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KEY POINTS

e Quantitative computed tomographic (CT) evaluation of lung nodules has achieved significant progress through the
continued evolution of technical imaging and data-processing capabilities, with an ever-growing body of literature using
first- and second-order statistical evaluation.

e Quantitative CT has shown considerable promise in assessment of indeterminate subsolid lung nodules, with the goal of
accurately diagnosing lung adenocarcinoma subtypes based on quantitative imaging features. Such success could

significantly impact patient management.

e Standardized definitions and nomenclature used to describe quantitative CT are necessary.

e Standardized research methodology and data-processing techniques can strengthen the growing body of literature and
make quantitative CT imaging more accessible to practicing radiologists.

INTRODUCTION

Traditionally, and even today, most image interpreta-
tion performed by radiologists is subjective: visual
inspection of an image by an experienced reader.
Although quantitative measurements like size and den-
sity can be obtained, this information is acquired in
response to an initial visual assessment as the radiolo-
gist considers a diagnosis and the potential likelihood
for harm. Even among the most experienced radiolo-
gists, there exists an element of subjectivity, and there-
fore, variability. As clinicians’ reliance on imaging
continues to grow, and with it the expectation of accu-
rate radiologic diagnosis, it may be wise to consider
that with computed tomography (CT), for example,
there is a great deal of valuable imaging data that sub-
jective visual assessment fails to capture. Quantitative
CT imaging attempts to maximize information from
unrecognized or underutilized data that are already

routinely acquired during imaging, using novel soft-
ware to process data at the level of the voxel.

As can be seen in the literature, investigators have
embraced the potential for quantitative CT imaging.
However, on the subject of the indeterminate pulmo-
nary nodule, a synergistic union can be found: signifi-
cant advancement in technical imaging and data-
processing capabilities, applied to a clinically relevant
topic, which continuously seeks improved diagnosis
and prognostication through imaging. Quantitative
CT has shown particular promise in the evaluation of
subsolid lung nodules, comprising ground-glass or
part-solid visual attenuation, because they may histo-
pathologically represent lesions on a spectrum of
adenocarcinoma diagnoses. The ability of quantitative
CT imaging to aid in preoperative or even nonoperative
diagnosis of these adenocarcinoma subtypes is
becoming more fully realized, with immense potential
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to impact clinical management of patients with previ-
ously indeterminate lung nodules. This intersection of
progress in the technical and clinical realms presents a
unique opportunity to generate a significant positive
impact on clinical care.

Discussion of quantitative CT evaluation of lung
nodules encompasses a spectrum of complexity: nodule
size can be measured by diameter, cross-sectional area,
or volume. By determining nodule attenuation, mass
can be determined. Further investigation can be per-
formed using first-order statistics, most commonly us-
ing histogram evaluation of nodule attenuation at the
level of the voxel, as well as second-order statistics,
often referred to as texture analysis. This article serves
as an introduction to quantitative CT evaluation of
lung nodules, focused on descriptive explanations of
prevalent radiomics features, current literature, and
ongoing challenges.

NODULE DIAMETER, VOLUME, AND MASS

Quantitative CT assessment of lung nodules encom-
passes a wide spectrum of nodule measurements and
features. Unidimensional or bidimensional nodule
diameter can be determined with the use of manually
placed electronic calipers; this remains the most widely
accepted method of lung nodule measurement,
although limitations posed by interobserver and intra-
observer variability are well known [1,2]. An important
study by Revel and colleagues [2] reported an inter-
reader variability of nodule diameter of 1.73 mm (or
approximately 20%) for a group of lung nodules with
a mean diameter of 8.5 mm. It is worthwhile to note
that mathematically a variation of 20% in diameter is
comparable to a variation of nearly 100% in volume
[3]. Current management guidelines from the Fleisch-
ner Society for incidentally detected lung nodules are
based on nodule size determined by an average of bidi-
mensional measurements [4]. However, nodule volume
thresholds are now incorporated into the management
guidelines for both solid and subsolid lung nodules,
with a small lung nodule measuring up to 6 mm corre-
sponding to an estimated volumetric measurement of
up to 100 mm?>.

