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Abstract

Quantitative imaging in lung cancer is a rapidly evolving modality in radiology that is changing clinical practice from a
qualitative analysis of imaging features to a more dynamic, spatial, and phenotypical characterization of suspected lesions.
Some quantitative parameters, such as the use of 18F-FDG PET/CT-derived standard uptake values (SUV), have already
been incorporated into current practice as it provides important information for diagnosis, staging, and treatment response
of patients with lung cancer. A growing body of evidence is emerging to support the use of quantitative parameters from
other modalities. CT-derived volumetric assessment, CT and MRI lung perfusion scans, and diffusion-weighted MRI are
some of the examples. Software-assisted technologies are the future of quantitative analyses in order to decrease intra- and
inter-observer variability. In the era of “big data”, widespread incorporation of radiomics (extracting quantitative informa-
tion from medical images by converting them into minable high-dimensional data) will allow medical imaging to surpass
its current status quo and provide more accurate histological correlations and prognostic value in lung cancer. This is a
comprehensive review of some of the quantitative image methods and computer-aided systems to the diagnosis and follow-
up of patients with lung cancer.

Keywords Lung cancer - Computed tomography - Magnetic resonance imaging - Positron emission tomography

Abbreviations RECIST Response evaluation criteria in solid
18F-FDG PET/CT Fluorine-18-fluorodeoxyglucose tumors
positron emission tomography/com- ROI Regions of interest
puted tomography SI Signal intensity
ADC Apparent diffusion coefficient SUv Standardized uptake value
CAD Computer-aided diagnosis VDT Volume doubling time
CT Computed tomography
DCE Dynamic contrast-enhanced
DTP Dual time point imaging technique Introduction
DWI Diffusion-weighted imaging
LSR Lesion-to-spinal cord ratio Lung cancer represents 13% of total cancer incidence and
MRI Magnetic resonance imaging 20% of cancer-related mortality worldwide [1]. During the
MRI-SI Magnetic resonance imaging signal last three decades, lung cancer prognosis has improved
intensity mainly due to efforts on early diagnosis and staging to tar-
MVD Microvessel density get the growing number of available therapeutic options [2].
NSCLC Non-small cell lung cancer However, the overall prognosis remains poor with a 5-year
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survival rate of 15.6% [3].

Quantitative imaging modalities are promising methods
to improve lung cancer identification and follow-up, as they
use more accurate parameters than subjective analysis for
assessment and prediction of treatment response, optimizing
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care for individual patient [4]. Lung nodule measurement
on computed tomography (CT) is an important quantitative
marker to predict likelihood of malignancy and also progres-
sion of disease [5]. Fluorine-18-fluorodeoxyglucose posi-
tron emission tomography/computed tomography (18F-FDG
PET/CT) provides information on the tumor’s morphology,
extension and glucose metabolism, outperforming CT or
PET alone for lung cancer staging [6].

Advances in thoracic magnetic resonance imaging (MRI)
have led to significant reduction in acquisition time and arti-
facts from respiratory and cardiac motion [7]. Recent MRI
diffusion-weighted imaging (DWI) studies have reported
accuracy comparable to PET/CT for evaluation of solid
pulmonary lesions [8]. Lung perfusion imaging, such as
dynamic enhanced CT and MRI, has also become a prom-
ising imaging technique to monitor lung malignancies by
quantifying tumor blood flow and volume [9]. Software-
assisted devices have also been more used to automate
quantitative analyses and reduce intra- and inter-reader
variability.

Considering all the recent advances in pulmonary imag-
ing, our purpose was to review the modalities of quantita-
tive lung cancer imaging and summarize some of the more
promising computer-aided softwares to the diagnosis and
follow-up of patients with lung cancer.

