical images, we
measure the inherent concordance differences between 3D and 4D imaging techniques. Finally, as an illustrating example, we investigate the effect that acquisition-specific features may have in the classification of NSCLC
histology. As the differentiation of Squamous Cell Carcinoma versus Adenocarcinoma is known to be associated
with distinct histologic features such as differences in glandular architecture, intercellular bridging, and individual cell keratinization (Rekhtman et al 2011, Travis et al 2011). It is therefore a suitable radiomic endpoint (Basu
et al 2011, Parmar et al 2015, Wu et al 2016) to study the downstream effects of feature space variability. Figure 1
summarizes the workflow of this research.

2. Methods
2.1. Radiomic features
A total of 43 unique quantitative radiomic features were considered for this study. Briefly, these features can be
classified into four classes:
	  I.	Intensity Features: Measure the overall density characteristics of the tumor. We have chosen to define
these features based on the image’s gray-level histogram. This is a probability density function (PDF)
describing the frequency of gray-level occurrences within the tumor (Aerts et al 2014).
II.	Fine Texture Features: Capture heterogeneities present within the tumor’s detailed, high-resolution
structure at the imaging system’s resolution-limit (small-scale). We have chosen to define these
features based on the image’s gray-level co-occurrence matrix (GLCOM) with a search radius of 1
voxel. The GLCOM is a joint PDF describing the tumor’s grayscale spatial dependence by detecting the
frequency of co-occurring adjacent voxel pairs having the same intensity (Haralick et al 1973).
III.	Coarse Texture Features: Capture heterogeneities present within the tumor’s approximate, lowresolution structure (large-scale). We have chosen to define these features based on the image’s graylevel run length matrix (GLRLM). The GLRLM is a joint PDF that detects the frequency of run-lengths
2
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Figure 1. Overall research workflow. Radiomic analysis was performed on both patient data and simulation data. Regarding the
simulation study, radiomic feature sensitivity was systematically investigated in a controlled simulation environment to identify
features that are potentially invariant to changes in spatial-temporal resolution. Regarding patient data, different types of CT images
were used to create acquisition-specific radiomic feature spaces. The rational here was to study the difference between 3D and 4D CT
acquisitions, and such that feature spaces were compared relative to study the inherent variability existing with them. Each feature
space was then used to construct an acquisition-specific model of NSCLC histology classification, so that performance differences
could be directly compared.

(i.e. the size of a set of consecutive voxels with the same grayscale intensity) at a given offset
(Tang 1998).
IV.	Morphological Features: Describe the overall 3D size and shape of the tumor (Guo et al 2015).
Image texture is inherently scale-dependent, which is why we chose to differentiate Fine Texture (small-scale)
from Coarse Texture (large-scale). Further, image texture should be rotationally invariant (Tang 1998, Guo et al
2015). As such, each GLCOM and GLRLM calculation was performed in 13 directions (corresponding to the
13 unique axes-of-rotation within a cubic voxel), and the average feature value was used in subsequent analysis (Aerts et al 2014). All texture features were calculated in 3D within this approximate rotationally invariant
system. Feature extraction was performed using our in-house radiomics software developed in MATLAB
(Mathworks, Natick, MA). A complete list of features used in this study is presented in figure 2.
2.2. Dynamic digital phantom simulation study
The following computational experiments were carried out using a dynamic digital phantom. The 4DCT
Extended Cardiac-Torso (XCAT) (Segars et al 2010) code was used to simulate a dynamic respiratory
environment. Sixteen simulated XCAT images were generated with breathing amplitudes (BA) ranging from
0 mm to 30 mm in the superior-inferior direction. Each image was generated with ten respiratory phases
3
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Figure 2. Features extracted for this study, color-coded by their respective class.

