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ABSTRACT

KEYWORDS

Hypofractionated radiotherapy (HFRT) is an effective and increasingly-used treatment for early stage non-small cell
lung cancer (NSCLC). Stereotactic ablative radiotherapy (SABR) is a form of HFRT and delivers biologically effective
doses (BEDs) in excess of 100 Gy, in 3-8 fractions. Excellent long-term outcomes have been reported; however, response
assessment following SABR is complicated as radiation induced lung injury can appear similar to a recurring tumor on CT.
Current approaches to scoring treatment responses include Response Evaluation Criteria in Solid Tumors (RECIST) and
positron emission tomography (PET), both of which appear to have a limited role in detecting recurrences following SABR.
Novel approaches to assess response are required, but new techniques should be easily standardized across centers, cost
effective, with sensitivity and specificity that improves on current CT and PET approaches. This review examines potential
novel approaches, focusing on the emerging field of quantitative image feature analysis, to distinguish recurrence from
fibrosis after SABR.
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Hypofractionated radiotherapy (HFRT) for
early-stage lung cancer

HEFRT is an effective and well-tolerated treatment for early
stage non-small cell lung cancer (NSCLC) (1,2). Although
several HFRT schemes have been used historically in the
treatment of TINO or T2NO NSCLC, ranging from mildly
hypofractionated regimens [e.g., 55 Gy in 20 fractions (3)], to
more potent stereotactic regimens (e.g., 54 Gy in 3 fractions),
evidence suggests that a biologically effective dose (BED) in
excess of 100 Gy, is required for optimal local control (4).

Such stereotactic regimens, referred to as stereotactic ablative
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radiotherapy (SABR) or stereotactic body radiotherapy (SBRT),
have been rapidly adopted into clinical use in the last decade (5).
SABR is a guideline-recommended treatment for T1/T2 NO
NSCLC when surgery, the gold standard treatment, is not an
option due to patient comorbidities or refusal (6-8). SABR is
arguably one of the largest medical breakthroughs in the curative
treatment of early stage NSCLC in the last two decades, with
improved population-based survival rates demonstrated after the
implementation of SABR (9-11).

Excellent long-term outcomes support this increasing
popularity of SABR as a treatment option for lung cancer. SABR
outcomes appear not only superior to more fractionated HFRT
regimens (12), but are comparable to standard surgical resection,
as supported by retrospective, single- or multi-institution, and
modeling studies, with the largest single-institution retrospective
study reporting a S-year local control rate of 89.5% (13-15).
Although three randomized studies comparing surgery to SABR
have failed to accrue, propensity score matched analyses are
available, and have shown comparable, if not superior outcomes
post-SABR (16,17). In high-risk patients with severe pulmonary
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comorbidities, SABR offers comparable rates of local control
without the attendant short-term mortality risks of surgery (18).
In the operable patient population, promising outcomes are
reported by two prospective clinical trials: RTOG 0618, reporting
a primary tumor failure rate of 7.7% (19), and JCOG 0403,
reporting a preliminary 3-year tumor control rate of 86% (20).
For institutions without the capability to deliver SABR, other
HEFRT regimens can also achieve reasonable local control at
early time-points: a recent Canadian multicenter study of HFRT
delivering 60 Gy in 15 fractions (BED of 75 Gy,,) achieved a
two-year local control rate of 88% (21).

Response assessment: lung injury after SABR

Response assessment following SABR is complicated by
the frequent presence of benign lung injury on follow-up
CT. Ablative doses of radiation delivered to the tumor and
surrounding lung parenchyma nearly always result in radiologic
lung injury (pneumonitis and fibrosis), appearing as an increased
density and opacity on CT in the area of the high-dose region,
and occasionally a corresponding increase in metabolic activity
on functional imaging in the months following SABR (22,23).
Such CT changes correlate closely with local delivered dose (24).
Such findings are not unique to lung SABR; they have also been
described in other organs treated with stereotactic radiotherapy
including brain and liver (25,26). From histopathological studies
obtained after resection for false-positive imaging studies,
these areas of lung injury are made up of a benign mixture of
inflammatory cells, fibrocytes and other benign features (27).
The appearance of fibrosis is very common, occurring in 62%
of patients within six months of treatment (acute) and 91%
thereafter (late), as classified by a common classification scheme
(22,23). This scheme classifies acute radiation pneumonitis into
consolidative or ground-glass opacity changes, which can further
be subdivided into diffuse (>S5 cm) or patchy (<S5 cm). Late
radiation fibrosis can be categorized into modified conventional,
mass-like, or scar-like patterns. Although this classification
scheme is used to categorize radiological changes following
SABR, it is not used to distinguish recurrence from fibrosis.
Morphologic patterns of fibrosis can also vary with treatment
type; patients that underwent arc-based SABR had a predicted
probability of a modified conventional pattern of 96.3% versus
68.9% for those who underwent fixed-beam treatment (28).
Although such radiologic lung injury occurs in nearly all patients
by two years (22), only a small minority of patients develop
clinical symptoms.

