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KEYWORDS Abstract

Lung cancer Background: Selecting the time target for follow-up testing in lung cancer screening is challeng-
screening; ing. We aim to devise dynamic, personalized lung cancer screening schema for patients with pul-
Dynamic modelling; monary nodules detected through low-dose computed tomography.

Risk prediction; Methods: We developed and validated dynamic models using data of pulmonary nodule
Follow-up test patients (aged 55—74 years) from the National Lung Screening Trial. We predicted patient-
planning specific risk profiles at baseline (R0) and updated the risk evaluation results in repeated

screening rounds (R1 and R2). We used risk cutoffs to optimize time-dependent sensitivity
at an early decision point (3 months) and time-dependent specificity at a late decision
point (1 year).

Results: In validation, area under receiver operating characteristic curve for predicting 12-
month lung cancer onset was 0.867 (95 % confidence interval: 0.827—-0.894) and 0.807
(0.765—0.948) at RO and R1-R2, respectively. The personalized schema, compared with
National Comprehensive Cancer Network (NCCN) guideline and Lung-RADS, yielded lower
rates of delayed diagnosis (1.7% vs. 1.7% vs. 6.9 %) and over-testing (4.9% vs. 5.6% vs.
5.6 %) at RO, and lower rates of delayed diagnosis (0.0% vs. 18.2% vs. 18.2 %) and over-test-
ing (2.6% vs. 8.3% vs. 7.3 %) at R2. Earlier test recommendation among cancer patients was
more frequent using the personalized schema (vs. NCCN: 29.8% vs. 20.9 %, p = 0.0065; vs.
Lung-RADS: 33.2% vs. 22.8 %, p = 0.0025), especially for women, patients aged >65 years,
and part-solid or non-solid nodules.
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Conclusions: The personalized schema is easy-to-implement and more accurate compared with
rule-based protocols. The results highlight value of personalized approaches in realizing efficient

nodule management.

© 2024 Published by Elsevier Espafa, S.L.U. on behalf of Sociedade Portuguesa de Pneumologia.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).

Introduction

Lung cancer screening with low-dose computed tomography
(LDCT) is routinely recommended for individuals at high risk
for the disease.’? A quarter to half of screened individuals
have at least one pulmonary nodule,* a gateway to
repeated imaging, diagnostic work-up and treatment includ-
ing surgical resection. Benefits of early diagnosis and treat-
ment of cancer largely depend on criteria and frequency of
follow-up examinations.’ However, these benefits are often
offset by high over-testing rates, resource waste, complica-
tions, and mental stress.®’ Precisely planning follow-up
testing is therefore critical to improving the effectiveness of
screening programs. %

Selecting the time target for follow-up testing is clinically
challenging. Current guidelines use flowcharts to classify
nodules according to size and attenuation, whereupon
immediate diagnostic work-up or recall in 3 months, 6
months, or 1 year is recommended.'® '* These rules have
been proposed by different expert panels and therefore dif-
fer among existing guidelines, '* with varied practical effects
and poor clinical adherence.">"®

In this work, we present a dynamic and easy-to-implement
schema to personalize the time interval between tests for
patients detected with pulmonary nodules in lung cancer
screening. Compared with two rule-based guideline
protocols,'>"" we demonstrated the capability of this person-
alized approach to maximize timely diagnosis and minimize
over-testing, thereby improving the screening workflow.

Methods
Study population

We based this study on the National Lung Screening Trial
(NLST)."” All participants from 33 medical centers under-
went baseline screening (R0) and subsequently, a maximum
of two rounds of repeat annual screening (R1 and R2) if no
lung cancer was diagnosed. Follow-up was conducted
through the end of 2009, with the longest follow-up duration
>8 years.

We accessed data from the LDCT arm (delivery ID: NLST-
503) and used inclusion criteria as follows: individuals aged
55-74 years at RO with at least a 30 pack-year smoking his-
tory and smoking cessation <15 years. Exclusion criteria
were lung cancer history; CT examination within 18 months
before participation; and no positive findings during RO—R2,
defined as >1 non-calcified pulmonary nodule or mass
detected on LDCT.

Patient selection is depicted in Fig A.1. We included all
(809) lung cancer patients who had >1 diameter record,
which is the primary variable for planning follow-up testing.

We retrospectively selected a sample (1000) of cancer-free
pulmonary nodule patients to lower the burden in nodule
selection, linkage, and quantification. Sample size determi-
nation is detailed in Methods A.1. Using a 2:1 ratio, we
divided the 1809 selected patients into two patient cohorts,
one for schema development (1206) and another for valida-
tion (603).