(time frames), from which an average image was calculated. Radiomic analysis was performed on a lesion with
a maximum 3D diameter of 3.8 cm, located in the middle of the right lung. From each image, all 43 features
(figure 2) were extracted, producing a set of feature values as a function of increasing motion blurring. Noise was
sequentially added to the simulation environment by sampling a set of zero-mean Gaussian probability density
functions with increasing variances. Individual variance values were inversely chosen to generate a set of images
with monotonically decreasing SNR values, ranging from 16-to-3. All 43 features were again extracted from each
simulation scenario, producing a set of feature values as a function of increasing image noise.
All radiomic features were characterized relative to the initial simulation conditions as follows. Feature sensitivity was first quantified by the absolute percent change from baseline,


fi,o − fi,j 
 



D fi,j =
(1)
max |fi,o | , fi,j 
where, fi,o is the ith feature value under initial simulation conditions, and fi,j is the ith feature value under the jth
∂fi,j
simulated perturbation. Additionally, the derivative of each feature’s response to the perturbations, i.e. ∂BA
and
∂fi,j
,
was
calculated
as
a
measure
of
stability.
Further,
to
identify
features
that
were
linearly
dependent
to
either
∂SNR
increasing noise and/or breathing motion, linear correlation coefficients were calculated between each feature
with SNR and breathing amplitude.

2.3. Patient study
Preliminary simulation results demonstrated a large degree of feature variability when introduced to systematic
changes in breathing amplitude and SNR. This motivated us to study the problem on real patient data. As such,
we analyzed acquisition-specific feature spaces retrospectively derived from early stage NSCLC patients. After
measuring the concordance between the different feature spaces derived from both 3DCT and 4DCT images, we
use tumor histology as an example to demonstrate the potential impact that spatial-temporal variation can have
on downstream modeling. All analysis in this paper was performed based on pre-treatment data (pre-treatment
imaging, pre-treatment biopsy, etc).
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2.4. Patient criteria and characteristics
This study was Institutional Review Board (IRB) approved for radiomic analysis of stage I NSCLC patients
treated with stereotactic body radiation therapy (SBRT) at our institution between 2007 and 2014 (n  =  97).
Patients were excluded based on the following criteria: (a) no biopsy was performed (n  =  16); (b) inconclusive,
non-specific biopsy results (n  =  25); (c) significant chestwall invasion (n  =  8), (d) no available 4D imaging
due to a breath hold treatment plan (n  =  12); and (e) no 4DCT projection data (required to reconstruct phase
images) on file (n  =  5).
2.5. CT image acquisition and tumor segmentation
For each patient, the following images were studied:
•	Free-breathing (FB) CT, denoted as CTFB
•	Average-intensity-projection (AIP) composite 4DCT, denoted as CTAIP
•	End-of-exhalation (EoE) phase composite 4DCT, denoted as CTEoE
These three image types were strategically chosen based on our motivating assumption: the quality of a feature-space is highly sensitive to spatial-temporal differences. The two composite 4DCT images, CTAIP and CTEoE ,
were analyzed to capture (a) low temporal resolution  +  high SNR, and (b) high temporal resolution  +  low SNR,
respectively (relative to CTFB ). CTAIP images have a relatively high SNR, but at the expense of a large degree of
motion blurring; and CTEoE images have negligible motion blurring effects, but at the expense of poor SNR. This
is because CTAIP image include projection information from all 4DCT phases (low temporal resolution, high
SNR), and CTEoE is essentially an under-sampled snap-shot of the tumor (high temporal resolution, low SNR)
(Zhang et al 2014). As a reference, the SNR of each image type was determined by measuring the average Hounsfield Unit within a uniform 50  ×  50  ×  5 voxel region in the liver (a roughly 36 cc volume), and dividing it by the
region’s standard deviation.
All images per patient were acquired on either a GE Lightspeed CT scanner (160 slices, 0.8 mm in plane resolution, 2.5 mm slice thickness, 120 kVp), or a Siemens Biograph mCT scanner (160 slices, 0.8 mm in plane resolution, 2–3 mm slice thickness, 120 kVp) during the treatment planning CT simulation process. Breathing signals
were generated from a Varian RPM device placed on the abdominal surface of each patient during image acquisition. All 4DCT images were generated based on a retrospective phase-based sorting technique, and reconstructed
using a filtered back projection reconstruction algorithm. Both scanners were calibrated using an identical QA
protocol and phantom.
The tumor was directly contoured on each CTFB image and CTEoE image, as the tumor boundary is well
defined. Regarding the CTAIP images, the tumor was first contoured on the 4DCT maximum-intensity-projection (MIP) composite image to define its 10-phase range-of-motion. This contour was then combined with
the corresponding CTFB contour to estimate the envelope of the tumor during the respiratory cycle. The CTFB
images were registered to the 10-phase 4DCT, MIP and AIP images using commercially available rigid registration software within the clinical treatment planning system. To reduce inter-observer variability, the same physician contoured 81% of the cases, and all remaining contours were verified by the same physician and a physicist
prior to radiomic feature extraction.
2.6. Generation of acquisition-specific radiomic feature spaces
Based on the 43 quantitative descriptors defined in figure 2, acquisition-specific feature-spaces were
mathematically defined as follows. Given an image, f , we define the ith patient’s radiomic signature as,