Although methods to determine lung nodule vol-
ume have yet to become fully streamlined into the
typical radiology reading room, nodule volumetry has
been shown to be a more sensitive indicator of lung
nodule growth: volumetric nodule measurement does
not assume a perfectly spherical nodule shape, as an ac-
curate bidimensional measurement would require, and
serial volumetric measurement allows determination of

volumetric doubling time, thought to more reliably
reflect nodule growth (Fig. 1) [3]. Successful implemen-
tation of lung nodule volumetry is perhaps best illus-
trated by lung cancer screening trials, such as the
European NELSON (Nederlands-Leuvens Longkanker
Screenings Onderzoek) screening trial, which assessed
noncalcified lung nodules by volume and volume-
doubling time (VDT). In this large-scale investigation,
a nodule volume of 100 mm?> or smaller correlated
with a maximum transverse nodule diameter less than
5 mm and was thought unlikely to reflect malignancy,
whereas an intermediate nodule measuring 100 to
300 mm? correlated with a diameter of approximately
5 to 10 mm and was further assessed by VDT to predict
the likelihood of developing lung cancer within 2 years
of the initial CT scan, with growth determined as an in-
crease in volume of 25% or more [5,6]. A high-
probability nodule measuring 300 mm? or more corre-
lated with nodule diameter of 10 mm or larger and was
immediately investigated further. Notably, these
volumetry-based nodule protocols resulted in equal or
higher sensitivity and specificity for diagnosis of malig-
nancy when compared with the well-established Amer-
ican College of Chest Physician nodule management
protocol [5,7,8]. In a related study by the research
group, an optimized VDT cutoff was determined for
rapidly growing solid nodules detected in the lung can-
cer screening program [9]. All malignant fast-growing
nodules in the group had a VDT of less than or equal
to 232 days; applying this cutoff resulted in a reduction
in false-positive pulmonary referrals of up to 33%. In
a separate study by Mehta and colleagues [10],
lung nodule volume was incorporated into a
malignancy prediction model for incidental lung nod-
ules detected on CT, resulting in significant improve-
ment in performance of the prediction model by
roughly 20%.

Lung nodule volumetry has proven to be a reliable
method to assess nodule size and growth. Semiauto-
mated software has been shown to provide highly
reproducible volumetric results, better than the re-
ported reproducibility of simple linear measurements
or even manually derived nodule volumes [11-13].
However, challenges in implementation remain. Incon-
sistency between software packages and processing al-
gorithms could result in increased variability of
results. Greater image slice thickness and partial volume
averaging have also been found to result in greater vari-
ability. Accurate nodule segmentation is of paramount
importance; assessment could be compromised by in-
clusion of a peripheral or intervening pulmonary vessel
or the adjacent pleura. Nodule density also poses a
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FIG. 1 Two methods of lung nodule measurement: (A) bidimensional linear measurements are averaged to
provide nodule size (calipers); (B) semiautomated segmentation of the nodule (green) can be performed to

more accurately determine nodule volume.

challenge, particularly in instances when a ground-glass
attenuation nodule has a poorly marginated border [3].

Assessment of nodule mass, the product of volume
and density, provides another indicator of change.
However, in comparison to linear or volumetric nodule
measurements, nodule mass provides an indication of
growth that may be most applicable to subsolid lung
nodules, which may change in nodule density or
nodule volume over time. Investigation by de Hoop
and colleagues [14] compared manual measurements
of nodule diameter, volume, and mass of nonsolid
ground-glass lung nodules in an effort to determine
which measurement method was best to identify
change. More than 120 data sets were used, involving
more than 50 ground-glass nodules (GGN) identified
on lung cancer screening studies, which were measured
using electronic calipers and manually outlined to
determine nodule volume and mass. The group found
the smallest intraobserver and interobserver variability
for GGN mass (P<.001), indicating that measurement
of nodule mass can allow detection of GGN growth
earlier and with less variability than diameter or volume
measurements. In the setting of pulmonary adenocarci-
noma lesions, increasing solid nodule density has been
shown to correlate with invasive histopathology and
staging, illustrating the relevance and potential value
of lung nodule mass measurement [15-17].

UNDERSTANDING RADIOMICS

Quantitative CT imaging often finds itself under the
conceptual heading of “radiomics.” Radiomics refers
to the extraction of numerous quantitative features

from a region of interest (ROI), generating a large
data set that can be used to numerically describe imag-
ing features by hundreds of parameters [18]. These pa-
rameters can then be studied to determine patterns
and relationships between imaging features and clinical
information, which can in turn lead to discovery of
novel imaging biomarkers and improved predictive ca-
pabilities, ultimately resulting in increased diagnostic
accuracy.