The study was approved by the institutional review board
of Institute of Basic Medical Sciences, Chinese Academy of
Medical Science. Patient consent was exempt as only pub-
licly available data was used.

Outcomes and predictors

We used a joint modelling framework and considered two clas-
ses of outcome for implementing dynamic prediction'®"’:
time-to-event outcomes, defined as a lung cancer diagnosis
and its time interval since the most recent test; and longitudi-
nal outcomes, i.e., trajectories of nodule diameter. We
applied this simple image biomarker for ease of interpretation
and clinical use, as well as for meaningful comparisons of our
approach with rule-based protocols that largely rely on diame-
ter measurement, '

Model predictors were selected according to statistical or
clinical significance. These included epidemiological informa-
tion (age, obesity, family history of lung cancer, smoking pack-
years) and nodule information (attenuation and margin),
coded as binary variables where appropriate. Height or weight
data for determining obesity were missing in 7 (0.4 %) patients;
these were imputed according to the sex mean.

Dynamic prediction

We developed a Cox proportional hazards model for a base-
line screening scenario and joint models for a repeated
screening scenario. Mathematical details are available in
Methods A.3. The joint models first predicted the longitudi-
nal outcome (diameter trajectory); this was then used,
together with other predictors, to model the risk profiles
regarding the time-to-event outcome. Between these sub-
models, we used an association structure to account for the
diameter measured at the present test and its rate of change
over time; both are clinically important in determining can-
cer risk.?’ A unique advantage of this approach is smoothing
of nodule diameter measurement error, which can be as high
as 25 % in LDCT screening.?’

Time target recommendation

We selected two risk cut-offs to optimize accuracy in deci-
sions about timing of the upcoming follow-up test. We
based these choices on the analysis of a time-dependent
receiver operating curve.???3 Specifically, we selected one
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risk cut-off that allowed for sensitivity (¢ = 3 months)
>0.95, and another cut-off that allowed for specificity
(t = 12 months) >0.95. These cut-offs were then used to
classify patients (per each screening round) as having high,
middle, or low risk, whereupon recommendations for a fol-
low-up test interval of 0 months (i.e., immediate work-up),
3 months, or 12 months (i.e., annual repeat screening)
were made. The >0.95 criterion was intended to control
delayed diagnosis (defined as false recommendation of
annual repeat screening for those who develop lung cancer
within 3 months) and over-testing (defined as false recom-
mendation of immediate work-up for cancer-free patients)
to a small probability (<0.05).

Schema benchmark

To demonstrate strengths and potential weaknesses of the
proposed schema, we created a benchmark with two nodule
management protocols that are in current use: the NCCN
guideline (2022 V2)'° and the Lung CT Screening Reporting &
Data System (Lung-RADS 2022)."" We examined delayed
diagnosis and over-testing rates following these rule-based
protocols versus our personalized schema in the validation
cohort. We also investigated which lung cancer patient sub-
groups could benefit most from a personalized schema in
terms of shorter delay in diagnosis.

Statistical analysis

Because of a right-skewed distribution of the nodule diame-
ter, we conducted a natural logarithm transform before
using this longitudinal outcome. We estimated parameters
of the joint models using a Bayesian method, implemented
with a Markov chain Monte Carlo algorithm (1 chain, 11,000
interactions with 1000 burn-ins discarded). We assessed
model performance using time-dependent accuracy metrics
and estimated 95 % confidence intervals (Cls) using a 1000-
sample bootstrap approach.

We performed a log-rank test to examine between-group
differences among high-, mid- and low-risk strata. We drew
a contingency table to tabulate recommendations on the
time target of follow-up testing and ground truth of the
time-to-event outcome, whereupon rates of delayed diagno-
sis and over-testing (as defined above) were calculated. We
used a paired-samples McNemar exact probability method to
test for statistical significance of these rates.

We considered a two-sided p-value <0.05 to indicate sta-
tistical significance. We performed the analyses using SAS
9.4 (SAS Institute Inc., Cary, NC, USA) and R 4.1.2 with pack-
ages “JMbayes2 0.2—-8”, “riskRegression 2022.09.23”,
“tdROC 1.0” and “survminer 0.4.9” (R Project for Statistical
Computing, Vienna, Austria).