CT Nodule Measurement

Measurements of diameter or volume of pulmonary nodules
provide important information for staging of malignancies
and tumor growth during follow-up. When CT screening for
lung cancer was first proposed, every indeterminate non-
calcified nodule was followed with serial CT for a minimum
of 2 years [10]. As this policy was not proved to be beneficial
or cost-effective, the Fleischner Society proposed in 2005
a consensus for the assessment of incidental lung nodules
based on nodule’s size, growth rate, and risk factors for
malignancy [11]. Solid nodules of up to 6 mm usually do not
require routine follow-up. However, for high-risk patients, a
12-month follow-up examination is recommended. Nodules
sized between 6 and 8 mm require one or two follow-up
examinations over a period of 2 years. For nodules larger
than 8 mm, management includes follow-up CT, PET/CT
or tissue sampling at 3 months. In case of multiple nod-
ules, the most suspicious nodule should be used as a refer-
ence for clinical management [11]. In the case of solitary
sub-solid nodules, while no follow-up is recommended for
those < 6 mm, further monitoring is advised for either part-
solid or ground-glass nodules > 6 mm depending on its char-
acteristics [11].

Regarding therapy response evaluation in solid tumors,
the response evaluation criteria in solid tumors (RECIST)
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is currently widely accepted. According to RECIST 1.1
[12], five is the maximum number of lesions required to
assess tumor burden for response determination (and two
per organ). To be considered a target lesion, a tumor must
be of at least 10 mm in its longest diameter, while a lymph
node is considered pathologically enlarged when is > 15 mm
in its short axis. Response to treatment may be considered:
(a) complete, if all target lesions and all nodes with shortest
axis < 10 mm disappeared; (b) partial, if there was at least
30% decrease in overall sum of target lesions (the sum of
the longest diameters for non-nodal lesions and the shortest
axis for lymph nodes) taking the baseline sum as reference;
or (c) stable, if there was neither response or progression.
Disease progression is defined as a 20% increase or a 5 mm
absolute increase in the target lesions. The appearance of
new malignant lesions not attributable to differences in scan-
ning technique or change in imaging modality also denotes
disease progression.

Some studies have analyzed whether it was appropriate to
move from a linear to a volumetric anatomical assessment
of tumor size [13—16]. Volumetric measurements are based
on segmentation of nodules on thin-section CT data sets
and an algorithm that translates the segmented voxels into
nodule volume. Dicken et al. [16] compared the variability
of a computer-aided volumetric assessment of lung lesions
to manual measurements of in-plane lesion diameters per-
formed according to RECIST. The volumetric assessments
resulted in a markedly reduced variability of parameters
describing size and change. The authors also showed that
manual linear measurement requires a change of 2-3 mm
to reliably detect a change on a typical lung lesion, whereas
volumetric assessment is capable of detecting changes of
about 1 pixel (~0.8 mm). For example, a nodule that has
increased in diameter from 7 to 9 mm (2 mm or >25%
diameter increase in diameter) has approximately doubled
its volume [17]. The “volume doubling time” (VDT) is cur-
rently accepted as the parameter to define a significant vol-
ume increased by means of volumetric analysis. A VDT of
< 400 days yields a positive result for progression of disease
according to the NELSON Trial [18].

Precision and accuracy of volume measurements depend
on several factors, especially the software package used. Two
authors have [19-21] showed substantial differences in seg-
mentation performance among available software packages
in a dataset of nodules with a variety in size, morphology,
and contact to pulmonary structures. All software packages
showed similar inter-examination variability but there were
significant differences in absolute nodule volumes. Thus,
despite the potential benefits of increased sensitivity and
more robust detection of significant volume increase with
small diameters changes, the lack of extensively validated
software for volumetric nodule measurement still makes the
linear measurement the current standard of practice [11].
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Figure 1 presents a case of a spiculated pulmonary nodule
follow-using the volumetric visual assessment.