Radiologic imaging relies on 2-dimensional or 3-
dimensional (3D) data in the form of pixels or voxels,
respectively. Regarding 3D CT data, quantitative values
within these voxels can be used to generate an image.
Four major technical categories of radiomics can be
considered, in increasing complexity: these are
intensity-based metrics, texture-based metrics, shape-
based metrics, and finally, transform-based metrics
[18]. Current clinical advancements have been made
within the intensity-based and texture-based imaging
realms.

Considering Histogram Features

Intensity-based imaging metrics use “first-order” statis-
tics, specifically using data extracted from voxel values
within an ROI. First-order statistics focus on the data
within the voxel and do not consider spatial relation-
ships between voxels. Voxel attenuation values ob-
tained from within an ROI are typically distributed in
the form of a histogram. The histogram illustrates the
number of voxels (y-axis) distributed over a range of
attenuation values (x-axis) (Fig. 2). The range of x-axis
voxel attenuation values is often considered in terms
of percentile ranges (such as 10% or 25% increments)
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FIG. 2 Histogram with a normal distribution curve. Mean,
median, and mode values are the same, indicated by straight
black line. When used to assess subsolid lung nodules, for
instance, the x-axis typically represents voxel attenuation
value, whereas the y-axis typically represents the number of
voxels.

or quartile ranges (first, second, third, or fourth
quartile).

The diversity and distribution of data points on the
histogram provide valuable information. When consid-
ering the shape of the histogram curve, it is best to
remember a normal Gaussian distribution visualized
as a symmetric bell curve: the mean (average of all
data points), the median (the middle value of all data
points), and the mode (the most frequent of all data
points) are the same value, seen at the peak of the curve
(see Fig. 2). In a normal distribution of data points, 1
standard deviation includes up to 68% of data points
centered on the mean value. Two standard deviations
from the mean value include up to 95% of data points,
whereas 3 standard deviations encompass up to 99%.
This characterization of data in relation to the mean
can be very practical; 2 descriptors that are often used
in the quantitative CT assessment of lung nodules are
skewness and kurtosis.

The concept of skewness refers to asymmetric distri-
bution of data points around the mean (Fig. 3) [19]. If
data points are skewed to the left, the tail of the data
curve is pulled to the left, and as a result, the mean value
of the data comprising the curve is pulled to the left;
leftward skewness is characterized as negative. This
may be confusing visually, because the curve appears
to be leaning to the right. Conversely, positive skewness
refers to asymmetry of data points to the right; the tail of
the curve is longer on the right, and the mean value of
data points on the curve moves to the right. The curve
may appear as though it is leftward leaning when, in
fact, the right tail is elongated.

Kurtosis indicates how data points are distributed
around the mean and is primarily a description of

the tails of the distribution curve, rather than the
peak of the curve (as was historically emphasized)
(Fig. 4). A normal distribution curve has a kurtosis
value of 3, but this is frequently manipulated mathe-
matically such that a normal reference value is
zero. Therefore, a distribution curve with positive kur-
tosis is described as having a steeper, narrower peak
and, more importantly, heavier tails, with a larger
number of data points falling outside 1 standard devi-
ation. Conversely, a negative kurtosis would demon-
strate a flatter curve and, more importantly, lighter
tails, with fewer data points outside 1 standard devia-
tion [20].

One important feature of histogram analysis is the
diversity of data points that comprises the distribution,
apart from the distribution of data points around the
mean value. A heterogeneous sample of data points is
thought to possess greater energy than a more uniform
collection of data. A series of uniform data points re-
flects a series of predictable or highly probable events,
which therefore provides less useful information.
Conversely, one may consider an unpredictable or un-
likely event, a random value within a heterogeneous
set of data points, to hold more useful information.
This concept of uncertainty or unpredictability conveys
a higher potential for meaningful information [18]. The
concept of entropy speaks to the diversity of informa-
tion contained within the data set, and it can be referred
to in the unit of a “bit.” Regarding the histogram anal-
ysis, therefore, a lower entropy data set would be
composed of more uniform data points, whereas a
higher entropy data set would be more heterogeneous
(Fig. 5).