Results
Patient characteristics

Table 1 presents characteristics of the included patients.
The mean age at RO was 62.7 years; 58.7 % were men; 50.5 %
had an associate’s, bachelor’s, or higher education degree;
23.7 % were obese; and 24.9 % of patients had a family

history of lung cancer. Participants had a median 52.5 pack-
year smoking history with a median starting age of 16 years,
and half (51.4 %) had not quit smoking before participation.
Median follow-up duration was 2197 days (6 years).

Of 809 patients diagnosed with lung cancer, the median
time to diagnosis was 735 days (2 years); the range was as
wide as 4—2499 days. High cancer heterogeneity was also
demonstrated in diverse pathological types (9.6 % small cell,
49.1 % adenocarcinoma, 21.1 % squamous cell, 19.9 % other)
and stages (e.g., 71.4 % stages IA-1llA, 26.8 % stages IlIB-1V),
suggesting a need for personalized optimization of diagnos-
tic testing.

The above patient characteristics did not differ between
the cohorts used for model development and schema valida-
tion, except for negligible differences in mean age (62.5 vs.
63.2 years, p = 0.0135) and median follow-up duration
(2212 vs. 2142 days, p = 0.0010).

Model performance

The multi-stage models are summarized in Table A.1, and
were used to predict onset of lung cancer within a time
interval of interest. Results of time-dependent predictive
performance of the models are available in Table A.2.

Validation results: the area under the receiver operating
curve (AUC) (t = 3 months) was 0.879 (95 % Cl: 0.842, 0.917)
at RO and 0.845 (95 % CI: 0.801, 0.892) at R1—R2; the AUC
(t = 12 months) was 0.867 (95 % Cl: 0.827, 0.894) for RO and
0.807 (0.765, 0.948) for R1—R2. These were comparable to
the development cohort, thus demonstrating the validity of
the model performance.

Risk cut-offs selected according to the development
cohort yielded high sensitivity (t = 3 months): 0.983 (95 % Cl:
0.946, 1.000) for RO; 0.957 (95 % Cl: 0.901, 1.000) for
R1-R2, and moderately high specificity (¢ = 12 months):
0.909 (95 % Cl: 0.881, 0.938) for RO; 0.936 0.936 (95 % Cl:
0.914, 0.958) for R1—R2 in the validation cohort.

In Fig 1, we present risk strata according to the selected
cut-offs. In the development and validation cohorts,
patients determined as high-, mid- or low-risk had signifi-
cantly different curves for the cumulative risk of lung cancer
(p < 0.0001 at each screening round).

Schema benchmark

We compared the personalized schema with the NCCN and
Lung-RADS protocols. The results obtained from the valida-
tion cohort are shown in Table 2.

In RO, the three protocols performed equally well at con-
trolling delayed diagnosis (rates: 1.7% vs. 6.9% vs. 1.7 % fol-
lowing NCCN, Lung-RADS, and our schema) and over-testing
(5.6% vs. 5.6% vs. 4.9 %); all p > 0.05.

