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ABSTRACT

Aim This study aims to evaluate the effectiveness of
combined artificial intelligence (Al)-based tools for early
patient identification, risk stratification and tracking in
increasing the follow-up rate of incidentally detected lung
nodules, potentially leading to earlier diagnoses of lung
cancer, particularly non-small cell lung cancer (NSCLC).
Patients and methods We conducted a retrospective
cohort study involving all patients who underwent CT
scans at an academic medical centre over an 8-month
period. Real-world practice was compared with modelling
of a hypothetical intervention with Al tools. This study was
complemented by a multi-reader multi-case analysis to
enhance the robustness of our findings.

Results The implementation of Al tools significantly
increased the rates of guideline-concordant follow-up

for detected nodules, rising from 34% without the tool to
94% with the Al intervention (p<0.0001, McNemar’s test).
Furthermore, the median time to diagnosis of NSCLC was
reduced from 129 days to 25 days (p<0.001, Wilcoxon
signed-rank test).

Conclusion These findings provide compelling evidence
that Al tools can enhance the follow-up rates for patients
with incidentally detected lung nodules and expedite the
diagnosis of lung cancer. The integration of Al in clinical
practice may significantly improve patient outcomes in
lung cancer detection and management.

INTRODUCTION
Lung cancer remains the leading cause of
cancer mortality,' ? with an estimated 124730
deaths in the USA in 2025 alone and a dismal
28% b-year survival rate.” Early diagnosis and
treatment hold great promise in improving
outcomes through curative interventions such
as surgical resection combined with immuno-
therapies/chemotherapies. Current statistics
suggest that 63% of patients with localised
non-small cell lung cancer (NSCLC) who
undergo treatment can expect to live at least
5 years after diagnosis, with this number rising
to 90% for the smallest Stage IA tumours."*
The optimum opportunity to drive early
intervention lies among the more than
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= Previous studies have demonstrated that approxi-
mately 40% of incidentally detected pulmonary nod-
ules are followed-up in accordance with established
clinical guidelines.

WHAT THIS STUDY ADDS

= This study employs Natural Language Processing to
identify lung nodules within radiology reports from
a large patient cohort. Additionally, it uses diagnos-
tic and procedural codes to reconstruct patient care
pathways. The observed standard of care is then
compared against a hypothetical intervention (as
this study is retrospective) that integrates combined
artificial intelligence (Al) tools for patient identifica-
tion, tracking and risk stratification. Outcomes as-
sociated with the use of Al are modelled based on a
multi-reader multi-case study.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= The findings of this study suggest that the incor-
poration of Al tools into the standard care protocol
for managing pulmonary nodules has the potential
to enhance adherence to clinical guidelines, thereby
reducing the time to lung cancer diagnosis. A pro-
spective study would further validate these findings.

1.5million new US patients each year’ who
have a lung nodule detected incidentally
on CT scans acquired for other reasons (eg,
emergency room scans, cardiac CT scans).
While most nodules are benign, a subset
are cancerous. Unfortunately, the current
clinical management pathway suffers from
deficient care coordination and risk strat-
ification, resulting in 6 out of 10 incidental
nodule patients lost to follow—up,6 invasive
procedures on benign nodules’ and delayed
lung cancer diagnosis, leading to suboptimal
outcomes for patients with cancer.

The primary goal of this study is to evaluate
whether the utilisation of Al tools could lead
to more early-stage lung cancer diagnoses,
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that is, bringing about stage shift by ensuring no patient
misses their appropriate nodule follow-up, and by
speeding up time to diagnosis. The overarching aim is
to improve patient outcomes and help with allocation of
healthcare resources through better risk stratification.

METHODS

Study design and patient population

In this retrospective cohort study, we compare current
clinical practice at a large academic medical centre
(AMC) to modelled results based on a reader study from
a hypothetical intervention with a commercially-available
artificial intelligence (Al)-enabled, computer-assisted
diagnosis (CADx) tool. The Al tool comprises three key
modules.