Against this background of asymptomatic radiation-

induced lung injury, accurate assessment of local recurrence is

of paramount importance. Misclassification of a recurrence as
“benign fibrosis” can result in a missed window of opportunity for
curative-intent salvage treatment. Conversely, misclassification
of fibrosis as a recurrence may lead to unnecessary interventions,
such as biopsy, imaging, chemotherapy, and even surgery,
exposing patients to unnecessary risks and morbidity (27,29-32).
The ability to accurately assess response is particularly important
in light of the changing practice patterns for early stage NSCLC.
As a growing number of patients are being treated by SABR (5),
this clinical scenario will become more common. The treatment
of a fitter patient population may result in a larger proportion
of patients who are candidates for salvage treatment in the case
of recurrence. Finally, since recent data on potentially operable
SABR patients suggest that failure may be higher than in the
inoperable SABR cohort [with two-year lobar failure rates in
one recent multicenter study (defined as recurrence anywhere in
the irradiated lobe) as high as 19.2% (19)], accurate distinction
between recurrence and fibrosis to permit early salvage is a
pressing clinical problem.

Distinguishing a recurrent tumor from fibrotic lung changes
on CT can be challenging for several reasons (Figure 1). Both
radiation-induced lung injury and recurrent disease follow a
similar temporal course, with lung fibrosis continuing to evolve
two years after treatment, during which time, the majority
of local recurrences occur (22,33). In contrast to lung injury
following traditional 3D-CRT, which was often characterized by
straight edges that conform to treatment portals (34) (Figure 2),
the pattern of lung injury on CT following SABR can be
mass-like, due to the conformal nature of SABR (22,31,35).
Fibrosis may even appear on CT as an enlarging density and

therefore can the mimic the growth of a local recurrence (31).

Current clinical approach for assessing response

Current recommendations for imaging follow-up after SABR are
generally based on retrospective evidence and expert opinion,
rather than randomized data. Such follow-up serves three
major goals: detection of local recurrence, detection of regional
recurrence that may be amenable to salvage, and detection of
new primary lung tumors, which occur at a rate of 2-10% per
person-year (33,36). Based on the results of the National Lung
Screening Trial (37), the American Association for Thoracic
Surgery guidelines recommends four years of CT follow-up for
patients who have undergone treatment for lung cancer and are
eligible for additional treatment (38).

Tumor response assessment following definitive treatment
is typically categorized according to Response Evaluation
Criteria in Solid Tumors (RECIST) 1.1 criteria (39) as complete
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Figure 1. Radiological changes following SABR for an 85-year-old gentleman with biopsy proven adenocarcinoma. This patient received 54 Gy in

3 fractions with the treatment plan shown in (A). Radiological changes are seen (B) where 0 m indicates the pre-treatment lesion measuring 2.0 cm.

At 3 months post-SABR, further enlargement of a ground-glass semi-solid opacity measuring 4.3 cm and at 6 months there is interval reduction in size

and a decrease in ground-glass opacity, with ongoing reduction in size by 18 months.

Figure 2. Radiation induced lung injury following a traditional anterior/posterior parallel opposed pair (treatment plan shown in Box A); (B) The

resulting benign injury conforms to the treatment portals and is easily distinguished by a straight line.
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Table 1. Selected studies using FDG-PET for detecting recurrence following SABR.