In R1—R2, the personalized schema outperformed the
rule-based protocols. The rate of delayed diagnosis associ-
ated with the NCCN, Lung-RADS, and our schema was 16.7 %
versus 12.5 % versus 8.3 % in R1, and 18.2 % versus 18.2 % ver-
sus 0.0 % in R2; the rate of over-testing was 16.0 % versus
11.7 % versus 5.3 % in R1, and 8.3 % versus 7.3 % versus 2.6 %
in R2 (statistical significance shown in Table 2).
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Table 1 Characteristics of patients with nodule(s).
Overall Development Validation p-value
Sample size 1809 1206 603
Age, years Mean (SD) 62.7 (5.3) 62.5 (5.2) 63.2 (5.3) 0.0135
Gender Male 1062 (58.7) 717 (59.5) 345 (57.2) 0.3619
Female 747 (41.3) 489 (40.5) 258 (42.8)
Education 11th grade or less 119 (6.6) 82 (6.8) 37 (6.1) 0.3654
High school graduate/ 489 (27.0) 322 (26.7) 167 (27.7)
GED
Post high school 246 (13.6) 160 (13.3) 86 (14.3)
training
Bachelors / Associate 667 (36.9) 456 (37.8) 211 (35.0)
degree
Graduate School 246 (13.6) 164 (13.6) 82 (13.6)
Other / missing 42 (2.3) 22 (1.8) 20 (3.3)
Obesity (BMI >30 kg/m?) No 1380 (76.3) 929 (77.0) 451 (74.8) 0.2913
Yes 429 (23.7) 277 (23.0) 152 (25.2)
Family history of lung No 1359 (75.1) 896 (74.3) 463 (76.8) 0.2486
cancer
Yes 450 (24.9) 310 (25.7) 140 (23.2)
Smoking status Former 880 (48.7) 573 (47.5) 307 (50.9) 0.1726
Current 929 (51.4) 633 (52.5) 296 (49.1)
Age starting smoking, Median (IQR) 16 (14—18) 16 (14—18) 16 (14—18) 0.7831
years
Pack-year Median (IQR) 52.5 (42.0-73.5) 52.5 (42.0-72.0) 52.5 (42.0-75.0) 0.8402
Follow-up days Median (IQR) 2197 (794—2463) 2212 (813—2480) 2142 (612—2436) 0.0010
Diagnosis of lung cancer No 1000 (55.3) 690 (57.2) 310 (51.4) 0.0193
Yes 809 (44.7) 516 (42.8) 293 (48.6)
Time to diagnosis, days Median (IQR) 735 (181—-1300) 755 (203.5—1261) 644 (119—-1344) 0.4655
Pathological type Adenocarcinoma 393 (49.1) 248 (48.3) 145 (50.5) 0.4714
Squamous cell 169 (21.1) 114 (22.2) 55 (19.2)
carcinoma
Other non-small cell 136 (17.0) 92 (17.9) 44 (15.3)
carcinoma
Small cell carcinoma 77 (9.6) 44 (8.6) 33 (11.5)
Bronchioloalveolar 25 (3.1) 15 (2.9) 10 (3.5)
carcinoma/Carcinoid
Stage at diagnosis 1A 370 (45.7) 243 (47.0) 127 (43.3) 0.4218
3] 88 (10.9) 60 (11.6) 28 (9.6)
lIA 28 (3.5) 17 (3.3) 11 (3.8)
1IB 23 (2.8) 17 (3.3) 6 (2.1)
INA 69 (8.5) 36 (7.0) 33 (11.3)
1B 74 (9.1) 47 (9.1) 27 (9.2)
\% 143 (17.7) 87 (16.8) 56 (19.1)
Not available 15 (1.9) 10 (1.9) 5(1.7)

BMI, body mass index; IQR, interquartile range; GED, General Educational Diploma; SD, standard deviation. BMI calculated as weight (kg) /

height (m)>.

Differences in cancer subgroups

Among 470 available decision time points for 293 patients with
lung cancer in the validation cohort, 232 (49.4 %) and 207
(44.0 %) follow-up testing recommendations were consistent
between NCCN and the personalized schema and between
Lung-RADS and the personalized schema, respectively. Earlier
test recommendation was less frequent using NCCN versus the
personalized schema: 98 (20.9 %) versus 140 (29.8 %);
p = 0.0065; or using Lung-RADS versus the personalized
schema: 107 (22.8 %) versus 156 (33.2 %); p = 0.0025. Subgroup

analyses (Fig 2) identified several subgroups of patients with
lung cancer who were more likely to benefit from the personal-
ized schema than the NCCN protocol and the Lung-RADS proto-
col (patients aged >65 years, women, former smokers, and
patients with part-solid or non-solid attenuation, adenocarci-
noma cancer, and stage IlIB-IV; all p < 0.05).

Clinical application

We provide a web application (available at http://www.bio
statpumc.com:3838/pred_risk_2.Rmd) for computer or cell
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Fig. 1

phone users to check and update their follow-up recommen-
dations generated by the personalized schema. We illustrate
its use in two example cases from our institute and prelim-
inarily examine applicability in NLST-ineligible patients (Fig
A.2.).

The schema can be adapted according to patient and phy-
sician preferences. Tables A.3—A.5 illustrate that decreasing
the criteria of sensitivity(t) or specificity(t) (e.g., from
>0.95 to >0.90) would result in more conservative recom-
mendations (i.e., fewer recommendations for immediate
work-up and more for annual screening); in contrast,
increasing these criteria would mean more aggressive rec-
ommendations.

Discussion

A National Cancer Institute review states that available evi-
dence that supports guidelines on the time target for follow-
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Risk stratification effectiveness.

up after a positive screening is low across cancers, and very
low regarding lung cancer.”* Here, we present a personal-
ized solution to this challenge. Compared with two rule-
based guideline protocols used frequently in clinical set-
tings, the personalized schema showed better capacity in
terms of securing a timely diagnosis while reducing costs
and resource use related to avoidable testing. In particular,
it demonstrated strength regarding early testing for several
subgroups of patients with lung cancer including women,
former smokers, and patients with part-solid or non-solid
nodules.