Patient discovery

Automated Natural Language Processing (NLP) of radi-
ology reports, deployed across an entire hospital/health
system.” The goal is to identify and capture more patients
with suspicious nodules and to speed up referral to
specialists, especially for high-risk patients.

Clinical decision support

An imaging Al/‘Radiomics’-based digital biomarker of
malignancy risk is computed from the CT image pixels.” '’
It has been shown to increase the accuracy of physicians’
malignancy assessment, reduce variation between physi-
cians and help physicians make more appropriate clinical
decisions.

Management and tracking
Assists physicians in longitudinally tracking decisions
and follow-up procedures, and reminds the thoracic care
team when a patient misses a prescribed follow-up CT.
All patients who underwent a CT scan at the AMC for
reasons other than lung cancer screening between July
2017 and February 2018 were included in this study,
provided they met the specified inclusion criteria. The
retrospective dataset of radiology reports was processed
using the Al tool’s NLP-based Patient Discovery module
to automatically identify the relevant subset of patients.

Inclusion criteria

» Patients must have a CT report from the AMC within
the 8-month study period.

» The patient discovery Al must identify a mention of
a clinically relevant solid or semi-solid nodule, meas-
uring between 5 and 30mm, that was incidentally
detected in the radiology report.

Definition of ‘clinically relevant’

A nodule is considered clinically relevant if it meets one

of the following criteria:

» A nodule measuring 8-30mm that is not fully calci-
fied and for which the radiology report does not
explicitly state that follow-up is unnecessary.

» A nodule measuring 5-7mm that has an explicit
follow-up recommendation in the radiology report.

Exclusion criteria
» Patients with a pre-existing cancer diagnosis at the
time of the scan.

Additional exclusion criteria for the reader study

» Patients for whom no outcome regarding nodule
malignancy or benignity can be determined within 2
years following the reported scan (eg, due to death or
relocation outside the healthcare system).

» Scans that do not meet the technical criteria speci-
fied in the US Food and Drug Administration (FDA)-
approved Indications for Use (IfU) of the CADx tool.

Study objectives

Primary objective

Nodule patient follow-up: to determine whether the
implementation of Al-enabled tools can increase the
number of clinically relevant lung nodules that receive
appropriate follow-up compared with current clinical
practices.

Secondary objectives

Patient with cancer follow-up: to evaluate whether the
use of Al-enabled tools would increase the number of
patients with lung cancer followed-up in accordance with
established clinical guidelines.

Time to diagnosis: to assess the potential reduction
in median time to diagnosis for lung cancers when
comparing current clinical practices with the employ-
ment of the Al-enabled care tool.

Exploratory objectives
Size at diagnosis: to investigate whether the Al-enabled
tool would contribute to a reduction in the mean size of
primary tumours at the time of diagnosis.

Stage shift: to evaluate whether the Al-enabled tool
would facilitate a shift in the (sub) stage of cancers at
diagnosis compared with current clinical practices.

Data collection
Clinical data meeting the following criteria were collected

Reports

8 months of CT reports spanning July 2017 to Feb 2018
(inclusive) of all CTs performed at the AMC (65 039 radi-
ology reports).

Clinical metadata

Clinical metadata containing information about patient
visits from the beginning of the 8-month study period
until 2 years after the end of the study period (July 2017
to March 2020) was collected for all patients meeting
the inclusion criteria. It includes (and is not limited to)
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specific clinical visits, appointment notes, diagnosis notes,
International Classification of Diseases, Tenth Revision,
Clinical Modification (ICD-10-CM) codes and current
procedural terminology (CPT) codes. For patients with
a known primary lung cancer, diagnosis dates, histology
reports, size and stage at diagnosis were collected.

CT DICOM data

All CT digital imaging and communications in medicine
(DICOM) data from the patients whose reported lung
nodules were deemed to have a known outcome and to
be eligible for the reader study was collected.

To select the cases appropriate for the reader study,
we excluded the patients not meeting the FDA-cleared
IfU of the CADx score for one of the reasons outlined in
the detailed Methods section of the online supplemental
material.

All collected data were de-identified by the AMC and
identified only by hashed ID values.