Texture-based metrics are based on the concept of
patterns: the repetitive nature of physical characteris-
tics, such as shape, color, or intensity. Texture analysis,
therefore, refers to the spatial relationships between
voxel values rather than the data within the single
voxel. Also referred to as “second-order” statistics,
texture analysis attempts to answer questions such as
how frequently similar voxel values are located near
each other, in which direction and how far away,
and what statistics can be derived from this informa-
tion. Simply put, second-order statistics could be
thought of as a matrix of voxel values; spatial relation-
ships between voxel values extend a particular direc-
tion and distance, creating a textured pattern. This
texture analysis, even more than first-order statistics,
is thought to be applicable when assessing tumor het-
erogeneity [18]. Beyond texture analysis, higher-order
statistics examine the relationship between 3 or more
voxels.
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FIG. 3 Skewness. (A) Positive skewness indicates skewed data points to the right, resulting in an elongated
right-sided tail of the distribution curve (red dashed line). The mean value also moves to the right (solid red
line). (B) In contrast, negative skewness suggests distribution of data to the left of the expected mean, with

elongation of the left-sided tail (red dashed line).

QUANTITATIVE COMPUTED TOMOGRAPHY
AND LUNG NODULES: CLINICAL
APPLICATIONS

As capabilities in data acquisition and processing have
evolved, quantitative CT evaluation of lung nodules
has captured the interest and imagination of researchers,
particularly on the topic of subsolid lung nodules: non-
solid nodules composed of ground-glass attenuation
with or without more solid attenuation components. Af-
ter the reclassification of bronchoalveolar cell carcinoma
into several more descriptive adenocarcinoma subtypes
[16], there has been keen interest in determining what
if any imaging characteristics could be used to differen-
tiate lesions along this newly established pathologic
spectrum. Initial radiologic descriptions of these entities
focused on the visual determination of solid density: for
example, adenocarcinoma in situ (AIS) was considered
nonsolid on CT, whereas minimally invasive adenocar-
cinoma (MIA) was thought to be mainly nonsolid but
could demonstrate a solid density component on CT
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up to roughly 5 mm [21]. Expected imaging appearances
of lepidic predominant adenocarcinoma (LPA) and
invasive mucinous adenocarcinoma were also described,
as were other forms of invasive adenocarcinoma, differ-
entiated by their predominant histopathologic features
(acinar, papillary, or micropapillary, for example). As
literature emerged describing qualitative imaging capa-
bilities and imaging features of these entities (as illus-
trated in Figs. 6 and 7), differentiation of these
subtypes became increasingly important as differences
in 5-year survival rates became apparent. Although pa-
tients with AIS and MIA could expect a 5-year-survival
rate of near 100%, more invasive adenocarcinoma sub-
types, such as papillary, acinar, and micropapillary pre-
dominant lesions, saw declining 5-year survival rates
of 71%, 68%, and 38%, respectively. The goal of many
researchers, therefore, is the successful employment of
quantitative CT to achieve radiologic subtyping of
adenocarcinoma spectrum lesions. This subtyping could
provide improved, more accurate prognostication, and it
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FIG. 4 Kurtosis. (A) Positive kurtosis indicates a relatively “heavy tail” with a larger number of data points

outside of 1 standard deviation. The peak of the curve (solid green line) tends to be steeper and narrower. Thin
blue lines indicate 1 standard deviation. (B) In contrast, negative kurtosis implies a “light tail,” with most data
points falling within 1 standard deviation and few outliers. Negative kurtosis may lead to a flatter distribution

peak (solid green line).
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FIG. 5 Entropy indicates the heterogeneity of data points comprising the distribution curve. (A) A more
uniform collection of data points can be compared with (B) a higher entropy collection of data, resulting in a

less well-defined distribution curve.
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FIG. 6 (A) Pathologically proven MIA, up to 1.2 cm in diameter in the left upper lobe, demonstrating both
ground-glass and solid attenuation. (B) Quantitative CT evaluation incorporates the use of an overlying voxel
mask (shown in green). (C) The resultant histogram reflects the number of voxels with attenuation values in
Hounsfield Units. This histogram is positively skewed to the right (s = 0.850), and the distribution
demonstrates positive kurtosis (k = 2.938) with relatively heavy tails. A heterogeneous set of data points
comprises the histogram, reflecting the entropy of the distribution curve (e = 5.986). For reference, the blue

dotted line represents a normal distribution curve.
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FIG. 7 (A) Pathologically proven invasive adenocarcinoma, up to 1.1 cm in the right upper lobe,
demonstrating part-solid attenuation. (B) As shown, a voxel mask (shown in green) is placed over each thin-
section axial image containing the nodule. (C) Resulting histogram demonstrates negative skewness, with
data points skewed to the left (s = —2.352). Although overall kurtosis is 0.419, the right-sided tail of the
distribution curve is light when compared with the left. For reference, the blue dotted line represents a normal

distribution curve.

could potentially influence patient management in
regards to the timing and necessity of surgical excision.