Number of recurrences

Number . Suv Sensitivity  Specificity Definition of local recurrence if not
Study ) [proportion pathology max .
of patients o cutoff (%) (%) biopsied
proven %]

Essler, 29 6 [NR] 5.48 NR NR Increase in tumor volume of more than

et al. (50) 25% on CT, accompanied by metabolic
activity in FDG-PET

Bollineni, 132 6 [50] 5.0 NR NR Based on growth by more than 20% of

et al. (49) the tumor diameter compared with the
pretreatment

Zhang, 128 9[78] 5.0 100 91 PET/CT

etal. (47)

Takeda 154 17 18] 3.2 (early) 100 96-98 Increase in the cross-sectional tumor size

et al. (48) 4.2 (late) of >25% on successive CT scans at least

three times over a 6-month period

NR, not reported.

Table 2. High-risk features for recurrence on CT. Data from reference (51).

High-risk feature Sensitivity (%) Specificity (%)
Enlarging opacity 92 67
Sequential enlargement 67 100
Enlargement after 12 months 100 83
Bulging margin 83 83
Linear margin disappearance 42 100
Loss air bronchogram 67 96
Cranio-caudal growth of =5 mm and =220% 92 83

(disappearance of the target), partial (>30% decrease), stable
disease, or progression (>20% increase) according to the diameter
of the target tumor. However, RECIST 1.1 has limited use in
the post-SABR lung setting, since the target lesion may actually
represent lung fibrosis, and response may be mis-categorised
(11,40). Re-evaluation of RECIST 1.1 has been proposed (41).
Although FDG-PET scans are recommended in lung cancer
diagnosis and re-staging (42), functional imaging currently has a
limited role in the evaluation of tumor response and detection of
local recurrence. Lung injury following ablative radiation doses
can commonly result in a metabolically active FDG-avid lesion,
which may rise transiently immediately post-SABR and persist
after 12 months (43-4S). False-positive PET SUV,  readings as
high as 7.0 have been reported (27,46). Most evidence supports
a SUV,_,, of approximately 5.0 as a clinically useful threshold for
the distinction between recurrence and fibrosis (47-50). Table 1
summarizes selected studies using FDG-PET to assess treatment

response post-SABR.

Following SABR, recommended surveillance for patients
eligible for salvage treatment is routine CT imaging, often at
3-6-month intervals in the first year, then annually thereafter
(8,38). A systematic review of the literature on the role of imaging
in discriminating recurrence from fibrosis provides structured
recommendations based on the available evidence, citing high-risk
features (HRFs, Table 2) on CT (31,35,52) and specific
SUV,,., thresholds to estimate the probability of recurrence and
appropriate investigations into “no-risk” “low-risk” and “high-risk”
categories (23). The clinical performance of the HRFs was
validated by a blinded assessment of matched CT datasets
from pathology-proven recurrences and non-recurrences (51).
The concurrent presence of >3 HRFs provides a useful cutoff
(sensitivity and specificity both >90%) for detection of recurrence.

There are several advantages to the use of CT, rather than
routine functional imaging, in assessment of response post-SABR.
In contrast to FDG-PET imaging, CT is more accessible and
inexpensive, does not rely on isotopes with short half-lives, and
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is already part of standard-of-care follow-up for patients who
have received curative treatment for early-stage lung cancer,
and who are eligible for salvage. Importantly, standardization
of CT across centres is much less complex than standardization
of PET/CT. Lack of PET/CT standardization can be an
important confounder: measured SUVs can be affected by
multiple factors, including technical, physical, and biologic (53).
In order to generalize PET/CT findings, minimum performance
or harmonizing standards are needed for many factors
including uptake period, patient motion, inflammation,
blood glucose level correction, as well as scan acquisition and
reconstruction parameters. Standard machine settings and
reconstruction algorithms are widely available for CT imaging
of the chest, increasing the generalizability of any follow-up
recommendations. As such, new algorithms for early detection of
recurrence based on standard-of-care CT imaging could be easily
integrated into current clinical practice. However, novel imaging
techniques must move beyond qualitative image analysis and

simple RECIST measurements.

Quantitative image feature analysis

In contrast to qualitative image assessment described above,
quantitative image feature analysis extracts measurable
information from within an image, such as intensities or densities,
shape or morphology, or texture. Intensity refers the brightness
of an individual voxel; in CT imaging this can also be described
as density and is quantified in Hounsfield Units (HUs). HUs
measure the attenuation of a material relative to water (HU =0).
The shape or morphology of a region describes the geometry of
the external boundary. “CT image texture” is a set of more complex
measurements which describe local brightness variation or the
spatial arrangement of intensities in an image (54,55).