The valuable role of risk prediction models in personaliz-
ing lung cancer screening has been evidenced in some publi-
cations on selecting individuals for screening.””~%’ The
epidemiological and nodule information that comprised our
models were largely the same as existing single-stage mod-
els for evaluating lung cancer risk.2273° This makes our
approach open to model comparison, validation, and re-cali-
bration in different populations. The dynamic property, i.e.,
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Table 2 Comparison of guideline protocols and personalized schema in validation cohort.
Recommendation Overall Cancer Cancer Cancer Cancer-free
diagnosed diagnosed diagnosed
within 3 mo within 3—12 after 12 mo
mo
RO No. of patients 365 58 44 121 142
NCCN Immediate work-up 87 (23.8) 39 (67.2) 21 (47.7) 19 (15.7) 8 (5.6)
LDCT in 3 mo or PET/ 89 (24.4) 12 (20.7) 12 (27.3) 39 (32.2) 26 (18.3)
CcT
LDCT in 6 mo 76 (20.8) 6 (10.3) 7 (15.9) 30 (24.8) 33(23.2)
Annual LDCT 113 (31.0) 1(1.7) 4(9.1) 33 (27.3) 75 (52.8)
Lung-RADS Immediate work-up 84 (23.0) 37 (63.8) 21 (47.7) 18 (14.9) 8 (5.6)
LDCT in 3 mo 81 (22.2) 14 (24.1) 12 (27.3) 33 (27.3) 22 (15.5)
LDCT in 6 mo 59 (16.2) 3(5.2) 5(11.4) 30 (24.8) 21 (14.8)
Annual LDCT 141 (38.6) 4 (6.9) 6 (13.6) 40 (33.1) 91 (64.1)
personalized Immediate work-up 84 (23.0) 41 (70.7) 19 (43.2) 17 (14.1) 7 (4.9)
LDCT in 3 mo 173 (47.4) 16 (27.6) 22 (50.0) 76 (62.8) 59 (41.6)
Annual LDCT 108 (29.6) 1(1.7) 3(6.8) 28 (23.1) 76 (53.5)
R1 No. of patients 343 24 29 84 206
NCCN Immediate work-up 91 (26.5) 20 (83.3) 17 (58.6) 21 (25.0) 33 (16.0)**
LDCT in 3 mo or PET/ 30 (8.7) 0 (0.0) 4(13.8) 9 (10.7) 17 (8.3)
CcT
LDCT in 6 mo 72 (21.0) 0 (0.0) 3(10.3) 10 (11.9) 59 (28.6)
Annual LDCT 150 (43.7) 4(16.7) 5(17.2) 44 (52.4) 97 (47.1)
Lung-RADS Immediate work-up 76 (22.2) 18 (75.0) 16 (55.2) 18 (21.4) 24 (11.7)**
LDCT in 3 mo 37 (10.8) 2 (8.3) 4(13.8) 9 (10.7) 22 (10.7)
LDCT in 6 mo 80 (23.3) 1(4.2) 6 (20.7) 19 (22.6) 54 (26.2)
Annual LDCT 150 (43.7) 3 (12.5) 3(10.3) 38 (45.2) 106 (51.5)
personalized Immediate work-up 43 (12.5) 12 (50.0) 9 (31.0) 11 (13.1) 11 (5.3)
LDCT in 3 mo 149 (43.4) 10 (41.7) 15 (51.7) 52 (61.9) 72 (35.0)
Annual LDCT 151 (44.0) 2 (8.3) 5(17.2) 21 (25.0) 123 (59.7)
R2 No. of patients 303 22 24 64 193
NCCN Immediate work-up 56 (18.5) 15 (68.2) 10 (41.7) 15 (23.4) 16 (8.3)**
LDCT in 3 mo or PET/ 27 (8.9) 1(4.6) 2 (8.3) 8 (12.5) 16 (8.3)
CcT
LDCT in 6 mo 49 (16.2) 2 (9.1) 3(12.5) 8 (12.5) 36 (18.7)
Annual LDCT 171 (56.4) 4 (18.2)* 9 (37.5) 33 (51.6) 125 (64.8)
Lung-RADS Immediate work-up 52 (17.2) 15 (68.2) 9 (37.5) 14 (21.9) 14 (7.3)*
LDCT in 3 mo 21 (6.9) 0 (0.0) 1(4.2) 8 (12.5) 12 (6.2)
LDCT in 6 mo 52 (17.2) 3(13.6) 5(20.8) 10 (15.6) 34 (17.6)
Annual LDCT 178 (58.7) 4 (18.2)* 9 (37.5) 32 (50.0) 133 (68.9)
personalized Immediate work-up 28 (9.2) 7 (31.8) 7(29.2) 9 (14.1) 5 (2.6)
LDCT in 3 mo 154 (50.8) 15 (68.2) 16 (66.7) 36 (56.3) 87 (45.1)
Annual LDCT 121 (39.9) 0 (0.0) 1(4.2) 19 (29.7) 101 (52.3)