18F-FDG PET/CT

18F-FDG PET/CT can provide both metabolic and anatomi-
cal information about the tumor. The quantitative param-
eter most commonly used to evaluate glucose metabolism
in malignant cells is the standardized uptake value (SUV)
corrected for body weight [11]. Although many different
SUYV cut-offs have been discussed, SUVmax (maximal SUV
in the single hottest voxel) became the most popular param-
eter in oncology [22]. In this sense, SUVmax was shown to
correlates well with disease prognosis in non-small cell lung
cancer (NSCLC) [23, 24]. Also, a high SUV of the primary
tumor determined by 18F-FDG PET prior to treatment is
associated with a shorter time-to-progression, higher recur-
rence, and lower overall survival rates [25]. It has also been
demonstrated that there is a low likelihood of a substantial
response to therapy if there is no decrease in maximum SUV
early after the initiation of anticancer treatment, representing
a worse prognosis [26].

A relevant number of false-positive findings may occur
with 18F-FDG PET/CT, especially infectious and inflamma-
tory processes that may also present as an area of elevated

a a
b “

Fig. 1 Volumetric measurement of pulmonary nodule. Small, spicu-
late right upper lobe tumor on initial axial CT (a) showing minimal
change in area by visual assessment on 4-month follow-up scan (b).
(¢, d) Three-dimensional CT scan obtained with volume rendering
from 426 mm? on February 24, 2012 to 390 mm? on June 27, 2012.

glucose metabolism [27, 28]. The dual time point imaging
technique (DTP) has been claimed to be a method to address
this issue. The DTP protocol is based on reports that found
that when SUV is measured sequentially, there is a cor-
relation between 18F-FDG uptake and time. In malignant
lesions, there is a continual increment of FDG uptake for
several hours after its injection, whereas in inflammatory/
infectious or normal tissues such increment in uptake is rare.
Even though promising results were noted in some types of
diseases, like lymphoma [29] and breast cancer [30], lung
cancers did not seem to be significantly ameliorated by DTP
imaging technique [31-33].

Besides the inherent risk of false-positive nodules with
this modality, other disadvantages include high radiation
dose, inconvenient pre-imaging protocols for patients, and
low detection of small nodules with ground-glass attenuation
(Fig. 2). Also, compared to CT or MR, PET/CT imaging is
usually more costly to patients and scanners are not widely
available [34].

Perfusion Computed Tomography

Perfusion is the transportation of blood to a tissue per unit
of time [35]. Interpreting changes in lung perfusion param-
eters often translates into anomalous bloody supply patterns,

=
<*

The volumetric assessment contributed to support a benign differen-
tial diagnosis in this case by detecting a 10% volume reduction that
would likely pass unnoticed by linear or visual assessment. Outpa-
tient follow-up revealed no progression of the lesion and the patient
was managed conservatively
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Fig.2 CT scan with a ground-glass nodule in the left lung. PET/CT
was performed and was negative. PET/CT is limited for these con-
ditions and should not be used for small nodules with ground-glass
attenuation

such as in tumor angiogenesis [36]. Higher perfusion in lung
cancer has been found to be directly correlated with bio-
markers of angiogenesis such as microvessel density (MVD)
and hyperexpression of VEGF (vascular endothelial growth
factor) [37, 38]. Given this correlation with VEGF expres-
sion, CT perfusion was shown to predict with imaging only
responders to antiangiogenic tumor therapy [39]. Poorly per-
fused tumors, on the other hand, have been proved to be less
responsive to chemotherapy (possibly because the chemo-
therapeutic agent is less efficiently delivered to the tumoral
cells) and to radiotherapy (since they were more likely to be
hypoxic) [40]. Besides, tumors with low perfusion rates have
been reported to have an increased potential for lymph node
metastases in advanced lung cancer [41].