Image feature analysis has emerging roles in general medicine
and oncology. Numerous imaging modalities can be used for
quantitative image analysis at different body sites, including
CT, magnetic resonance imaging (MRI), ultrasound, and
mammography (56,57). Applications in oncology include the
computer-aided detection or diagnosis of diseases such as breast
and bladder cancer (56,57). Texture analysis of the liver has
suggested that texture parameters may distinguish high-risk from
low-risk colorectal cancer patients (58). Texture analysis on
MR, CT, and PET has been able to diagnose and characterize
tumor heterogeneity for several tumor types and is showing
promise in response assessment and as a predictive biomarker
(59,60). In the thorax, the use of quantitative image feature
analysis on CT has been widely investigated in many benign

diseases, including characterizing pulmonary infections as well

as varying benign lung disease patterns (61-63). Texture analysis,
specifically the product of tumor uniformity and gray-level,
has also been correlated with tumor response following
chemotherapy in advanced stage NSCLC (64).

Quantitative image analysis workflow

Figure 3 demonstrates the typical workflow for quantitative
image feature analysis. In general, image acquisition should
be standardized to minimize any variability between
scanners, imaging parameters, or reconstruction techniques.
Standardization includes the use of the same scan protocol for
imaging acquisition, with consistencies in settings such as kV,
mAs, slice collimation, and slice thickness. Breathing instructions
and the use of intravenous contrast should also be consistent
across all patients, although patients with contra-indications
to contrast injection must be noted and studies analyzing the
effect of contrast on image feature analysis should be performed.
Reconstruction kernels or filters are used to determine image
quality of a CT scan and are chosen based on the intended
clinical application of the scan. Such decisions are a compromise
between spatial resolution and noise, and depending on the
organ being scanned, may require a smoother image with less
noise or a sharper image with higher noise. Reconstruction
kernels should also be consistent across all images and a higher
sharpness thorax kernel should be used when available. However,
optimal scan parameters and reconstruction kernels must be
investigated for the effect of variations among these settings on
quantitative image feature analysis.

Image feature analysis can be performed on any region of
interest (ROI), such as tumor, normal lung, or fibrotic regions;
such ROIs can be selected by means of manual, semi-automated,
or fully-automated methods. A manual method involves
delineation of an ROI by an investigator on each individual
slice using imaging software. Manual methods do not require
specialized algorithms, but can be tedious and time consuming,
and are subject to intra- and inter-observer variability (65). A
semi-automated method requires a smaller amount of user input,
and may require a user to initialize the segmentation by selecting
a point or ROI A fully automated approach requires no user
interaction or input and the image is automatically segmented
based on a series of predetermined parameters. This makes a fully
automated approach quick and reproducible; however the lack
of user input or knowledge can be an issue in terms of reliability.
Therefore, semi-automated approaches to segmentation have
become increasingly popular as they are reproducible, fast, and
require minimal user input or knowledge (66).

After ROIs are delineated, quantitative measures can then
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Figure 3. Typical workflow for image feature analysis.

be extracted including measures such as density, morphology,
or texture, and these measures can be evaluated as predictive or
prognostic biomarkers. Extracted measures can be calculated
with a variety of input parameters and settings specific to each
case. Such measures range from simple first-order assessments
such as the mean HU density within a region, to complex
measures of the spatial relationship of voxel intensities, for
example analyzing neighboring voxels of varying distances apart.

Optimal features or sets of features for predictive or prognostic
biomarkers must be determined and validated through training
and testing on multiple data sets. This can include analyzing
individual features alone or a combination of these features
together. Due to the large number of metrics available as well as

the large number of possible combinations of these metrics, the

high-risk of type I error must be recognized when comparisons
and cross-validations are performed. As a result, initial exploratory
studies must be considered hypothesis-generating, and validation
on external datasets is crucial.

Common metrics used for image feature analysis

Image feature analysis metrics can be defined as first-order,
second-order, and third-order. First-order image appearance
features measure the global appearance of a ROI and do not
take into consideration relationships between adjacent voxels. A
common example includes the mean density based on CT HU.
The standard deviation of density can be used as a first-order

texture feature, which shows the global variability of densities
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FIRST-ORDER APPEARENCE

Mean density -677.8 HU
Standard deviation of density 114.6 HU
SECOND-ORDER APPEARENCE
Energy 0.0054
Entropy 8.06

-794.5HU -661.2 HU
225.6HU 229.4HU
0.0028 0.0021
9.03 9.59

Figure 4. Sample lung images showing the variations in two first-order appearance measures [mean density and standard deviation of density (first-

order texture analysis)] and two second-order appearance measures, energy and entropy. (A) and (C) have similar mean densities, but are better

differentiated by the first- and second-order texture measures. (B) and (C) have similar first-order texture values, but are better differentiated by the

second-order measures.

