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Abstract

Background: With advancing therapeutics, lung cancer (LC) survivors are rapidly increasing in number. Although mounting
evidence suggests LC survivors have high risk of second primary lung cancer (SPLC), there is no validated prediction model
available for clinical use to identify high-risk LC survivors for SPLC. Methods: Using data from 6325 ever-smokers in the
Multiethnic Cohort (MEC) study diagnosed with initial primary lung cancer (IPLC) in 1993-2017, we developed a prediction
model for 10-year SPLC risk after IPLC diagnosis using cause-specific Cox regression. We evaluated the model’s clinical utility
using decision curve analysis and externally validated it using 2 population-based data—Prostate, Lung, Colorectal, and
Ovarian Cancer Screening Trial (PLCO) and National Lung Screening Trial (NLST)—that included 2963 and 2844 IPLC (101 and
93 SPLC cases), respectively. Results: Over 14 063 person-years, 145 (2.3%) ever-smoking IPLC patients developed SPLC in MEC.
Our prediction model demonstrated a high predictive accuracy (Brier score = 2.9, 95% confidence interval [CI] = 2.4 to 3.3) and
discrimination (area under the receiver operating characteristics [AUC] = 81.9%, 95% CI = 78.2% to 85.5%) based on bootstrap
validation in MEC. Stratification by the estimated risk quartiles showed that the observed SPLC incidence was statistically
significantly higher in the 4th vs 1st quartile (9.5% vs 0.2%; P < .001). Decision curve analysis indicated that in a wide range of
10-year risk thresholds from 1% to 20%, the model yielded a larger net-benefit vs hypothetical all-screening or no-screening
scenarios. External validation using PLCO and NLST showed an AUC of 78.8% (95% CI = 74.6% to 82.9%) and 72.7% (95% CI =
67.7% to 77.7%), respectively. Conclusions: We developed and validated a SPLC prediction model based on large population-
based cohorts. The proposed prediction model can help identify high-risk LC patients for SPLC and can be incorporated into
clinical decision making for SPLC surveillance and screening.

Lung cancer (LC) is a major cause of cancer mortality. Recent evidence suggests that LC survivors are at 4-6 times higher risk

studies showed that low-dose computed tomography (LDCT)
screening reduces LC mortality by 16%-24% (1-3). With the adop-
tion of LDCT and advancing therapeutics, the number of LC sur-
vivors is estimated at 571 340 in 2019, expected to rapidly
increase to more than 724 000 by 2030 (4). However, recent
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of developing second primary lung cancer (SPLC) vs the risk of
initial primary lung cancer (IPLC) in the general population (5).
The US Preventive Services Task Force (USPSTF) established
the national lung screening guidelines for IPLC for high-risk
general population (6,7); however, no evidence-based consensus
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screening guidelines exist for LC survivors (8-10). Establishing
efficient screening strategies for LC survivors requires the eval-
uation of the risk factors and prediction models for SPLC.
Although prior studies (11-16), including ours (17), examined
the potential risk factors and prediction models for SPLC, the
major limitation is their reliance on limited domains of predic-
tors without fully incorporating potential key factors, such as
smoking exposure, treatment, or medical history. Furthermore,
few existing modeling studies for SPLC have been externally
validated that are available for clinical use.

In this study, we aimed to develop a risk prediction model
for SPLC, incorporating various exposures based on a prospec-
tive population-based cohort, the Multiethnic Cohort (MEC)
study. We evaluated the clinical utility of the prediction model
in the context of risk-based screening and externally validated
the model using 2 large-scale, randomized screening trials.

Methods

Study Population and Assessment of Risk Factors

The MEC is a population-based study from 5 racial and ethnic popu-
lations in California and Hawaii. Epidemiologic data were collected
(1993-1996) through a self-reported questionnaire at enrollment.
Our study cohort included participants (n=6325) with an ever-
smoking history who were diagnosed with IPLC in 1993-2017, iden-
tified via linkage to Surveillance, Epidemiology, and End Results
(SEER) registries. Given that the goal of this study was to predict
SPLC risk using the patient information collected at the time of IPLC
diagnosis, we updated smoking-related variables with 10-year
follow-up data (2003-2008) prior to IPLC diagnosis, if available
(n=1693; see Supplementary Table 1, available online). As a poten-
tial predictor for SPLC risk, we evaluated a variable for meeting the
USPSTF 2013 criteria (ie, aged 55-80years, smoked >30 pack-years
and <15years since cessation for former smokers) (6) at the time of
IPLC diagnosis. Initial tumor characteristics and treatment data
were collected at IPLC diagnosis via linkage to SEER registries.