There are two approaches to CT-derived lung perfu-
sion imaging: the static peak enhancement imaging and
the dynamic contrast-enhanced (DCE) imaging. The for-
mer consists of a single CT stop at a particular point of
time—for instance, at the peak of normal lung parenchymal
enhancement—so that changes in lung perfusion can be
evidenced by differences in density of the lung tissue. The
main advantage of this technique is that it is easily executed.
However, disadvantages include inaccurate results in case
of wrong timing and the fact that a single time point imag-
ing cannot adequately represent physiologic differences in
regional perfusion [42, 43]. On the other hand, DCE imaging
gathers serial CT scans before and throughout the admin-
istration of iodinated contrast. Thus, temporal changes in
contrast enhancement provide a time-signal intensity curve
that allows a quantitative perfusion evaluation of the tissue.
Different CT kinetic models are used to calculate perfusion
parameters depending on the available software, but there is
no consensus as to which is the optimal technique for assess-
ment of tumor vascularity [43, 44].
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Several authors have tried to use the principles of CT per-
fusion to aid in the differentiation of malignant and benign
pulmonary nodules [45-47]. Parameters of perfusion per
time in each nodule and blood volume have demonstrated
accuracies of nearly 90% to rule out benign pulmonary
lesions in the absence of perfusion and low blood volume
[45]. Also, Ohno et al. using perfusion index was able to
correctly identify as malignant three bronchoalveolar carci-
nomas misinterpreted as benign nodules by PET/CT [47].
Thus, although quantitative perfusion imaging by CT should
be a promising modality in the characterization of indetermi-
nate pulmonary nodules, the reliability and reproducibility
of the functional results still represent an open issue. A high
number of factors affecting the outcomes of CT perfusion
examinations, such as imaging protocols, acquisition arti-
facts, and methods of data processing and analysis, are still
to be validated [36].

Magnetic Resonance Imaging (MRI)

MRI Perfusion

The current approach to image lung perfusion by MRI is
DCE imaging, which uses the same principles of DCE-CT:
sequential imaging following the injection of a contrast
agent, usually a gadolinium-based chelate. DCE-MRI was
found to be suitable for discrimination of benign from malig-
nant pulmonary nodules with sensitivity and specificity of
95% and 87%, respectively [48]. This method also proved
to be valid to determine tumor’s response to therapy [49].
A case in which MRI perfusion images were used to aid in
the differential diagnosis of a solitary pulmonary nodule is
shown in Fig. 3.

There are different DCE-MRI techniques described in
medical literature, most of them are robust, simple to per-
form and can be applied in several clinical scenarios. The
method is used for the evaluation of enhancement pattern and
creation of signal intensity (SI)-time curves, which assures
different derived quantitative parameters [50] (Fig. 4). In
comparison to DCE-CT, DCE-MRI has the advantage of
not requiring radiation exposure. However, while DCE-CT
imaging is directly dependent on the concentration of con-
trast material in the blood, paramagnetic contrast material
of DCE-MRI also depends on interactions among mobile
water molecules in the interstitium and cytoplasm, creating a
non-linear correlation between MRI-SI (magnetic resonance
imaging signal intensity) and tissue contrast agent concen-
trations [51]. Although some models using high-relaxivity
agents or non-linear corrections methods were proposed in
an attempt to overcome this limitation [52], more advances
in the area are required to the use of routine MRI perfusion
imaging for solitary pulmonary nodules.
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Fig.3 MRI images (a, b)

show a small solid nodule

in the left upper lobe. In the
perfusion images, a significant
enhancement of the nodule is
observed only in the pulmonary
artery phase (c), but not in

the subtraction image repre-
senting the bronchial artery
phase (d)—supporting the
diagnosis of a benign nodule.
The patient decided through
shared decision-making with his
primary clinician to undergo a
surgical lung biopsy to rule out
malignancy, which revealed the
diagnosis of cryptogenic organ-
izing pneumonia

MRI Diffusion

Recent advances in MRI gradient technology have led to
the introduction of DWI, which is entirely different from
ordinary T1- and T2-weighted MRI images [53]. DWI-MRI
has several advantages such as being a radiation-free method
without the need for exogenous contrast medium, and it can
provide quantitative and qualitative information about the
integrity of cell membranes and tissue consistency [54].
Diffusion is the random, thermally induced movement of
water molecules in biologic tissues, called Brownian motion.
DWT1 is sensitive to molecular diffusion and allows for tissue
characterization by probing tissue microstructural changes
quantified as the apparent diffusion coefficient (ADC) [55].