Data markup and curation

Processing by patient discovery

The retrospective consecutive dataset of radiology

reports was processed by the NLP-based patient discovery

Al module to automatically identify the subset of patients

meeting the inclusion and exclusion criteria above.
Reports where patient discovery detected a measured

nodule in the text are referred to as ‘Patient Discovery

positive’.

Markup of radiology reports

Clinical data specialists with a medical qualification
reviewed the report text of the patient discovery-positive
subset to determine clinical relevance of the nodule and
follow-up recommendations by the radiologist as detailed
in the online supplemental material, and the patient
discovery negative subset to identify potential false nega-
tives.

We determined outcomes (cancer/benign) and the
follow-up procedures the patients received from ICD-
10-CM codes, CPT codes and clinical visit notes as
described in the online supplemental material.

Reader study workflow

The reader study was conducted as a multi-reader, multi-
case study, wherein physician readers were selected based
on their level of experience and area of clinical prac-
tice, specifically focusing on pulmonologists. To ensure
complete separation between the readers and actual
patient care, physicians from the AMC where the data
were collected were not invited to participate. The CADx
score component of the Al tool has been evaluated sepa-
rately in a previous reader study."’ A detailed description
of the reader study workflow is provided in the online
supplemental material.

Modelling approach

The follow-up each patient would have received with Al
is modelled based on the most frequent recommenda-
tion from the reader study. For patients not included
in the reader study, the closest matching patient was
determined based on similarity of the Mayo risk score,'?
which has previously been shown to be predictive of
guideline-concordant follow-up."” Using an aggregate
score summarising multiple covariates has previously
been suggested as a similarity measure for matching."*
Basic patient characteristics were similar between the
reader study cohort and the full patient cohort (online
supplemental figure SIA-C). Further assumptions, vali-
dations and data handling are explained in the detailed
methods section of the supplement, which introduces all
specific modelling methodology used to derive follow-up
decisions and outcomes from the reader study results for
the hypothetical Al intervention is outlined in the online
supplemental materials.

The time to cancer diagnosis with Al was estimated by
assigning average waiting times for the diagnostic tests
recommended by the readers in the reader study, using
standard waiting times reported by expert clinicians at the
AMC. If further follow-up imaging was recommended, it
was assumed that after the recommended follow-up CT
scan, the measured growth of the nodule would have
prompted a biopsy recommendation. In this model, the
follow-up was assumed to be carried out as recommended
by the pulmonologist without being negatively impacted
by resource limitations.

The model to determine the size at diagnosis with Al
was based on the estimated time to diagnosis and the
volume-doubling time calculated for each nodule indi-
vidually using an exponential growth model and consec-
utive CT scans.

The stage at diagnosis with Al was modelled based on
the estimated time to diagnosis and stage progression
times determined by fitting a stage progression model
to experimental data. The relative time cancers spent
in each stage was constrained to represent the propor-
tions of cancers in each stage from the literature and
the expected proportion of adenocarcinomas,"” using
the modelled time-to-diagnosis as described above. The
details of this model are outlined in the online supple-
mental methods.

Statistical analysis

Statistical analysis was conducted according to the
prespecified analysis plan. A brief description is provided
here, while the detailed statistical analysis methods and
sensitivity analyses (online supplemental tables S1 and
$2) are described in the supplemental material.

The study employed a paired design, in which the
outcome for each patient was compared between the
standard of care and the modelled with-Al scenario.

For comparing proportions, the McNemar test was
used. Numerical data were compared using the Wilcoxon
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Figure 1 Overall study flowchart. Al, artificial intelligence.

n=153

signed-rank test. Time-to-event data was compared using
the log-rank test. Analyses involving multiple readers
were carried out using bootstrapping.

Patient involvement

This study highlights issues with lung nodule follow-up,
which is a key concern for patient safety and suggests
improvements to patient care. However, patients were
not directly involved in designing this study.

RESULTS

Patient identification using patient discovery software

We obtained all radiology reports from July 2017 to
February 2018 (inclusive) for all CT scans performed
at the AMC for any indication other than lung cancer
screening. A total of 65039 reports were collected (see
study flow diagram in figure 1).