x i ( f ) = [I1 , · · · , I4 , F1 , · · · , F22 , C1 , · · · , C11 , M1 , · · · , M6 ]
(2)


where, each component of the vector, x i, is a unique feature extracted from the contour within f . Accordingly,
three different acquisition-specific radiomic feature-spaces were defined as follows. For n patients, we let
f = CTFB to derive a free breathing feature-space,
¶
©n
⊂ R43 ,
XFB ≡ x i (CTFB )
(3)
i=1

let f = CTAIP to derive an Average Intensity Projection feature-space,
¶
©n
⊂ R43 ,
XAIP ≡ x i (CTAIP )
(4)
i=1

and let f = CTEoE to derive an end-of-exhalation feature-space,
¶
©n
⊂ R43 .
XEoE ≡ x i (CTEoE )
(5)
i=1
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2.7. Variability within acquisition-specific radiomics feature spaces
The motivation here was to study the inherent variability between 3D and 4D acquisition protocols, so XAIP and
XEoE were independently compared to XFB. For each pair-wise comparison, the absolute normalized percent
difference (bound between 0% and 200%) was calculated, feature-by-feature. Additionally, Concordance
Correlation Coefficients (CCC) were calculated and scored into three categories: Strong Agreement: CCC  >  0.8;
Moderate Agreement: 0.8  >  CCC  >  0.5; and Poor Agreement: CCC  <  0.5. Similar scoring breakdowns were used
by Oliver et al (2015) and Parmar et al (2014).
2.8. Variability of lung cancer histology classification
In this section, we use a quantitative radiomics approach to classify NSCLC histology, and investigate model
sensitivity to the acquisition-specific feature-spaces. Using the features obtained from XFB, XAIP , and XEoE , three
different regularized logistic regression models were independently developed to differentiate Adenocarcinoma
from Squamous Cell Carcinoma. The authors note that the purpose of this paper was to investigate radiomic
feature variability, and that tumor histology is merely being used as an illustrating example to demonstrate how
such variability can potentially effect downstream modeling.
To identify the components of equation (2) most predictive of tumor histology, the LASSO (least absolute
shrinkage and selection operator) Method was used for feature selection by limiting the number of non-zero
regression coefficients. Modeling details are as follows. First, h was defined as the inner product between the ith

radiomic signature and a set of weights, α ,

Ä
ä   
h x i ( f ) = α  x i ( f ) = α1 I1 + · · · + α5 F1 + · · · + α27 C1 + · · · + α43 M6 ,
(6)

which was subsequently evaluated within a non-linear, logistic link function, g ,
Ä Ä
ää
1
  ,
g h xi(f) =
(7)
−h x i ( f )
1+e


to estimate the classification probability between g = 0 and g = 1. Weighting components, α , were determined
by minimizing a cost function, J


43
n
äó
î
Ä
äó
î Ä
Ää

1
αj2 ,
yi log g x i ( f ) + (1 − yi ) log 1 − g x i ( f ) + λ
J α = arg min −
n

(8)

j=1

i=1

where, λ is the LASSO regularization operator, and yi is the binary class of NSCLC histology associated with
the ith patient, such that yi = 0 represents Adenocarcinoma and yi = 1 represents Squamous Cell Carcinoma.

