Radiomics of pulmonary nodules and lung cancer
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Abstract: The large number of indeterminate pulmonary nodules encountered incidentally or during
CT-based lung screening provides considerable diagnostic and management challenges. Conventional
nodule evaluation relies on visually identifiable discriminators such as size and speculation. These visible
nodule features are however small in number and subject to considerable interpretation variability. With
the development of novel targeted therapies for lung cancer the diagnosis and characterization of early
stage lung tumours has never been more important. Radiomics is a developing field aimed at deriving
automated quantitative imaging features from medical images that can predict nodule and tumour behavior
non-invasively. In contrast to conventional visual image features radiomics can extract substantially greater
numbers of nodule features with much better reproducibility. This paper summarizes the basic process of
radiomics and outlines why radiomic feature analysis may be particularly well suited to the evaluation of
lung nodules. We review the current evidence for its clinical application with regards to pulmonary nodule
management, considering promising applications such as predicting malignancy, histological subtyping,
gene expression and post-treatment prognosis. Radiomics has the potential to transform the management
of pulmonary nodules offering early diagnosis and personalized medicine using a method that is in cost-

effective and non-invasive.
Keywords: Lung cancer; pulmonary nodules; radiology; radiomics; CT
Submitted Dec 05, 2016. Accepted for publication Dec 08, 2016.

doi: 10.21037/ter.2017.01.04
View this article at: http://dx.doi.org/10.21037/tlcr.2017.01.04

Introduction

The addition of the term “omics” to fields of science
originates in basic science. It is now a widely used suffix
in clinical medicine research to denote the concept of
examining large volumes of complex data to identify precise
characteristics or outcomes. In the setting of lung nodules
and lung cancer, radiomics is aimed at deriving automated
quantitative imaging features that can predict nodule and
tumour behaviour non-invasively (1,2).

Pulmonary nodules are a frequently encountered
incidental finding on CT, and the challenge for radiologist

and clinicians is differentiating benign from malignant
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nodules. In current practice pulmonary nodules identified
on CT are managed according to widely accepted guidelines
(3-5). These guidelines recommend that nodules be
ignored, kept under surveillance or undergo further testing.
The prime driver behind nodule management is nodule
size on the basis that the risk of lung cancer increases
exponentially with nodule size (6-11). Additionally, a host
of subjective visual signs that may predict malignancy
have also been described. However, existing guidelines
are subject to limitations: ultimately most small nodules
require surveillance and it is challenging or even impossible
to predict with certainty the likelihood of malignancy
from a single CT. Furthermore, nodule evaluation based
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on visual morphological signs (for example smoothness,
irregularity and speculation), are subject to considerable
interpretation and variability (12,13) and the number
of visually identifiable discriminators in lung nodules is
limited. By contrast, in radiomics the number of extractable
nodule features is substantially greater and can be identified
with far greater reproducibility. For example, in one study
of lung cancer patients a total of 440 radiomic features
were extracted (14) that were capable of predicting tumor
histological subtype from a single time point CT.

The rationale for using radiomics in lung nodules

There are a number of reasons why the application of
radiomic feature analysis may be particularly suited to the
assessment and management of pulmonary nodules.

Accurately delineating a nodule from adjacent lung
parenchyma and other structures is crucial if image features
are to be assessed in a reproducible and robust fashion. In
the case of pulmonary nodules, the high contrast resolution
between pulmonary nodules and lung parenchyma makes
them ideal candidates for volumetric segmentation. More
work needs to be done however to develop powerful
segmentation methods ensuring precise and reproducible
nodule segmentation (15).

Another important feature is that within the volume of
a pulmonary nodule there is genomic heterogeneity which
manifests as subtle differences within the nodules substance
that cannot be readily appreciated by the naked eye.
Nevertheless, this heterogeneity can be represented with
radiomics, allowing for the statistical assessment of image
datasets to produce diagnostic, predicative and prognostic
models.

Finally, very substantial numbers of lung cancer datasets
can be accessed via large inter-institutional databases such as
the National Cancer Institute (NCI) Quantitative Imaging
Network (QIN) as well as large trails like the National
Lung Cancer Screening Trail (NLST). Sufficiently high
powered statistical analysis of information extracted from
these large cohorts is necessary for the extraction of useful
quantitative imaging features.

Radiomic features in lung nodules and terminology

Pulmonary nodule radiomic features can vary considerably
in complexity. At the most basic level automated radiomic
features aim to replicate features traditionally captured
by visual assessment by radiologists such as nodule size,
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shape and outline. Nodule histogram and texture analysis
are more intricate forms of radiomics. A typical histogram
analysis of a pulmonary nodule denotes the distribution
of densities within the nodule. Entropy for example is a
term that describes the randomness of discrete neighboring
intensities within a greyscale image while skewness is a
marker of the symmetry, or more precisely asymmetry, of a
data-set around the sample mean.

