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Look around your target: a new approach to early diagnosis of

lung cancer
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Lung cancer is the first oncologic cause of death
worldwide (1). Late onset of symptoms and, thus, late
diagnosis is one determinant of poor survival. Risk factors
are known for selection of asymptomatic subjects at higher
risk of lung cancer (2). Secondary prevention by early
diagnosis was proved effective by screening trials based on
computed tomography (CT) in heavy smokers (3,4), yet
with the major limitation of unprecedented high number
of nodules detected (5) for which accurate characterization
is mandatory with the aim of reducing false positives and
associated relevant drawbacks (6-9).

A lung nodule is an extremely frequent finding, mostly
with benign histology, therefore it oftentimes becomes a
diagnostic clinical challenge. In particular, morbidity and
mortality from additional radiographic or unnecessary
diagnostic procedures were reported during the work up of
small benign lesions or extremely slow-growing neoplasms
(10,11). A handful of guidelines drive the management of
lung nodules in clinical practice or lung cancer screening
(12-15). All guidelines refer to nodule size (either diameter
or volume) and more morphologic features (e.g., density,
shape, margins, etc.) by visual assessment, which are
quite prone to variability (both inter-observer and intra-
observer) (12). Therefore, the positive predictive value
(PPV) for a small nodule representing cancer can vary
according to several subjective determinants, even among
thoracic radiologists. In this context, the automatic objective
quantification method proposed by Huang raises particular
interest (16). Huang and colleagues realized a matched
case-control study based on National Lung Screening Trial
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(NLST) data to test whether a computer aided diagnosis
(CAD) algorithm could increase PPV and reduce FP rate,
as compared with evaluation by thoracic radiologists. The
authors evaluated features from intranodular, perinodular
(parenchyma surrounding the nodule), and extranodular
areas and the combination of target, local and global
features was tested for overall prediction, in comparison
with thoracic radiologist performance. Segmentation was
performed by semi-automated technique, which was proven
to be more stable and accurate than manual segmentation.
Furthermore, semi-automated segmentation was suggested
for improvement of the workflow within a lung cancer
screening setting, notably by reducing inter-observer
differences during analysis of lesions (13).