Outcome

The primary outcome was defined as the time from IPLC diag-
nosis to SPLC, death, or censored at the end of follow-up, which-
ever occurred first. SPLC was defined by the Martini and
Melamed criteria (18).

Statistical Analysis

Competing Risk Regression. We applied a set of competing-risk
models to obtain unbiased estimates of SPLC risks among LC
patients, a substantial proportion of whom tend to die before
developing SPLC because of high comorbidity. We applied a
cause-specific Cox regression to build a prediction model for
SPLC risk at the time of IPLC diagnosis (19), and we applied Fine-
Gray regression (FGR) (20). All reported P values from cause-spe-
cific Cox regression and FGR are based on the 2-sided Wald test.

Variable Selection and Model Performance. The selection of the
candidate predictors (21) that entered into model development
was based on prior studies (11-16) and the previous risk model
for SPLC developed using SEER (17) (see details in the
Supplementary Methods, available online). For evaluating
model performance, we examined calibration, discrimination

using the time-varying area under the receiver operating char-
acteristics (AUC) (22), and prediction accuracy using the Brier
score that takes into account competing risks (23). The model
evaluation was performed through an internal validation tech-
nique using 200 bootstrapped resamples to obtain bias-
corrected estimation for predictive performance (24) in MEC. As
several guidelines are targeted at patients diagnosed with early-
stage IPLC for SPLC screening after intensive surveillance for re-
currence (8-10), we evaluated the performance of the proposed
model among early-stage IPLC cases as a sensitivity analysis.

Risk Stratification and Decision Curve Analysis. We considered an
alternative way to evaluate a risk model—the ability to stratify a
population into groups with distinct risks that can substantially
affect the risk-benefit balance of screening (25). We divided the
study population into 4 groups based on the estimated 10-year
risk from the proposed model and then compared the observed
cumulative incidence of SPLC for each quartile group using the
2-sided Gray method (26).

To evaluate the clinical utility of the prediction model, we
applied decision curve analysis (DCA) by calculating the net-
benefit of the model using the true- and false-positive rates un-
der varied risk thresholds for screening (27). See details in the
Supplementary Methods (available online).

Handling Missing Data

The missing rate of the variables included in our data was rela-
tively low, mostly between 0% and 3% (Supplementary Table 2,
available online). Therefore, as primary analysis, we conducted
a complete-case analysis (n=>5354; Supplementary Table 3,
available online) using the participants with complete data for
the variables used for each model-building process. For sensitiv-
ity analysis, we performed multiple imputation (28) and applied
Rubin rules to obtain the pooled estimates to calculate a single
predicted risk score for each participant (Supplementary
Methods, available online).

Sensitivity Analysis

The model was evaluated across different subgroups defined by
age at IPLC diagnosis, smoking status, or smoking pack-years to
evaluate the robustness of model performance. To address the
temporal gap between the smoking assessment and IPLC diag-
nosis in MEC, we projected smoking variables up to the time at
IPLC diagnosis (Supplementary Methods, available online). We
first evaluated the proposed model by applying it to the pro-
jected smoking data (vs observed data at baseline or follow-up).
Second, we reestimated the model parameters based on the
projected smoking data to compare its model performance with
the proposed model based on the observed smoking data.

Given that the current guidelines for LC screening are tar-
geted at those who ever-smoked, and our aim was to help ex-
tend the guidelines to LC patients with a high risk of SPLC, we
focused on ever-smoking IPLC patients in model development
in MEC. However, we were also interested in evaluating the per-
formance of the proposed model using the entire IPLC cases
that include both ever-smoking and never-smoking patients in
MEC as a sensitivity analysis. Last, we further explored the po-
tential of an alternative model developed using data that ex-
cluded 2098 patients who died or were lost to follow-up within
6 months after IPLC diagnosis.
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External Validation

We conducted external validation of the proposed model for
SPLC using 2 large population-based screening trial datasets
from the Prostate, Lung, Colorectal, and Ovarian Cancer
Screening Trial (PLCO) and the National Lung Screening Trial
(NLST). Among 2963 and 2844 ever-smoking IPLC cases in PLCO
and NLST, 101 (3.4%) and 93 (3.3%) developed SPLC, respectively.
Selections of the study cohorts are shown in the Supplementary
Methods (available online). Model discrimination, calibration,
and predictive accuracy were calculated by applying the pro-
posed model to each external dataset.