More complex forms of texture analysis use mathematical
equations to describe the relationship between neighbouring
pixels and their distribution through the nodule. For
example a widely used form of radiomics called wavelet
analysis describes the concept of breaking imaging data
down into different frequency components called wavelets
and using this data to extract features relating to image
texture and intensity.

While subjective correlates of histogram analyses are
usually not possible to make with the naked eye, the concept
of Hounsfield unit distribution within a region of interest
is one that can be readily understood by most radiologists.
Even some of the more complex forms of textural analysis
which are less easy to understand, nevertheless do have
visual descriptive correlates such as ‘coarseness’.

Once features have been extracted, the next process in
radiomics is establishing relationships between patterns
of features and clinical variables, also known as data
mining. This can vary from straightforward statistical
analyses based on a priori hypotheses, to machine learning
methods. Machine learning is a field of computer science
which combines the study of pattern recognition and
computational learning theory to construct algorithms that
can learn from data and make predictions on outcomes
as well as uncover hidden insights. Random forests is an
example of a machine learning algorithm which works by
constructing a collection of decision trees.

Figure 1 illustrates the types of steps involved in the
radiomic analysis of lung nodules

Clinical application of pulmonary nodule
radiomics

Differentiating lung cancer from benign pulmonary
nodules

Nodule size evaluation

In CT based lung cancer screening and incidentally detected
indeterminate pulmonary nodules, a number of studies have
shown that radiomics can improve the diagnostic accuracy

Transl Lung Cancer Res 2017;6(1):86-91



88 Wilson and Devaraj. Radiomics of pulmonary nodules and lung cancer

Nodule

segmentation

Machine

Feature extraction

learning analysis

Wavelets

Tumour intensity A

Tumour size

Tumour texture

e

B

.
Y
o

oWt

L

.

Figure 1 A summary of the steps involved in the process of radiomics. (I) Image acquisition and nodule volume segmentation; (II) extraction

of features that quantifying nodule intensity, size, texture and wavelet texture; (IIT) feature analysis using machine learning techniques and

the development of clinically predictive radiomic signatures.

to discriminate cancer from benign pulmonary nodules.

Nodule size can be more accurately and quantitatively
assessed with the use of volumetry software than with
manual caliper measurements. Nodule stability and growth
rate can also be more confidently assessed by calculating
a nodule’s volume doubling time (VDT). Data from the
NELSON lung cancer screening trial indicates that the
likelihood of malignancy can be estimated according to
VDT. For example, nodules with a VDT of <400 days have a
chance of malignancy of 9.7% compared to 4.1% for VD'Is
between 400-600 days. Indeed, this basic form of radiomic
nodule assessment has been integrated into the British
Thoracic Society (BTS) guidelines for the initial assessment
and surveillance of solitary pulmonary nodules (16).

Texture based analyses

A study by Ma ez al. illustrated the potentially vast number
of radiomic textural features that can be extracted from
pulmonary nodules. The authors assessed 127 indeterminate
pulmonary nodules and identified 583 features of nodule
intensity, shape and heterogeneity. By analyzing these
features they achieved 82.7% accuracy in classification of
malignant primary lung nodules and benign nodules (17).

In another study, Hawkins et 4/. assembled two cohorts
of 104 and 92 patients with screen-detected lung cancer
matched with two cohorts of 208 and 196 screening
subjects with benign pulmonary nodules. Image features
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were extracted from each nodule and used to predict the
subsequent emergence of cancer. Twenty three stable
features in a random forests classifier could predict nodules
that would become cancerous 1 and 2 years hence with
accuracies of 80% (area under the curve 0.83) and 79% (area
under the curve 0.75), respectively (18).

Radiomic analysis has also been shown to have a role in
evaluating subsolid nodules. Studies have identified textural
features that are able to differentiate transient inflammatory
nodules from malignant part-solid nodules, and also
differentiate indolent adenocarcinoma in situ from invasive
adenocarcinoma.

Lee et al. assessed textural features of 86 part-solid
nodules. They found that low mean attenuation, lower
S-percentile CT number and higher positive skewness of
attenuation were significant discriminators of transient
from persistent part solid nodules. When texture analysis
was used in combination with clinical and CT features
differentiating power increased significantly when compared
to clinical and CT features alone; the AUC rising from 79%
t0 92.9% (19).

In another study of 86 part-solid ground glass nodules
Chae et al. successfully differentiated preinvasive lesions
from invasive lung adenocarcinoma using a combination
of texture based features (area under the curve, 0.981) with
higher kurtosis and smaller mass being particularly good
differentiators (20).
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Histological sub-typing

There are a number of studies which have successfully
demonstrated an association between radiomic features and
NSCLC tumour histology (21,22)

Wau et al. extracted 440 radiomic features from segmented
lung tumours on the pretreatment CTs of 350 patients.
They observed that 53 radiomic features were significantly
associated with tumor histology. By using a combination of
wavelet based feature analysis tumour histological subtype
could be reliably predicted (AUC 72%) (14).