The parameter λ defines the number of non-zero components of α in equation (6), and was determined
during the training phase via cross-validation (Guo et al 2015).
Based on equations (6)–(8), independent model training and evaluation was carried out with inputs from

each feature-space ( XFB, XAIP , and XEoE ) to produce three unique sets of optimized α vectors that are inherently acquisition-specific. Each model was evaluated using a 10-fold cross-validation technique bootstrapped
5 times, and model performance was evaluated based on both Accuracy and receiving operator characteristic
(ROC) curve analysis (i.e. area-under-the-curve (AUC), Sensitivity, and Specificity). Sensitivity and specificity
were reported at the threshold which maximized Youden’s Index (Youden 1950),
Y = {Sensitivity + Specificity − 1} .
(9)

To quantitatively compare the four different performance metrics between the different acquisition-specific
models, p-values were calculated based on a permutation test with 100 iterations. A p-value  ⩽  0.05 was considered
to be statistically significant.

3. Results
3.1. Dynamic digital phantom simulation study
The absolute percent change from baseline for each feature as a function of simulation progress is reported
in figure 3. The red data demonstrates a particular feature’s response to increased noise, while the blue data
demonstrates its response to increased motion. Regarding stability, each class’s feature with the lowest derivative
with respect to increasing noise was: Skewness (I-4), Correlation (F-6), and Short Run Emphasis (C-1). Similarly,
each class’s feature with the lowest derivative with respect to increasing motion was: Entropy (I-2), Information
Measure of Correlation 2 (F-14), Run Length Non-uniformity (C-4), and Sphericity (M-3).
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Figure 3. Computational phantom results demonstrating each feature’s absolute percent change (normalized from 0%–200%)
from baseline conditions. The red data demonstrates a particular feature’s response to increased noise, while the blue data
demonstrates its response to increased motion. Respiratory motion and image noise were simulated with breathing amplitudes of
0-to-30 mm and SNR from 16-to-3, respectively, as a function of simulation progress.

Five features demonstrated a strong linear dependence to breathing amplitude, as determined by a correlation coefficient  >  ±0.95. M-1 and M-4—two features that aim to capture tumor shape irregularity—both
increased as a function of breathing amplitude. Similarly, M-5 and M-6—two features that aim to capture tumor
size—also both increased as a function of breathing amplitude. M-3—a feature that aims to capture tumor shape
regularity—decreased as a function of breathing amplitude.
Nine features demonstrated a strong linear dependence with SNR. F-11, F-12 and F-17—features that aim to
capture gray-level uniformity—each increased as a function of SNR. I-2, F-7, F-10, F-14, F-20 and C-3—features
that aim to capture gray-level heterogeneity—each decreased as a function of SNR.
3.2. Patient characteristics
Following IRB exclusion criteria, a total of 31 stage 1 NSCLC patients were included in the clinical data analysis.
These patients were retrospectively identified as meeting three primary data availability requirements: (a) an
existing free-breathing 3DCT, (b) an existing 4DCT, and (c) a known tumor histology. The average age of the
patient cohort was 77  ±  8.5 years, and there were 17 males to 14 females. Regarding tumor histology, 14 patients
were diagnosed with Adenocarcinoma and 17 patients were diagnosed with Squamous Cell Carcinoma. All
tumors were small, T1 peripheral lesions surrounded by lung parenchyma, with no nodal involvement, such that
a maximum contrast was achieved between tumor and lung. Regarding tumor location, 19 patients (61%) had
lesions located in the upper lobes of the lungs, and 12 patients (39%) had lesions located in the lower lobes, closer
to the diaphragm.
3.3. Variability within acquisition-specific radiomic feature spaces
The statistically significant mean SNR of each image type was 8.0, 4.4 and 3.4, respectively, for CTAIP , CTFB , and
CTEoE (p  <  0.0001, p  =  0.02). The XFB-to- XEoE CCC values resulted in 37% of features demonstrating High
Agreement, 47% demonstrating Medium Agreement, and 16% demonstrating Poor Agreement. The XFB-toXAIP CCC values resulted in 30% of features demonstrating High Agreement, 51% demonstrating Medium
Agreement, and 19% demonstrating Poor Agreement. A complete list of CCC values are provided in table 1. The
normalized percent difference between the 3D- and 4D-derived feature-spaces is shown in figure 4. The key
finding is the following: if there were no stochastic differences resulting from different image types, figure 4
would be completely black. However, the brighter intensities signify features that are different between 3D and
4D acquisition. For example, while nominal morphological and intensity feature differences can be observed
between XFB and XEoE , there are more prevalent differences when comparing XFB and XAIP .
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Table 1. Concordance correlation coefficients of radiomic feature spaces derived from 3D and 4D CT acquisitions. The free breathing CT
feature space, XFB, was independently compared to both the average intensity projection, XAIP , and end of exhalation phase, CTEoE , feature
spaces, derived from the 4DCT.