Implementation of a Web-Based Tool for Risk
Calculation

We implemented the proposed model into a user-friendly, web-
based tool, called the Second Primary Lung Cancer Risk
Assessment Tool (SPLC-RAT), which can assess an individual-
level 5-, 10-, and 15-year risk of SPLC from the time of IPLC diag-
nosis. The model is provided as an open access application for
free public use and is hosted at https://splc.shinyapps.io/SPLC-
RAT/.

Results

Study Population

Among 6325 ever-smoking IPLC cases in MEC, 145 (2.3%) devel-
oped SPLC over 14 063 person- (interquartile range = 0.2-2.6)
years (Table 1; Supplementary Figure 1, A, available online). The
majority of SPLC cases (60.7%) was diagnosed within 5years
from IPLC diagnosis, with 12.4% of the cases diagnosed after
10years from initial diagnosis (Supplementary Figure 1, B, avail-
able online). The cohort comprised 25.2% Whites, 27.4% African
Americans, 21.5% Japanese Americans, 13.0% Latinos, and 8.4%
Native Hawaiians (Table 1).

SPLC Risk Prediction Model and Model Performance:
MEC Development Cohort

The proposed SPLC prediction model included the following
risk factors: IPLC histology, prior history of cancer, meeting
the 2013 USPSTF eligibility criteria at IPLC diagnosis (ie, the
USPSTF eligibility), smoking intensity (cigarettes per day), IPLC
surgery, and IPLC stage (Table 2). The participants with com-
plete data for these factors (n =5354) were used for model build-
ing (Supplementary Table 3, available online). One of the key
risk factors for SPLC was the prior history of cancer (hazard ratio
[HR] =1.44, 95% confidence interval [CI] = 1.00 to 2.06; P =.047);
patients with a prior history of cancer had a 44% increased SPLC
risk. IPLC patients who met the USPSTF eligibility (HR=1.74,
95% CI = 1.15 to 2.63; P=.008), underwent surgery (HR=2.10,
95% CI = 1.23 to 3.59; P=.007), and were diagnosed with a large
cell IPLC (vs a squamous cell IPLC) (HR=2.01, 95% CI = 0.88 to
4.57; P=.10) had an increased SPLC risk. The effect of meeting
the USPSTF eligibility was modified and reduced among
advance-stage IPLC patients because of interaction.

Overall, the proposed model yielded a good calibration
across different risk decile groups with high discriminative per-
formance (AUC = 81.9%, 95% CI = 78.2% to 85.5%) and prediction
accuracy (Brier score = 2.9, 95% CI = 2.4 to 3.3) (Figure 1, A) based
on 200 bootstrapped resamples. The application of the proposed
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model to the subgroup of early-stage IPLC patients showed an
AUC of 70.1% (95% CI = 63.9% to 76.4%) (Supplementary Figure 2,
available online).

Risk Stratification and DCA

The result in Figure 2, A shows that the cumulative risk of SPLC
varies by different percentiles of the estimated risks using the
proposed model. When the study population was stratified by
the quartiles of the estimated 10-year risk using the prediction
model (Figure 2, B), the observed SPLC incidence was statisti-
cally significantly higher in the 4th vs 1st quartile (9.5% vs 0.2%;
P <.001), demonstrating that the proposed model can poten-
tially be useful in identifying high-risk patients for SPLC. The
cumulative risk curves for SPLC, stratified by the key factors in
the proposed model, are shown in Supplementary Figure 3
(available online), demonstrating that patients who had a prior
history of cancer, met the USPSTF eligibility, and were diag-
nosed with large cell or adenocarcinoma IPLC tend to have an
increased SPLC risk over time.

DCA (Figure 2C) identified a range of risk thresholds that are
clinically useful in the context of screening; the results show
that in a wide range of 10-year risk thresholds from 1% to 20%,
the prediction model yields a larger net-benefit vs hypothetical
all-screening or no-screening scenarios.

Sensitivity Analysis

Overall, we observed a good performance of the model
across different subgroups in MEC (Supplementary Figure 4,
available online). Sensitivity analyses using FGR for estimating
model parameters (Supplementary Table 4 and Supplementary
Figure 5, available online) and based on multiple imputation
(Supplementary Table 5 and Supplementary Figure 6, available
online) showed consistent results, confirming internal validity
based on bootstrapping. The model performance using the pro-
jected smoking data at IPLC diagnosis showed robust results
(Supplementary Table 6 and Supplementary Figure 7, available
online).