The patient discovery Al was configured to exclude
patients with known cancer and those undergoing lung
cancer screening. From the remaining eligible reports,
the Patient Discovery software identified mentions of a
nodule in 4095 cases. Ultimately, 1393 patients met the
inclusion criteria (figure 1). The primary reasons for
exclusion were an existing cancer diagnosis or the nodule
not meeting the ‘clinically relevant’ definition. Of those
included, 153 had CTs suitable for the reader study, all
of which were presented to the readers (figure 1). Exclu-
sions from the reader study were due to indeterminate
diagnoses or scans not meeting the technical specifica-
tions of the CADx tool (figure 1).

Annotation by human data experts on reports identified
as negative by Patient Discovery revealed six false negative
reports that referenced pulmonary nodules. However,
two of these reports pertained to known patients with

3

cancer undergoing follow-up. The remaining reports
referenced ‘micronodules’, ‘scattered peribronchocen-
tric ground-glass opacities’, ‘scattered foci of nodular
airspace opacity involving all lobes bilaterally’ and ‘tiny
left lower lobe pulmonary nodules’, none of which met
the criteria for pulmonary nodules requiring follow-up
under the Fleischner guidelines.'®

Primary objective

Nodule patient follow-up

Under current clinical practice, we determined that 471
out of 1393 (34%) clinically relevant nodule patients
received follow-up according to guidelines, while 41 (3%)
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Figure 2 Primary objective. (A) Proportion of clinically
relevant nodule patients followed according to guidelines
in observed clinical practice versus simulated care with
Al. 34% were followed-up according to guidelines in the
current clinical practice versus 94% with Al (p<0.0001,
bootstrapped McNemar test, 10000 bootstraps, n=1393
patients). Followed according to guidelines is defined

as followed as recommended by Fleischner Society
guidelines,' or according to radiologist recommendations
if different from guidelines. Delayed follow-up is defined
as nodule-specific follow-up that occurred with a delay
longer than recommended by guidelines. Not followed
means the patient had no nodule-related visits at the AMC
in the 2-year period after the CT scan date for which data
was collected in the study. Note that the modelled ‘with
Al’ scenario represents the number of patients that would
have been offered follow-up with Al and does not take into
account the possibility of patients refusing treatment or
being unable to attend follow-up appointments for other
reasons. (B) Time-to-event analysis of time to first follow-
up under observed clinical care and with Al tools. Patients
were censored at 2 years if no follow-up occurred during
this period, as data collection ended after 2 years. Shaded
areas represent 95% Cls obtained by bootstrapping.
Bootstrapped log-rank test: p<0.0001, n=1393 patients. Al,
artificial intelligence; AMC, academic medical centre.
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were followed up with delays, and 881 (63%) received no
follow-up.

With the implementation of Al, the number of patients
who would have been offered guideline-concordant
follow-up increased to 1308 (94%), while only 4 (0.3%)
were not recommended for follow-up (figure 2A). The
median bootstrapped McNemar p value (10000 boot-
straps) when comparing guideline-concordantly followed
patients with and without Al was <0.0001.

In a time-to-event analysis comparing the interval from
the initial CT to the first follow-up visit, patients were
followed-up more rapidly with Al (p<0.0001, log-rank
test, figure 2B).
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4260— 4‘260—
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©40 ©40
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209 B not followed 207
— followed according B delayed diagnosis
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mm followed with delay 60 days
0- 0-
Current clinical With Al Current clinical With Al

practice practice

Figure 3 Secondary objective. (A) Proportion of patients
with cancer followed according to guidelines in observed
clinical care versus with Al tools. 56% of cancers were
followed-up according to guidelines in current clinical
practice, versus 96% with Al (p<0.0001, McNemar test,
n=55 cancers). Followed according to guidelines was
defined as receiving the follow-up care recommended by
Fleischner Society guidelines or by the radiologist reviewing
the initial CT, if different from guidelines. Delayed follow-up
was defined as receiving nodule-related follow-up later than
recommended by guidelines. Not followed was defined as
the patient never had any more nodule-related visits within
the 2-year observation period. Note that all 31 patients with
cancer with known cancer outcomes were followed-up
appropriately by the AMC. The additional 24 patients with
cancer are undiagnosed patients assumed to have cancer
based on cancer prevalence in the underlying population.
(B) Proportion of confirmed patients with cancer diagnosed
within 60 days of initial CT. 36% of cancers were diagnosed
within 60 days in current clinical practice and 82% with Al
(p<0.01, McNemar test, n=22 cancers). Only NSCLC with
confirmed histology provided by the AMC is included in this
analysis. Al, artificial intelligence; AMC, academic medical
centre; NSCLC, non-small cell lung cancer.