Feature

CCC
XFB /XAIP

CCC
XFB/XEoE

Feature

CCC
XFB /XAIP

CCC
XFB/XEoE

F1

0.57

0.50

I1

0.34

0.95

F2

0.55

0.49

I2

0.93

0.97

F3

0.55

0.50

I3

0.82

0.71

F4

0.57

0.50

I4

0.74

0.79

F5

0.62

0.69

C1

0.84

0.83

F6

0.45

0.47

C2

0.28

0.62

F7

0.78

0.80

C3

0.40

0.46

F8

0.72

0.80

C4

0.87

0.86

F9

0.51

0.53

C5

0.87

0.82

F10

0.70

0.70

C6

0.85

0.58

F11

0.82

0.83

C7

0.57

0.59

F12

0.82

0.84

C8

0.80

0.56

F13

0.17

0.41

C9

0.44

0.51

F14

0.50

0.60

C10

0.94

0.67

F15

0.62

0.70

C11

0.30

0.75

F16

0.73

0.81

M1

0.98

1.00

F17

0.09

0.07

M2

0.73

0.95

F18

0.53

0.51

M3

0.74

0.93

F19

0.60

0.49

M4

0.74

0.90

F20

0.65

0.67

M5

0.99

1.00

F21

0.57

0.50

M6

0.99

1.00

F22

0.56

0.49

Note: a complete list of all radiomic features is provided in figure 2.
Bold and italic indicates strong agreement, italic indicates moderate agreement, bold indicates poor agreement.

Figure 4. Percent difference between feature spaces generated from 3D and 4D CT acquisitions. Free-breathing is compared to AIP
images (left), and to EOE images (right). Column vectors represent patient radiomic profiles defined in each feature-space, where
the intensity of each matrix element is the absolute percent difference, normalized between 0-and-200%.

3.4. Variability of lung cancer histology classification
Model performance results are summarized in figure 5. The CTEoE images produced the overall best performing
model (AUC = 0.70 ± 0.02, Accuracy = 0.67 ± 0.02, Sensitivity = 0.60 ± 0.06, Specificity = 0.76 ± 0.05), the CTFB
images produced a slightly worse model (AUC = 0.60 ± 0.02, Accuracy = 0.61 ± 0.02, Sensitivity = 0.70±
8
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0.06, Specificity = 0.51 ± 0.07), and the CTAIP images produced the worse performing model
( AUC = 0.52 ± 0.02, Accuracy = 0.53 ± 0.02, Sensitivity = 0.60 ± 0.21, Specificity = 0.46 ± 0.21 ) .
Statistically significant differences in each performance metric was observed between the different image types
(p  <  0.001).