Among 26,722 NLST screenees, the authors selected
individuals displaying a dominant nodule of relatively
small size, namely within the range of 4-20 mm diameter.
CT images were randomly divided into a training set (for
algorithm development) and a validation set: nodules were
stratified according to the CAD-derived metric probability
of malignancy score (Pm), outperforming visual assignment
of risk by the lung-RADS. On the one hand, the semi-
automated classification outpointed high malignancy risk in
a nodule categorized probably benign by visual reading, the
final diagnosis was advanced acinar adenocarcinoma. On
the other hand, the semi-automated algorithm did exclude
malignancy for a nodule deemed suspicious by visual
reading, the final evidence of benignity was draw on the
benign biologic behaviour throughout the follow-up period.
These representative cases show the potential of Pm score
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as a clinically powerful metric, and thus this preliminary
figure encourages thorough investigation towards consistent
validation for potential implementation in the setting of
lung cancer screening by LDCT, or even clinical practice.
The combination of different demographic data and
morphological quantitative CT parameters into a prediction
models is especially handy when a summary cancer like
score is formulated that includes multifactorial calculation
of risk (8,17). In the experiment from Huang et 2., CAD
increased PPV by 0.43 and decreased FP rate by 0.88, as
compared with the prospective NLST results. Among
features, the authors point out a complex quantitative
CT parameter (the so-called cp score), which was even
a proposed for histologic differentiation, in particular:
nodules with highest median cp scores were found to
be small-cell carcinoma, papillary adenocarcinoma and
squamous cell carcinoma, while nodules with low median
cp score were mixed subtypes of adenocarcinoma or non-
mucinous adenocarcinoma iz situ. This ambitious task
appears as revolutionary as insufficient in the current
landscape of genomic characterization. It is currently
accepted that tumor biopsy is warranted for derivation of
several subtypes within the same histologic classification and
longitudinal testing of their eventual genomic adaptation
through different mechanisms of therapy resistance (18).
The study of Huang ez #/. falls into the arena of
several radiomic methods for stratification of nodule
malignancy likelihood. The pioneer studies introduced
texture analysis of the quantitative features from within
the nodule for stratification of malignancy, this method
was further developed for prognostication and prediction
of therapy response in lung cancer. For instance, Ravanelli
et al. (19) demonstrated that texture features in advanced
lung adenocarcinoma provide an independent predictive
indicator of response to first-line chemotherapy. Similarly,
Ganeshan ez al. (20) showed tumour heterogeneity assessed
by texture analysis may provide an independent predictor
for survival of patients with non-small cell lung cancer
(NSCLC). The consistency of quantitative features is
restlessly pursued with the aim of granting convenient
clinical applicability. In this field, Ciompi ez al. (14)
proposed a deep learning system capable of automatic
processing heterogeneous CT datasets to identify different
types of nodules (i.e., solid, non-solid, part-solid, calcified,
perifissural and spiculated), also addressing lung-RADS
categories. The deep learning method was chosen by
Ciompi for its superior ability in classifying nodular lesions,
as compared with machine learning approaches. The
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automatic classification was further specifically developed
for identification of benign polygonal perifissural small
nodules, namely intraparenchymal lymph nodes, with
initial glimpse at the features surrounding the nodule (21).
Similarly, vessel involvement assessed by texture analysis
was reported as a predictor of cancer risk (22). Vessel
involvement as a predictor of lung cancer was evaluated by
Liu et 4l. in screenees of the NLST with negative baseline
CT and lung cancer diagnosis at following rounds and
vessel involvement yielded high area under the curve (AUC)
for presence of lung cancer. Such feature was confirmed
by Huang et al., notably as the second most important
parameter to lung cancer likelihood stratification. The
assessment of spatial interaction between a small nodule
and a vessel introduces the most interesting part of Huang’s
investigation: the perinodular and extranodular tissue.

The algorithm from Huang and colleagues incorporated
perinodular and extranodular features for the definition of
the overall likelihood of malignancy. It is unknown whether
this algorithm depicts pulmonary abnormalities determined
by the tumor growth or parenchymal features which
anticipate/favour the cancerogenic process. Nevertheless,
this “environmental” radiologic approach to lung cancer
is a remarkable complementary point of view, which offers
more speculation on the early phases of lung cancer. The
same perspective was recently reported in a case series from
Borghesi and co-workers, who investigated the outline of
tumor surface in small non-solid nodules. They outlined an
apparent quantitative cluster capable of discerning between
stable and evolving lung nodules, which seems promising
for prediction of nodule progression (23). Again, whether
this is a cause or a consequence of the neoplastic process is
still unknown, yet this characterization appears as relevant
as the direct quantification of the intranodular features.

Although encouraging evidences emerge from
literature about quantitative CT analysis, some issues
still need to be addressed. Indeed, radiomic features may
be redundant and non-reproducible, strongly dependent
from image acquisition (e.g., tube current, noise index)
and reconstruction parameters as well as voxel size- and
gray-level discretization-dependent, although different
strategies to reduce the weight of these limitations have
been extensively tested (24-26). Therefore, it is the natural
development of any semi-automated algorithm to be tested
on large external multicentre populations before clinical
application. This is the near future of the model proposed
by Huang et al., since its discovery and validation were
operated on a relatively small population and limited to the
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visually determined dominant nodule. Who knows what the
machine would have selected as dominant nodule?

In conclusion, the presented article shows a direction
within the wide landscape potential of radiomic, notably this
technological development is quite sound for optimization
of human reading in lung cancer screening. Should this
be the beginning of a new era of background artificial
intelligence for pre-selection of high-risk CT scan? This
perspective should be investigated in the foreseen shortage
of human medical professionals, notably radiologists.
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