To identify differences in patient characteristics among
those followed according to guidelines, those followed
with delays and those not followed, we analysed the distri-
bution of nodule size, age and sex across the three groups
(online supplemental figure S1). Patients with smaller
nodules were more likely to be followed with delays or
not followed at all (online supplemental figure S1D).
This finding was considered when estimating cancer
probability in this cohort (see detailed online supple-
mental methods).

Secondary objectives

Patient with cancer follow-up

For the first secondary objective, we compared the esti-
mated number of patients with cancer lost to follow-up
under current clinical practice versus hypothetical care
with Al derived from the reader study results.

Under current clinical practice, 31 out of 55 (56%)
patients with cancer received follow-up according to
guidelines. With Al tools, this number increased to
53 (96%) (p<0.0001, McNemar test, figure 3A). It is
important to note that all patients with cancer identi-
fied by the AMC were followed according to guidelines
in current clinical practice. The additional patients with
cancer who did not receive follow-up, as per our evalua-
tion, are undiagnosed patients assumed to have cancer
based on population statistics.

As an additional measure of guideline-concordant
follow-up for patients with cancer, we compared the
proportion of confirmed patients with cancer who
received histological confirmation within the recom-
mended period of <60 days'” in current clinical practice
versus hypothetical care with Al (figure 3B). In current
clinical practice, 36% of confirmed patients with cancer
were diagnosed within 60 days, compared with 82% with
Al (p<0.01, McNemar test).

Time to diagnosis

For the second secondary objective, the time to diagnosis
under current clinical practice was determined from the
electronic medical records provided by the AMC. The
mean time to diagnosis under current clinical practice
was 282 days (SD=361 days), with a median of 129 days
(IQR 41-383 days). With Al, the modelled mean time
to diagnosis was 53 days (SD=35 days), and the median
was 25 days (IQR 25-50 days) (p<0.001, Wilcoxon signed-
rank test, figure 4A).

Exploratory objectives

Size at diagnosis

The mean and median size of confirmed NSCLCs at
diagnosis under current clinical practice were 22mm
(SD=10.3mm) and 22mm (IQR 16.3-24.8mm) for
maximal axial diameter, respectively. The modelled
mean and median size at diagnosis with Al were 19 mm
(SD=7.6mm) and 18mm (IQR 11.8-26.5mm) for
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Figure 4 Time to and tumour size at cancer diagnosis.
(A) Time from incidental CT to cancer diagnosis for
confirmed patients with cancer. The median time-to-
diagnosis (dashed line) was 129 days in observed clinical
practice and was inferred to be 25 days with Al tools
(p<0.001, Wilcoxon signed-rank test). 22 histologically
confirmed NSCLCs for which the study site provided the
diagnosis date are included in this analysis. (B) Size at
diagnosis in observed clinical practice and with Al (based
on an exponential growth model and measured volume-
doubling time) for the same cancers as in (A). The median
size at diagnosis (dashed line) was reduced from 22 to

18 mm with Al. Al, artificial intelligence; NSCLC, non-small
cell lung cancer.

maximal axial diameter, respectively (p<0.01, Wilcoxon
signed-rank test, figure 4B).

Stage shift

The stage of primary cancers at diagnosis under current clin-
ical practice was compared with the modelled stage at diag-
nosis with AI. We limited the analysis to NSCLCs with known
stage at diagnosis, resulting in 22 cancers. Details on how the
stage shift was modelled are provided in the methods section

Table 1 Stage distribution of cancers (n=22) at diagnosis
in current clinical practice versus with Al

Number of cancers

Stage @ diagnosis
Current clinical practice With Al
I 15 15
Il 1 2
I 3) 4
v 3 1

Al, artificial intelligence.

and online supplemental material. The full set of observed
and modelled stages is presented in table 1.

