Decoding pulmonary nodules: can
machine learning enhance malignancy

risk stratification?
Colin Jacobs

Randomised controlled trials, with the
National Lung Screening Trial and
Dutch-Belgian NELSON trial being the
two largest, have demonstrated that
lung cancer screening of high-risk indi-
viduals using low-dose CT reduces lung
cancer mortality compared with no
screening or screening with chest X-ray.
Fuelled by the positive results of these
landmark trials, low-dose CT-based
lung cancer screening of high-risk indi-
viduals is being implemented at national
or regional scale in an increasing
number of countries worldwide. A
comprehensive overview of the current
status of implementation of lung cancer
screening worldwide can be observed in
the interactive lung cancer screening
overview maintained by the Lung
Cancer Policy Network.'

One of the challenges in the radiolog-
ical interpretation of screening CT scans
is the management of screen-detected
pulmonary nodules. The prevalence of
nodules in screening CT scans of the
eligible population is high and ranges
from 22% to 74%, depending on the
inclusion criteria, CT parameters and
minimal size cut-off. The vast majority
of these pulmonary nodules are benign.
This illustrates the importance of accu-
rate risk estimators and management
guidelines for screen-detected nodules;
they will be crucial to maintain a good
sensitivity for malignant nodules, but
at the same time keep the false positive
rate as low as possible.

In the recent study by Warkentin
et al,* the authors, part of the INTE-
GRAL consortium, conducted a large
study with data originating from four
international lung cancer screening
studies. With a total dataset of 16 797
nodules, of which 513 malignant,
the authors improved over previous
radiomics studies for nodule risk esti-
mation that used smaller datasets or
datasets with a reference standard
set by radiologist consensus opinion.
The authors developed and rigorously
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tested a machine learning model for
malignancy risk estimation of indeter-
minate pulmonary nodules detected at
baseline CT. For validation, 20% of
the full dataset from the four inter-
national screening studies was set
aside, leaving a total of 107 malignant
nodules and 3256 benign nodules in
the test cohort.

The results of the final machine learning
model showed excellent discrimination
and calibration performance and were
compared with the Brock model, the most
well-known risk calculator for pulmonary
nodules. The comparison showed that the
final machine learning model, which used
both imaging and epidemiological param-
eters, was able to outperform the Brock
model on the test set. This again demon-
strates that detailed computerised analysis
of the imaging data can extract additional
imaging information that is not encoded in
the imaging-related parameters included
in the Brock model.

This is an important scientific observa-
tion. When nodule management in lung
cancer screening will be guided by accu-
rate nodule risk estimators, these improve-
ments are important to optimise the
effectiveness of screening programmes.
The International Lung Screening Trial
is an important ongoing study that is
prospectively  investigating ~ whether
nodule management based on a nodule
risk calculator, the Brock model in this
study, can perform better than the Lung-
RADS (Lung CT Screening Reporting
& Data System designed by American
College of Radiology) management guide-
lines in terms of sensitivity and false posi-
tive rates.’

Previous studies using deep learning
approaches have also demonstrated to be
able to perform better or on par with the
Brock model.*® It is important to stress
that these deep learning models did not
encode the epidemiological covariates,
nine in total, that were included in the
machine learning model in this study.
Head-to-head comparisons on represen-
tative datasets, as being conducted more
and more in the scientific literature,®®
will need to demonstrate whether there
are significant differences between the

various published machine learning and
deep learning models.

It will be important to assess in future
studies how the presented nodule level
results translate to sensitivity and false
positive rates at screening partici-
pant level. When these analyses are
performed, the effect on the sensi-
tivity and false positive rate at partic-
ipant level can be determined, which
are important metrics to monitor the
effectiveness of lung cancer screening
programmes. The results presented by
Warkentin et al in table 3 from their
publication already provide informa-
tion in this direction, but the presented
sensitivity and specificity metrics are
still measured at nodule level.

After the extensive study by
Warkentin et al, important unexplored
ground remains. How can accurate risk
estimators like the presented machine
learning model be best integrated
in nodule management guidelines?
What risk thresholds on the predicted
malignancy risk can be used in nodule
management guidelines? Do models
need to be recalibrated when applied
to new populations to make sure that
risk thresholds still apply? Do different
risk thresholds need to be applied for
subsolid nodules in nodule manage-
ment guidelines?

In addition, when organised annual
lung cancer screening is in place, most
nodules being detected in participants
will already have one or multiple
prior screening CT scans available. In
the evaluation of these nodules, it is
sensible that machine learning models
include the information from prior
CT scans, mirroring how radiologists
interpret the CT scans in practice. It
is therefore apparent to include infor-
mation from the prior CT, indicating
whether or not a nodule was already
visible and with what appearance, in
future machine learning models.’

The study by Warkentin et al is an
important next step for optimisation
of the management of indeterminate
lung nodules in lung cancer screening
and an important strength of the study
stems from the international nature
of the dataset. These collaborative
research studies with data sources from
different populations and geograph-
ical regions will be essential to test the
generalisability and robustness of the
new-generation risk estimation models.
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