A Image

B Corresponding Intensities
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C Gray-level co-occurrence matrix (GLCM)
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Figure 5. A sample image (A) with its corresponding numerical intensity values (B). The gray-level co-occurrence matrix (GLCM) for this image can

be seen in (C), with the pixel relationship for analysis being one voxel to the right, as indicated by the reference and neighbor pixel.

within a region (Figure 4). Second-order appearance measures
characterize the intensity relationships between voxels pairs in an
image, whereas third-order measures (which are less commonly
used) consider the spatial relationship of three or more voxels in
an image. Extraction of second and third-order texture features
can be performed in many ways, including statistical methods,
structural methods, model-based methods, and transform-based
methods (67).

Statistical texture analysis is the most frequently cited method
of texture analysis. This approach describes texture through
high-order statistics of an image intensity histogram (67).

This analysis typically assesses neighboring voxel pairs;
however it can be done with multiple spatial directions
and distances. Second-order statistical texture features are
typically computed with the use of a grey-level co-occurrence
matrix (GLCM). As shown in Figure S, A GLCM is a square
two-dimensional matrix g, in which the row and columns
correspond to image intensity values. Each element in the
matrix ¢(i/) contains a non-negative integer corresponding
to the number of voxel pairs whose intensity values are i and
j. A variety of texture measures can be calculated from the
GLCM, such as energy, entropy, inverse difference moment
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A Radiation-induced lung injury

B Recurrence

Figure 6. Post-SABR consolidative and ground-glass opacity findings throughout follow-up for a patient with radiation-induced lung injury (A) and

recurrence (B). The zero-month (0 m) time point indicates the pre-treatment lesion. The solid lines enclose consolidative regions and the dashed lines

enclose ground-glass opacity regions.

(IDM), inertia, cluster shade, and cluster prominence (68-70).
In general, energy and entropy measure the orderliness of the
GLCM, or the homogeneity of the image. IDM and inertia
measure the contrast of the image, and cluster shade and cluster
prominence measure the symmetry of an image.

An example of images with their corresponding first-order
and second-order appearance measures is seen in Figure 4.
The variation in the number and distribution of vessels in
the image results in differences in feature measurements. For
example, Figure 4A and C have similar mean densities but are
better differentiated by the texture measures, both first-order
and second-order. Figure 4B and C have similar first-order
texture feature measurements but are differentiated by the
second-order measures of energy and entropy. Each measure
can extract specific information from the image, and overall
first-order measures are less sensitive to spatial variations in
intensities whereas second-order appearance measures are taking
neighboring voxels into account and are therefore sensitive to
the relationship of voxels.

Image feature analysis post-SABR

Several studies have examined simple dose-response relationships
of HU changes following SABR. Increasing densities on CT
post-SABR are seen with larger planning target volumes and longer
time post-SABR, and these are most evident in regions receiving
doses greater than 20 Gy (24). Density changes post-SABR have
also been shown to linearly increase to doses of 35-40 Gy and then
plateau thereafter (24,71). The spatial location of fibrosis following
SABR is on average 2.6 cm from the gross tumor volume (GTV)
position, although displacement of the fibrotic changes of >5 cm
can also be observed (72).

Quantitative image analysis has been investigated for
distinguishing RILI and recurrence following SABR (Figure 6).
A preliminary study of 13 RILI lesions and 11 recurrent lesions
(8 biopsy proven) suggested that first-order appearance
measures could significantly distinguish RILI and recurrence
patient groups at 9 months following treatment, with recurrence
patients having significantly brighter consolidative changes (73).
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The standard deviation of densities within regions of GGO
(first-order texture analysis) could also distinguish the groups at
nine months, with recurrence patients having a larger standard
deviation (variability) of densities. This indicates that these
patients have a more variegated texture within the GGO, as
seen in Figure 4. In contrast, size measures (RECIST or 3D
volume) could not differentiate the groups until 15 months post-
treatment. A preliminary study of predictive abilities of these
measures has shown that the first-order texture analysis within
the GGO was the best predictor of recurrence at nine months
post-SABR with accuracies of 74% (74).