Out of the 22 cancers identified, 7 were diagnosed at a
stage higher than Stage I. Notably, two Stage IV cancers
would have been diagnosed at a lower stage with the
application of Al tools. This indicates that two out of the
seven potentially stage-shiftable cancers could have been
down-staged. Although the small number of Stage II-IV
cancers limits the statistical significance of this finding, it
suggests potential for earlier diagnosis.

DISCUSSION

The results of this retrospective data analysis demonstrate
that the use of Al tools can significantly impact lung nodule
management, increasing the proportion of nodules receiving
guideline-concordant follow-up from 34% to 94% with the
introduction of Al. Secondary and exploratory objectives
reveal earlier and more appropriate follow-up for patients
with lung cancer, a reduction in median time to diagnosis
and a decrease in tumour size at diagnosis.

The observation that approximately 60% of patients
are never followed for their incidental nodules aligns
with previous reports” '* and underscores the substantial
potential for improvement through the implementation
of NLP-based Al tools for the automatic identification of
at-risk patients. While enhanced follow-up would benefit
patients with lung cancer, the increased patient volume
may overwhelm healthcare providers. Therefore, it is
crucial to combine patient identification with effective
risk stratification tools to avoid unnecessary procedures
for benign cases.” The risk stratification component
of this Al tool has been assessed separately in previous
studies, showing correct reclassification of benign cases
to low-risk, which were classified as intermediate or high-
risk in the Mayo model” or the Brock model."’ A previous
reader study11 showed an improvement in readers’ accu-
racy with the Al tool, quantified by an improvement in
the receiver-operating characteristic (ROC) curve area
under the curve (AUC) score. Despite these benefits, a
remaining concern is that the increase in follow-up with
Al might increase costs and patient anxiety. Prelimi-
nary results quantifying these costs and weighing them
against the benefits of life years gained show a favour-
able incremental cost-effectiveness ratio,19 and more
in-depth studies should now be conducted. Achieving the
full benefits of automatic patient identification necessi-
tates the integration of Al into a comprehensive nodule
management programme, supported by well-qualified,
dedicated nurse navigators.

A limitation of this retrospective study is the poten-
tial cohort selection bias, as patients with nodules were
identified by the AI’'s NLP component. We addressed this
bias by manual annotations of the reports by clinical data
specialists with medical qualifications, and found that
there were almost no false negatives. A future study needs
to assess the false negative rate and false positive rate of
the NLP component systematically.
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The study period of July 2017 to February 2018 was
chosen to allow for a 2-year follow-up period in all cases,
without intersecting with practice changes due to the
COVID-19 pandemic. Nodule programmes, guidelines
and even scanner technologies have evolved in the mean-
time, so future studies should focus on current real-world
implementation of these Al technologies.

The limited data available at the AMCregarding patients
who were never followed prevented us from determining
the reasons for their lack of follow-up. It is possible that
some patients were followed elsewhere, died from unre-
lated causes, were deemed untreatable or refused treat-
ment for personal or financial reasons. In such cases, the
Al tool would not have improved follow-up. Additionally,
some AMC records may have been incomplete, despite
our best efforts to obtain all available data. Our sensitivity
analysis (see online supplemental file 1) shows the effect
of different levels of loss-to-follow-up for reasons outside
the scope of the Al tool. While this reduces the effect in
the primary objective, the effect remains significant even
in hypothetical scenarios in which a large proportion of
patients refuses follow-up.

In this retrospective study, we could only model clini-
cian recommendations based on reader study findings,
without evaluating the likelihood of patients adhering to
those recommendations. The use of Al might influence
communication between pulmonologists and patients,
potentially affecting patients’ decisions to pursue treat-
ment or attend follow-up visits—an effect we could not
assess. Consequently, our results regarding follow-up
with Al represent an ideal scenario in which all patients
offered follow-up actually received it. This limitation
highlights the need for validation in a before-and-after
study within a real clinical setting.