*p < 0.05 or * p < 0.01 indicates statistical significance compared with personalized schema in a paired-samples test.
f Including one patient recommended LDCT at 6 months or excision or resection.
LDCT, low-dose computed tomography; Lung-RADS, Lung CT Screening Reporting & Data System; NCCN, National Comprehensive Cancer

Network; PET, positron emission computed tomography.

time-dependent prediction horizon and its associated out-
puts, sets our approach apart from other models. Because
translating risk into a diagnostic decision can lead to error,
particularly in the setting of population screening where
harm related to mis- or missed diagnosis can be substantially
augmented, our models are intended for recommendations
regarding a time interval for an upcoming test rather than
predicting benignity or malignancy. Our work therefore per-
tains to longitudinal rather than one-off cancer screening

and provides a vehicle to personalize patients’ visit sched-
ules.

Studies have identified that accuracy of Lung-RADS rec-
ommendations improve when there is an initial screen to
compare against.>" Therefore, it is important to consider
time target decision strategies separately in baseline and
repeated screening scenarios. In a previous proof-of-concept
study, we put forward a radiomics model for follow-up tim-
ing after baseline screening, which demonstrated better
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Fig. 2  Subgroup analysis of patients with lung cancer.
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*p < 0.05 or * p < 0.01 indicates statistical significance in a paired-samples test.
Lung-RADS, Lung CT Screening Reporting & Data System; NCCN, National Comprehensive Cancer Network.

performance than existing guidelines in a small-sized patient
sample.>? As to the application of multiple tests in repeated
screening, Tammemagi et al used combinations of positive
or negative results throughout RO—R2 among NLST partici-
pants and predicted whether a patient would be diagnosed
with lung cancer after R2.3* The question is more compli-
cated when it comes to dynamically analyzing the nodule
trajectory as an individual’s disease history unfolds.
Although cancer heterogeneity makes it difficult to identify
an optimal solution, our results showed that the proposed
schema works better than guideline protocols in repeated
screening rounds. This demonstrate that personalized
approaches could provide a unique way to deepen under-
standing as well as a better means (compared with arbitrary
cut-offs in nodule size or its increase) to inform follow-up
decisions.

Several features of our personalized schema make it dis-
tinct from existing rule-based guidelines. First, we did not
consider a follow-up interval of 6 months, which neither
reduces avoidable tests nor promotes an early diagnosis.
Second, the rule-based guidelines differ regarding the man-
agement of solid, sub-solid, and non-solid nodules. We have
simplified this categorization because its clinical judgment
is sometimes challenging and can vary moderately or sub-
stantially.** Third, nodule diameter measurement is prone
to error in LDCT and varies among radiologists.”’ The joint
modelling approach used in this study has unique advantages
in avoiding these problems. Nevertheless, the moderate
agreement observed between the rule-based and personal-
ized approaches suggest that they can complement each
other and be used to generate stronger confidence when
recommendations are consistent.

There are several limitations in the study that warrant
consideration. First, the extensively validated NLST dataset
provides a strong basis for devising follow-up plans in the

NLST-eligible population, i.e., individuals aged 55—74 years
having a 30 pack-year smoking history; the applicability of
our findings in other populations (e.g., younger, or passively
smoking) is unclear. Second, prospective and cost-effective-
ness studies are needed before integrating the personalized
schema into public health programs given discrepancies in
region-specific lung cancer epidemic levels and eligibility
criteria for screening. Third, despite our efforts to link nod-
ule observations over repeat scans, errors may persist
because of insufficient annotation data.>®> Fourth, we
treated nodules newly detected during R1—R2 in an equal
manner as those detected in RO, although the biological
properties of incident versus prevalent cancers may vary.**

Conclusions

The personalized lung cancer screening schema is easy-to-
implement and more accurate compared with rule-based
protocols. Further research is needed to examine its value in
precision screening for lung cancer in diverse populations
and settings.
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