Investigating a group of 46 resected GGNs larger or
equal to 10 mm, Lim and colleagues [22] studied both
morphologic and quantitative imaging features and
determined that nodule size (16.4 mm) and nodule
mass (0.472 g) were significant features differentiating
invasive adenocarcinoma from MIA or AIS lesions. Han
and colleagues [23] later investigated a larger group of
163 GGNs in an attempt to distinguish a combined
group of preinvasive and MIA from more invasive adeno-
carcinoma subtypes. Studying nodule diameter, area, vol-
ume, mass, and mean nodule attenuation, significant
differences were found between the 2 groups among all

measures. Using logistic regression analysis, the group re-
ported that a cross-sectional area of 2.22 cm? was an inde-
pendent predictor of invasive disease. Investigating the
predictive value of solid volume within a lung nodule,
Ko and colleagues [24] studied a group of subsolid
lung nodules, a group that included both purely
ground-glass and part-solid density nodules, and found
statistically significant differences in mean percentage
of solid volume between invasive adenocarcinoma
(35.4%) and LPA (14.5%, P .002). The group
also found a near-significant trend between invasive
adenocarcinoma and a combined group of AIS and
MIA lesions, a result likely influenced by sample size
(8.2%, P = .051).
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In a later study, Li and colleagues [25] used quanti-
tative assessment to differentiate preinvasive adenocar-
cinoma spectrum lesions from MIA and from more
invasive adenocarcinoma subtypes. Investigating a
group of 110 purely GGNs, the group found significant
differences in nodule diameter, area, and mass between
preinvasive and more invasive groups, although no sig-
nificant difference could be documented between pre-
invasive and MIA lesions. However, it should be
noted that when these 3 groups were assessed with
more advanced histogram analysis, significant differ-
ences were found between CT attenuation percentiles
of all 3 groups of nodules (P<.05). Additional study
by Alpert and colleagues [26] also used both nodule
volume and first-order statistical analysis to differen-
tiate lesions on the adenocarcinoma spectrum. Citing
improved 5-year survival among AIS, MIA, and LPA
lesion patients, this study compared a combined group
of lepidic predominant lesions with more invasive
adenocarcinoma subtypes and found statistically signif-
icant differences between the 2 groups regarding nodule
volume, percentage of solid volume, as well as first-
order statistical histogram features, such as skewness,
kurtosis, entropy, and mean nodule attenuation value
within each histogram quartile.

Several other studies have attempted to demon-
strate significant quantitative differences between
invasive adenocarcinoma and groups of minimally
and/or preinvasive lesions. Focusing on first-order
statistical histogram features, Son and colleagues
[27] studied nearly 200 GGNs, proven to represent
invasive adenocarcinoma (n = 92), MIA (n = 61),
and AIS (n = 38). Significant differences among these
histopathologic groups of GGNs were discovered us-
ing histogram measures, such as 75% CT attenuation
value (or third-quartile histogram values) and en-
tropy (both P<.05). The following year, Hwang and
colleagues [28] also found entropy to be a significant
feature differentiating invasive adenocarcinoma le-
sions from MIA or preinvasive lesions, albeit with a
smaller group of 66 purely GGNs. In distinction,
Chae and colleagues [29] studied 86 part-solid nod-
ules using multivariate analysis and reported smaller
mass and higher kurtosis were significant features
differentiating preinvasive lesions (atypical adenoma-
tous hyperplasia and AIS) from invasive adenocarci-
nomas. Notably, this group also reported creation
of an artificial neural network, which showed excel-
lent accuracy differentiating preinvasive and invasive
adenocarcinoma lesions using quantitative features
of mean attenuation, mass, kurtosis, and entropy,
with an area under curve = 0.981.

Future investigation focuses on quantitative CT char-
acterization and subtyping of the various histopatho-
logic subtypes of invasive adenocarcinoma, namely
papillary, acinar, and micropapillary predominant
pathologic conditions. A growing body of literature
investigating the feasibility of second-order texture
analysis of subsolid adenocarcinoma spectrum lesions
is also anticipated.