A more critical question is the rate at which the Al tool
facilitates faster follow-up for patients with undiagnosed
malignancies, potentially shifting late-stage cancer diag-
noses to earlier stages where curative treatment options,
such as neoadjuvant therapy and surgery for Stage II
cancers, are appropriate, rather than resorting to pallia-
tive care for Stage IV disease. Our data suggest a need for
additional studies to determine whether employing Al
would indeed result in a stage shift. However, a limitation
of this study is that it included only patients with lung
nodules up to 30mm, the majority of which are Stage
I. The full potential impact can only be assessed when
larger lung masses are included.

We observed that for some patients, time to diag-
nosis was exceptionally rapid in observed clinical prac-
tice (within 7days). Our modelling, which assumed a
minimum time of 25 days to a biopsy, did not account
for such rapid diagnosis times. However, it is unlikely that
the introduction of Al tools would slow down the diag-
nostic process for patients who were immediately recom-
mended for biopsy with the AI tool. The slower diagnosis
observed in this small subset of patients with Al should
therefore be regarded as a modelling artefact.

The exploratory objective of stage shift could not be
directly addressed in this retrospective study, relying
instead on modelling assumptions. The three mecha-
nisms through which we expect Al tools to facilitate stage
shift are:

Patient identification
Identifying patients whose nodules require management.

Patient tracking
Ensuring patients are not lost to follow-up.

Patient stratification
Ensuring patients receive the most appropriate types of
follow-up on an appropriate schedule.

For this exploratory objective, we could only consider
cancers for which outcomes were known, that is, patients
followed-up in current clinical practice. This restricts our
analysis to only one of the three mechanisms (patient
stratification). The modelled stage shift results from the
readers recommending earlier and more invasive proce-
dures for cancers in the reader study compared with
what the patients received in real clinical practice. The
model excludes the potential effect of identifying and
following patients with cancer earlier with the NLP tool,
thereby underrepresenting the full stage-shift potential
of Al tools, which could only be fully assessed through
real-world implementations and comparisons in a before-
and-after study.

The retrospective design of the study enabled us to
assess the effect of the Al tool without altering patient
management or introducing risk to patients. However,
this design also limited our ability to establish a defini-
tive diagnosis for patients who were lost to follow-up. We
estimated that approximately 2.7% of these patients were
patients with lung cancer. Consequently, our analyses on
time to diagnosis, size at diagnosis and stage shift do not
include these patients, leading to a likely underestima-
tion of the Al’s effect.

Our modelling outcomes depend on model parame-
ters, which carry inherent uncertainty. Our sensitivity
analysis (see online supplemental material) indicates
that the outcomes of the study are robust to variations in
these parameters within a reasonable range.

This study was conducted at an AMC, where highly-
trained experts typically make appropriate decisions
for most patients. The greatest unmet need in lung
cancer diagnosis exists in regional medical centres and
community settings,20 where CT scans are interpreted
by generalists rather than subspecialty-trained thoracic
radiology experts and treatment decisions are made by
pulmonologists and cardiothoracic surgeons without
lung cancer specialisation. Al tools have been shown to
reduce variability among readers'' and potentially may
be particularly valuable in settings where physicians are
less specialised.
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The unique value proposition of this combined Al
tool is to identify patients that would otherwise have
been missed by flagging them with the NLP tool and
bringing them to the attention of the pulmonologist,

helping pulmonologists assess the patients’ risk of malig-
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nancy more accurately than existing risk models” ™ or

the clinician alone,11 and warning the pulmonologist
if patients have missed their appointments. Our model
suggests that the combination of these tools could lead
to earlier cancer diagnoses. Real-world studies should be
conducted to confirm these theoretical findings.

In summary, our results suggest that the introduction
of combined Al tools for patient identification, risk strat-
ification and tracking could significantly increase the
number of clinically relevant lung nodules followed and
lead to earlier diagnoses of NSCLC. This, in turn, would
enable better curative treatment options and improve
patient survival.
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