One application (known as CANARY) has been
specifically developed for the pathology evaluation of
lung nodules. This radiomics tool has been shown to
non-invasively risk stratify lung adenocarcinomas into
aggressive (invasive adenocarcinoma) and more indolent
forms (adenocarcinoma in situ and minimally invasive
adenocarcinoma). Through the use of cluster analysis,
CANARY aims to reduce the wide and complex pattern
of voxel densities seen within pulmonary nodules down to
nine representative so-called exemplars. These exemplars
correspond to the predominant histopathology across the
lung adenocarcinoma spectrum (23).

These results highlight the impressive long-term
potential of non-invasive and cost effective radiomics tools
for informing treatment choices and personalized therapy
for lung cancer patients.

Gene expression-radiogenomics

There is emerging evidence that radiomics can be useful
in the underlying gene expression profiling of NSCLCs
and has been used to predict EGFR and KRAS mutation
status in NSCLC. Currently the genetic subtyping of lung
cancers often requires biopsy and re-biopsy of lung nodules
often with multiple samples taken. The ability in the future
to accurately predict genetic labels from CT offers the
potential for enormous clinical benefit.

Liu er al. retrospectively evaluated the capability of
CT-based radiomic features to predict epidermal growth
factor receptor (EGFR) mutation status in 299 surgically-
resected peripheral lung adenocarcinomas. Statistically
significant differences were found in 11 radiomic features
between EGFR mutant and wild type groups. They found
that mutant EGFR status could be predicted by a set of 5
radiomic features (AUC 0.647). When radiomic features
were added to a clinical model the predictive power
increased significantly with the AUC increasing from 0.667
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to 0.709 (P>0.0001) (24).

Another study has assessed the potential of textural
analysis to differentiate K-ras mutant from pan-wildtype
tumors, as well as it’s prognostic potential by applying
radiomics to 48 pre-treatment non-contrast CT studies
with NSCLC. It was found that positive skewness with
fine-texture and lower kurtosis with coarse-texture were
significantly associated with K-ras mutations. They also
demonstrated that quantitative CT textural analysis could
accurately differentiate K-ras mutant from pan-wildtype
tumors in 89.6% of cases and that Kurtosis was a significant
predictor of overall survival and disease free survival, with a
lower kurtosis value linked with poorer survival (25).

Prognostic indicators and disease response

In NSCLC, prognostic models have been developed for
patients treated with surgery, radiotherapy or with targeted
therapies. In each of these cases classifiers have been used to
predict response and/or survival (26,27).

Coroller ez al. examined whether pre-treatment radiomics
data could predict pathological response after neoadjuvant
therapy in patients with locally advanced NSCLC. In a
cohort of 127 NSCLC patients they found 7 radiomic
features were predictive for pathologic gross residual disease
(AUC>0.6), and one for pathologic complete response
(AUC=0.63). By contrast, no conventional imaging features
were predictive. Tumors that did not respond well to
neoadjuvant therapy were more likely to present a rounder
shape and heterogeneous texture (28).

Other studies have shown that radiomic features extracted
from CT images of lung cancers can be useful to distinguish
radiation-induced fibrosis from tumor recurrence as well as
identify patients with locally advanced lung adenocarcinoma
at risk of developing distant metastasis (29).

A study performed by Mattonen et a/. evaluated the
accuracy of radiomics, for the predication of eventual local
recurrence based on CT images acquired within 6 months
of stereotactic ablative radiotherapy (SABR) in 45 patients
with early stage NSCLC. A combination of five radiomic
features demonstrated a AUC of 0.85 at 2-5 months post-
SABR. At the same time point, three physicians assessed
the majority of images as benign injury with overall errors
of 34-37%. These results suggest that radiomics can detect
early changes associated with local recurrence which are
not typically considered by clinicians. This could lead to
a decision support system which could potentially allow
for early salvage therapy of patients with local recurrence
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following SABR (30).

Conclusions

The ever increasing number of indeterminate pulmonary
nodules detected incidentally or during CT-based lung
cancer screening provides considerable diagnostic and
management challenges. It also however provides excellent
opportunity for early stage characterization and tailored
intervention and has enabled the development of a new
field of research, namely radiomics. Radiomics also has the
potential to revolutionize the diagnosis, surveillance and
treatment planning of lung cancer allowing for personalized
management in a way that is non-invasive and cost-effective.

Despite the initial evidence being promising more work
needs to be done to improve the validity of these results
before they can be applied in clinical practice. Foremost
among the current challenges faced by radiomics in lung
nodule assessment is the development of a universal
language for CT descriptors, and harmonization of image
acquisition parameters.
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