CURRENT CHALLENGES

Despite radiologists’ and scientists’ interest in quantita-
tive imaging, one of the greatest challenges remains the
standardization of descriptive terms and imaging
methods. One action to improve consistency across
this growing body of literature is the creation of the
Quantitative Imaging Biomarkers Alliance (QIBA),
sponsored by the Radiological Society of North Amer-
ica. QIBA is a multidisciplinary consortium with the
goal of enabling implementation and advancement of
quantitative imaging methods. QIBA-published docu-
ments outline ways to reliably measure imaging fea-
tures within a specific clinical context, while
considering technical standards, how users interact
and process data, and how users determine clinically
meaningful metrics [30,31]. For example, a QIBA pro-
file can outline a systematic approach to quantitative
imaging to assess lung cancer screening-detected nod-
ules [31]. In another example, varying data-processing
algorithms could be applied to a reference data set of
phantom lung nodules, and results could be used to
determine reproducibility in accordance with a QIBA
quantitative imaging profile [32]. In general, this pro-
cess is designed to foster precise, reproducible ways to
use quantitative imaging with the understanding that
this evolving imaging approach will be implemented
more and more into clinical care. As quantitative imag-
ing gains greater clinical relevance, qualities such as
reproducibility, cost, and improved patient outcomes
all become paramount in importance.

Regarding lung nodules, the greatest disparity
among quantitative CT literature is how study groups
are defined by their pathologic diagnosis along the
lung adenocarcinoma spectrum. For instance, some re-
searchers investigate “preinvasive” lesions, including
both atypical adenomatous hyperplasia and AIS le-
sions, whereas many others consider AIS alone. This
preinvasive group may be compared directly with MIA
lesions but is more commonly compared with “more
invasive” adenocarcinoma subtypes (which may or
may not include MIA). Many studies group preinvasive
(AIS) and MIA lesions together, presumably because of



their similar near-100% 5-year survival rates, and then
compare this group with a cohort of more frankly inva-
sive adenocarcinoma lesions. At least 1 article advocates
grouping all lepidic predominant lesions together (AIS,
MIA, and LPA), a determination also based on the simi-
larly high 5-year survival rate for all 3 pathologic diag-
noses [26]. Another potential source of inconsistency
among literature is the investigation of lung nodules
based on a more qualitative assessment of visual atten-
uation. Specifically, many studies only include purely
ground-glass attenuation nodules. Studies that include
part-solid density nodules as part of a study cohort typi-
cally approach that population with a known patho-
logic diagnosis rather than a qualitative density
assessment. Subtle disparities in study design such as
these may make it more challenging to apply conclusive
findings to everyday clinical practice.

Apart from inconsistencies in study design, the ma-
jor hurdle that remains in the clinical realm is imple-
mentation of quantitative CT imaging in the reading
room, enabling radiologists to include this assessment
in their daily workflow. As the body of literature ex-
pands, and quantitative CT finds greater validation
and acceptance, the need for this evolving imaging tech-
nology will continue to grow. Accessibility of auto-
mated software to extract and process data poses a
challenge, although the development of automated
nodule selection tools would greatly influence the
time and work required to incorporate this technology
into clinical workflow. Ideally, quantitative CT tech-
nique and processing have to be implemented in a
facile way that can efficiently and seamlessly be incor-
porated into the radiologists’ already busy and complex
workday.

SUMMARY

Although the clinical expertise of an experienced radiol-
ogist will always be needed, quantitative assessment of
indeterminate lung nodules provides objective data per-
taining to nodule size, volume, density, and mass. Lung
nodule volumetry has been shown to provide a more
accurate determination of nodule size than simple
caliper measurements. Further still, significant advance-
ments in CT imaging technology and data-processing
software now allow evaluation of data at the level of
the 3D voxel, exposing a wealth of data that has been
traditionally underutilized. The application of first-
order statistical analysis of voxel attenuation, specif-
ically attenuation data of subsolid lung nodules that
may lie along a spectrum of adenocarcinoma subtypes,
has led to the publication of a robust and growing body

Quantitative CT Evaluation of Lung Nodules 117

of literature. Although challenges exist, there has been
progress in radiologic subtyping of adenocarcinoma
spectrum lesions, with most straightforward quantita-
tive differences demonstrated between preinvasive and
minimally invasive adenocarcinoma and more invasive
subtypes. As technical capabilities improve, additional
in-depth investigation of indeterminate lung nodules
with first-order histogram and second-order texture
analysis techniques are sure to follow.
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