Further investigation has evaluated texture changes in the
immediate post-SABR period. At 2-5 months post-SABR,
preliminary analysis suggests that the basic measure of ground-
glass texture alone can predict recurrence with 81% accuracy (75).
Several second-order texture features have also shown promise,
including energy and entropy, with leave-one-out cross validation
accuracies of 81% and AUCs of 0.79-0.81 (75). Patients with
recurrence had significantly higher entropy and lower energy
values. In contrast, traditional measures of response such as
RECIST performed inferiorly, with accuracy of 61% and an AUC
of 0.72. These results suggest that early quantitative appearance
changes may precede any changes in size, and as such may
serve as early biomarkers of recurrence in individual patients.
Quantitative image analysis allows for maximal information to
be obtained from images already being performed in clinical
practice, and can easily be translated into a useful clinical tool
to aid in treatment response assessment. Further quantitative
metrics, including additional second-order textural features and
shape analysis, should be investigated and validated for early

prediction of recurrence following SABR.

Future directions and potential pitfalls

Novel imaging modalities may allow for better assessment of
treatment responses following SABR or HFRT. In addition to
standard FDG-PET reporting SUV, . values, functional imaging
with additional metrics such as metabolic tumor burden markers
may show improvement for assessing response. Preliminary
studies have investigated using pre-treatment measures such as
metabolic tumor volume and total lesion glycolysis for assessing
clinical outcomes after SABR, however further studies with
larger samples and follow-up periods are needed (76). Additional
PET tracers such as 18-fluoroazomycin-arabinoside (FAZA) and
18F-fluoromisonidazole (F-MISO) are used for imaging hypoxia
in head and neck cancers (77,78) and could also be investigated
for assessing response following HFRT.

Perfusion imaging, such as dynamic-contrast-enhanced-CT

(DCE-CT) or MRI (DCE-MRI) characterizes vascular
properties of a tissue and can quantitatively map their spatial
distributions. Measures such as blood volume, blood flow,
permeability, and mean transit time can be calculated after
administration of a contrast agent. Both DCE-CT and DCE-MRI
have shown promise as prognostic or predictive biomarkers
in oncology, and their value in assessing response after SABR
warrants investigation (79,80).

Several potential pitfalls must be considered when evaluating
novel imaging modalities for response assessment. First, the
gold-standard definition of “recurrence” varies across studies, and
many studies use imaging-based definitions of recurrence, rather
than pathologic confirmation. Such imaging-based definitions
of the endpoint may introduce substantial bias and create a
self-fulfilling prophesy: if imaging features are used to define
“recurrence” (e.g., sequential growth of lesion) and then the
same features are assessed to predict these “recurrences”, their
performance may be artificially inflated. The majority of studies
include only a small number of biopsy-proven recurrences, with
remainder of patients defined as recurrence based on an increase
in tumor size on successive CT scans (48,49,81). Many also use a
modified progression criterion of two consecutive enlargements
on CT to define recurrence, which hampers response assessment
at an early time point, and suggesting that and that the usefulness
of PET is limited. Since recurrences are uncommon after
SABR, large databases are required to have sufficient events for
analysis, and any new promising markers require robust external
validation, since the chances of type I error are high when
multiple features are being assessed. Variations in standardization
of imaging protocols in both CT and PET studies must be
assessed for their impact on predictive ability. Finally, post-SABR
surgical studies, including registration of digitized histology to
CT, would be valuable for correlating imaging findings at the
voxel level with true pathologic outcome.

Distinguishing recurrence from fibrosis following SABR for
early-stage lung cancer is expected to become an increasingly
common clinical problem. Although recommendations exist for
CT- and PET/CT-based follow-up after SABR, better metrics are
required for early detection of recurrence, to allow for salvage,
and to avoid unnecessary investigations in patients with benign
radiation-induced lung injury. Promising new techniques may
involve more robust analysis of currently-obtained imaging,
such as CT texture analysis, or introduction of novel imaging
modalities into routine clinical practice. Large imaging datasets

are required for assessment and subsequent independent
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validation of novel new imaging biomarkers.
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