4. Discussion
In his 1973 manuscript, Haralick argued that, ‘texture is an innate property of all surfaces’, recognizing early
on the importance of second-order statistics to image classification (Haralick et al 1973). However, routine
medical imaging today is plagued by variability. Consequently, texture features—most radiomic features for that
matter—are currently limited in their clinical application. To resolve this problem, stochastic image acquisition
needs to be better understood with respect to specific radiomic endpoints. That is, feature space quality—
analogous to image quality—may be inherently task-based. Breath-hold CT images—which maximize both
temporal resolution and SNR—should theoretically generate the highest quality feature-space. However, this
static image acquisition approach may not always be a standard-of-care option for lung cancer patients. As such,
it is important to characterize how feature-space quality is affected by dynamic CT acquisition.
According to our noise simulation results, the most robust feature from each class was: Skewness—a measure
of asymmetry within a tumor’s gray-level histogram (Aerts et al 2014); Correlation—a measure of image linearity (Haralick et al 1973); and Short Run Emphasis—a measure of local tumor heterogeneity (Tang 1998). According to our motion simulation results, the most robust feature from each class was: Entropy—a measure of firstorder gray level randomness (Aerts et al 2014); Information Measure of Correlation 2—a measure of gray-level
non-linearity (Haralick et al 1973); Run Length Non-uniformity—a measure of local tumor heterogeneity (Tang
1998); and Sphericity—a similarity metric comparing a tumor to a sphere (Aerts et al 2014).
Several other studies have similarly identified many of these features as being robust to various scenarios. For
example, Larue et al (2017) used the RIDER dataset to show that Entropy, Short Run Emphasis, Run Length Nonuniformity, Information Measure of Correlation 2, and Sphericity were all reproducible under test–retest conditions. In the same study, it was also shown that these features, in addition to Skewness, were consistent across different 4DCT respiratory phases (Larue et al 2017). In their investigation of the impact of different reconstruction
algorithms, Kim et al (2016) found Sphericity and Entropy to be stable when comparing filtered back projection
to iterative reconstruction.
Our patient data results demonstrate that modeling discrepancies regarding the classification of lung tumor
histology were triggered by a high degree of variability within acquisition-specific feature spaces. Overall, XFB
was more similar to XEoE than XAIP , a finding supported by both CCC results and normalized percent differences
between the feature spaces. This finding implies that that motion blurring might be a relatively small effect within
the local tumor environment of small, early stage cancers. These results were consistent with modeling performance, as XFB models generally out-performed XAIP models (figure 5).
Specifically, when comparing XFB to both XEoE and XAIP , the features with the least amount of variability were Entropy, Homogeneity 1 & 2, Short Run Emphasis, Run Length Non-uniformity, Run Percentage,
Compactness 1, Surface Area, and Volume. Each of these features demonstrated a CCC  >  0.8 for both the XFB-toXEoE comparison, as well as the XFB-to- XAIP comparison. In agreement with these findings, we note that all of
these features have been shown to have high test–retest performance, as well as consistency across different 4DCT
phases (Larue et al 2017). Additionally, Short Run Emphasis has been shown to be a robust radiomic feature in
several additional studies. For example, Oliver et al (2015) reported an average percent difference of  <2% when
measuring Short Run Emphasis in 3DCT versus 4DCT. Likewise, Carles et al (2018) measured an average Short
Run Emphasis coefficient of variance of  <15% across ten phases of 4D-PET. The most variable features when
comparing XFB to both XEoE and XAIP were Correlation, Information Measure of Correlation 1, Inverse Variance,
and Gray Level Non-uniformity. Oliver et al (2015) also found Gray Level Non-uniformity to be highly variable in
their study, which is consistent with our findings.
Several texture features which capture tumor heterogeneity demonstrated a strong inverse dependence to
image SNR, including GLCOM Entropy, Sum Entropy, Short Run Emphasis, and Run Length Non-Uniformity.
These findings—which are consistent with simulation results—indicate that on average the noisy EOE images
appeared more heterogeneous than the AIP images. Similarly, Skewness, Homogeneity1, and Homogeneity2 each
demonstrated a strong linear relationship with SNR, indicating that the tumors were on average more homogenous and their histograms more skewed in the AIP images. These results were also consistent with simulation
data. It is possible that this averaging effect perturbed the quality of the XAIP feature-space, perhaps contributing
to the corresponding poor modeling results. However, we note that interpretation of the reported AUC values
in an absolute sense warrants caution. Instead, the key finding is that the unique nature of this analysis resulted
in statistically significant differences in the AUC values by utilizing different CT acquisitions. Additionally, we
note that our findings demonstrate several features that change non-linearly with motion. These features are all
9
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Figure 5. ROC analysis for histology classification based on different acquisition-specific feature-spaces as input data. Performance
metrics are indicated on the right, and all three mean curves are statistically different with largest pair-wise p-value  <  0.001.