In DWI-MRI, blood flow showing high diffusion and
normal tissue with fat depression are undetectable [56].
Since malignant tumors have increased cellularity, larger
nuclear/cytoplasmic ratio, and less extracellular space rela-
tive to normal tissue, the diffusion of water molecules in
tumors is restricted, resulting in decreased ADC [7]. In fact,
ADC was found to have an inverse correlation with PET/

CT-derived SUVmax in NSCLC [57, 58]. DWI was shown
to be equivalent to PET in distinguishing NSCLC from
benign pulmonary nodules and also for detection of lymph
node involvement [53, 58]. Pauls et al. [58] found that MRI
with or without DWI agrees with PET/CT-derived N staging
in most patients, with a tendency for an N understaging in
15% of patients.

DWI can differentiate malignant from benign pulmonary
nodules in endemic areas of infectious diseases, where rates
of false-positives in PET/CT are higher due to granuloma-
tous lesions [59]. In this study, the lesion-to-spinal cord ratio
(LSR) was also calculated to help differentiate malignant
from benign lesions. The diagnostic capability of the ADC
did not differ significantly from that of the LSR. However,
LSR calculation is more useful and easily obtained than
ADC in clinical routine practice. DWI can also be used for
the differential diagnosis of solitary pulmonary hamartomas
with inconclusive CT findings. Since almost 60% of pulmo-
nary hamartomas contain fat, they were found to have no
restriction in signal intensity on DWI sequence, but high
signal intensity on T2-weighted sequences, suggesting that
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Fig.4 Fifty two year-old male with history previously treated pulmo-
nary tuberculosis presenting for evaluation of renal cell carcinoma.
Staging CT images (a, b) demonstrating two peripheral round nod-
ules on left lung. Lung MRI was performed to help characterize the
lesions and showed significant post contrast enhancement (c¢) and

chemical-shift MRI is accurate to distinguish hamartomas
from other solitary pulmonary nodules [60]. Figure 5 rep-
resents a case in which MRI diffusion images were used
to help in the differential diagnosis of solitary pulmonary
nodule.

Radiomics of Lung Cancer (Artificial
Intelligence)
Radiomics can be defined as the conversion of digital

medical images into mineable high-dimensional data that
can be quantitatively analyzed and correlated to different
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restriction on DWI (d) (b-value of 1000). Perfusion analysis was also
performed, showing an enhancement curve type A for both lesions,
with fast and intense early SI increase followed by a fast and signifi-
cant decrease (washout), as also demonstrated by the perfusion quan-
titative parameters (e, f). Biopsy proved both lesions to be metastases

pathophysiological and clinical information [61]. Radiomics
is a natural evolution of computer-aided diagnosis (CAD)
systems. Whereas CAD systems traditionally provide single
answers (for instance, the presence or not of a lesion), radi-
omics has been developed to provide prognostic informa-
tion, aid in therapeutic decision, and correlate with clinical
outcome. Thus, radiomics extracts and analyses quantitative
information obtained with medical imaging that, combined
with additional patients’ characteristics, may provide more
accurate diagnostic and prognostic value in clinical practice
[62, 63].