associated with spatial changes in intensity distribution (i.e. entropy, correlation), and may be the result of a
phase image canceling effect at different breathing amplitudes. However, this effect warrants further invest
igation in future studies.
We believe that 4DCT is a reasonably sufficient way to study different spatial-temporal extremes when using
retrospective data. The paper by Larue et al (2017) seems to agree with this, as their study design essentially uses
different phases of the 4DCT as surrogates for test–retest images. We note that Huynh et al (2017) worked with
4DCT data to model SBRT outcomes based on radiomic features from FB and AIP images. In contrast to our
findings, their study concluded that AIP images contained more relevant information than FB images for their
application. There are a few fundamental differences in study design that may contribute to this discrepancy.
First, their modeling application is of course different; we model histology, while Huynh et al modeled treatment
outcomes. Arguably more important, however, is the different methods of tumor segmentation on AIP images.
In particular, Huynh et al appear to have contoured directly on AIP images, while we chose to systematically
incorporate MIP information into our segmentations. Generally speaking, it is straightforward to contour the
tumor on FB and EoE images because the tumor boundary is clear. However, the AIP image essentially shows the
envelop of the tumor during motion, instead of its anatomy, and manual segmentation of the tumor’s periphery
can often be non-trivial. While there is currently no standard segmentation approach for radiomics applications,
different methods will of course affect results. In fact, Velden et al (2016) reported that radiomic features were
more sensitive to target delineation than reconstruction technique.
We were unable to find any studies that derived radiomic feature spaces from CTEoE images to be used as a primary feature space for modeling. In theory, CTEoE images—which are in some sense under-sampled breath-hold
approximations—should be capable of producing a reasonably high-quality feature-space, assuming that the
chosen features are approximately noise-invariant. Our modeling results support this, as CTEoE images were better at differentiating tumor histology relative to both CTFB images and CTAIP images. This finding demonstrates
that high-temporal resolution, low SNR CTEoE images may be capable of producing a relatively high-quality feature-space, as long as the selected features are still reproducible at low SNR. The high noise present in these phase
images was most likely due to a few reasons. First, there is generally a trade-off between spatial and temporal resolution, as each 4DCT phase contains only 10% of the projection information. Second, and more predominantly,
the low SNR values are likely a consequence of our institution’s low-dose 4D acquisition protocol. For obvious
reasons, commercial vendors are continuously manufacturing lower-dose CT technology, which can unfortunately perturb voxel-level, quantitative radiomics analysis. Careful consideration is warranted when deriving
feature spaces from low SNR images, such as phase images from a 4DCT, as image texture in particular is known
to be vulnerable to quantum noise fluctuations (Solomon and Samei 2014, Solomon et al 2016).

10

Phys. Med. Biol. 63 (2018) 225003 (12pp)

K Lafata et al

While this study presents a novel avenue of investigating radiomics variability, it is not without limitation.
First, we acknowledge that the size of the patient cohort is relatively small. However, this complete dataset permitted a robust investigation of noise- and motion-induced radiomics variability, as well as subsequent end-to-end
effects on modeling tumor histology. We would also point out that the size of our dataset is comparable to other
published radiomic variability studies (Leijenaar et al 2013, Parmar et al 2014, Kim et al 2016, Mackin et al 2015).
Our primary concern was with developing a complete dataset of high data quality. The primary goal was not to
build robust histology classification models; but rather to demonstrate the possible side-effects of acquisitionspecific modeling. The differences in AUC were used as a means to demonstrate one aspect of feature variability
(in addition to concordance and simulation results). Second, our simulation made several assumptions, including a linear breathing model, and a simplified, uncorrelated noise model. In reality, respiratory motion is often
accompanied by tumor deformation (Harris et al 2017) and noise power spectra change as a function of spatial
frequency (Solomon and Samei 2014). Our future work will include a more detailed simulation engine, possibly
with the inclusion of patient-specific breathing profiles and irregularities.

5. Conclusions
Sensitivity of radiomic features to routine clinical imaging variation is inherently broad and feature-specific.
This study has investigated the sensitivity of radiomic features to respiratory motion and image noise using both
simulation data and clinical patient data. Several radiomic features were identified as being relatively robust to
spatial-temporal variations. In general, features that were sensitive to motion blurring were not necessarily the
same features that were sensitive to changes in SNR. Further, acquisition-specific feature spaces demonstrated a
high variability that was shown to affect the downstream modeling of NSCLC histology. Our modeling results
suggest that the EoE phase of a 4DCT acquisition may provide useful radiomic information, particularly for
features that are highly sensitive to respiratory motion. We would assert that investigators studying radiomics still
do not know exactly how motion blurring and SNR contribute to feature-space quality. Variability of radiomic
features is therefore a very important research topic that has yet to be fully investigated. This uncertainty is a
major obstacle that needs to be studied if radiomics is ever to be used for clinical decision making in the future.
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