In lung cancer, radiomics studies have been conducted
using mainly CT and FDG-PET images. Radiomics texture
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Fig.5 Axial CT images, a demonstrating the presence of a sub-solid
and ground-glass pulmonary nodules in the left upper lobe. b, ¢ MRI
images of the sub-solid nodule showed a T2 and diffusion-weighted

analysis can be an independent marker of survival for
patients with NSCLC as combining the radiomics sig-
nature with TNM staging showed a significant improve-
ment in prognosis prediction [63, 64]. Radiomics features
can reflect different biologic mechanisms, such as gene
expression patterns or cell cycling pathways, and there-
fore capture distinct phenotypic differences between lung
tumors [65, 66]. Radiomics principles have also been used
to aid lung cancer histopathological subtype diagnosis
(“virtual biopsy”) and predict metastatic dissemination of

Fig.6 Patient with a NSCLC
adenocarcinoma, TIbNOM1b
(bone). A spiculated nodule in
lingula is identified on the lung
window CT image (a). Nodule
segmentation for the radiomic
evaluation is highlighted in
green color (b). Values of most
significant image features for
this lesion on a radiomic evalu-
ation (relation to histology and
metastasis) are also shown

sequences with hyperintense signal and restriction, respectively.
Biopsy of the nodule confirms adenocarcinoma in situ, and the sec-
ond an inflammatory lesion

NSCLC [67]. Figure 6 illustrates an example of radiomics
evaluation.

Radiomics process begins with the acquisition of high-
quality medical images. From acquired images, regions of
interest (ROIs) that contain either the whole lesion or spe-
cific regions within the lesion are delineated. These ROIs
are segmented and can also be rendered in three dimen-
sions. Quantitative features and attributes are massively
extracted from these ROIs to generate a report, which is
placed in a database along with other patients and lesions’

Energy cooccurrence matrix (texture) = 0.010460695751233
Entropy cooccurrence matrix (texture) = 8.65986901343527
Kurtosis (histogram)= 3.68576195563565

Skewness (histogram) = -1.33608308081945

Compactness (shape)= 0.344389498233795

Sphericity (shape) = 0.717874407768249

Mean (Fourier decomposition)= 105.96533203125

Energy HL2 (Wavelet decomposition) = 13294

Fractal dimension (margins) = 1.799399999999
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data, combined to clinical, laboratory and genomic infor-
mation. Then, these data are mined to develop diagnostic,
predictive, or prognostic models for outcomes of interest
[61]. Several qualitative and semi-quantitative features can
be obtained based on lesions attenuation, such as hetero-
geneity, size, shape, margins, calcification, and cavitation.
Other quantitative attributes based on lesions’ shape, his-
togram, gray-level intensity, co-occurrence matrix texture,
and more can be obtained [68].

The mining of radiomic data and correlation with
biopsy-derived genomic information is known as radiog-
enomics [69]. There are only a few studies in chest imag-
ing that tried to correlate CT radiomics with the expres-
sion of clinically relevant genetic mutations. Rizzo et al.
were one of the groups that demonstrated that CT tumor
features could predict EGFR mutation with a sensitivity
and specificity of nearly 75% [70]. Association CT features
and ALK mutation was also revealed by the same author
and also Yamamoto et al. [70, 71]. Although the currently
available results of radiogenomics are promising to nonin-
vasively predict response to targeted therapy (e.g., tyrosine
kinase inhibitors), the area still requires further validation
in larger cohorts.

Overall, despite being a relatively recent topic, it is well
established in literature that radiomics offers great poten-
tial in improving diagnosis of lung cancer, guiding ther-
apy, and proving prognostic assessment. Radiomics may
become part of clinical practice soon, as imaging is more
often routinely used in medical practice worldwide and
sharing of “big data” among different centers worldwide is
increasing in research. It is also important to highlight that
development of the radiomics signature is in accordance
with the evolution and implementation of the personalized
and precision medicine.

Conclusion

Advances in quantitative imaging techniques are becom-
ing more widely available in clinical practice. Analysis
and interpretation of quantitative imaging modalities can
provide valuable information for diagnosis, staging, and
treatment monitoring of patients with lung cancer.
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