Besides the ever-smoking cohort used for model develop-
ment, we identified 740 never-smoking IPLC patients in MEC
(Supplementary Table 7, available online). The performance of
the proposed model using ever-smoking and never-smoking
patients showed an AUC of 80.4% (95% CI = 76.3% to 84.8%)
(Supplementary Figure 8, available online).

Exploratory analyses were performed by excluding 2098 IPLC
patients with less than 6 months follow-up after IPLC diagnosis.
Despite losing nearly one-third of the data, the reestimated
model (Supplementary Table 8, available online) offered prom-
ising results with regards to discrimination and calibration
(Supplementary Figure 9, available online).

External Validation Using PLCO and NLST

Patient characteristics of the 2 external validation cohorts from
PLCO and NLST are given in Table 3 and Supplementary Tables
9-10 (available online). Compared with MEC, the mean pack-
years was higher in NLST and PLCO (63.6 and 57.8 for NLST and
PLCO, respectively, vs 31.0 in MEC). External validation of the
proposed model using PLCO and NLST showed good calibration
and discrimination with an AUC of 78.8% (95% CI = 74.6%
to 82.9%) and 72.7% (95% CI = 67.7% to 77.7%), respectively
(Figure 1).
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Table 1. Characteristics of study population stratified by outcome status in the Multiethnic Cohort

Outcome
Variables Total SPLC IPLC death Other death Censored
Total events, No. (%) 6325 (100.0) 145 (2.3) 4093 (64.7) 1049 (16.6) 1038 (16.4)
Follow-up time, y
Mean (IQR) 2.2 (0.2-2.6) 6 (1.0-6.8) 1.0 (0.2-1.2) 2.2 (0.2-3.0) 6.7 (3.0-9.3)
Demographic information
Age at IPLC diagnosis
Mean (SD), y 74.2 (8.2) 72.1(8.2) 73.7 (8.1) 74.1(8.0) 76.2 (8.6)
Age groups, No. (%), y
<55y 113 (1.8) 3(2.1) 78 (1.9) 20 (1.9) 12 (1.2)
55-59y 234 (3.7) 9(6.2) 170 (4.2) 33(3.1) 22 (2.1)
60-69y 1477 (23.4) 44 (30.3) 976 (23.8) 249 (23.7) 208 (20.0)
70-79y 2950 (46.6) 68 (46.9) 1957 (47.8) 494 (47.1) 431 (41.5)
>80y 1551 (24.5) 21 (14.5) 912 (22.3) 253 (24.1) 365 (35.2)
Sex, No. (%)
Female 2529 (40.0) 66 (45.5) 1564 (38.2) 401 (38.2) 498 (48.0)
Male 3796 (60.0) 79 (54.5) 2529 (61.8) 648 (61.8) 540 (52.0)
Race, No. (%)
White 1591 (25.2) 43 (29.7) 1049 (25.6) 254 (24.2) 245 (23.6)
Japanese American 1357 (21.5) 34 (23.4) 880 (21.5) 223 (21.3) 220 (21.2)
African American 1736 (27.4) 38 (26.2) 1121 (27.4) 306 (29.2) 271 (26.1)
Latino 824 (13.0) 15 (10.3) 497 (12.1) 121 (11.5) 191 (18.4)
Native Hawaiian 533 (8.4) 11 (7.6) 363 (8.9) 90 (8.6) 69 (6.6)
Others 284 (4.5) 4(2.8) 183 (4.5) 55 (5.2) 42 (4.0)
Education, No. (%)
High school 3258 (51.5) 62 (42.8) 2162 (52.8) 561 (53.5) 473 (45.6)
College 2522 (39.9) 68 (46.9) 1589 (38.8) 403 (38.4) 462 (44.5)
Postgraduate 512 (8.1) 15 (10.3) 321(7.8) 78 (7.4) 98 (9.4)
Data missing 61(1.0) 0(0.0) 21(0.5) 7(0.7) 33(3.2)
Tumor characteristics
Stage of IPLC, No. (%)?
Early stage 2525 (39.9) 134 (92.4) 1214 (29.7) 532 (50.7) 645 (62.1)
Advanced stage 3414 (54.0) 10 (6.9) 2599 (63.5) 457 (43.6) 348 (33.5)
Data missing 386 (6.1) 1(0.7) 280 (6.8) 60 (5.7) 45 (4.3)
Histology of IPLC, No. (%)
Squamous cell 1369 (21.6) 35 (24.1 842 (20.6) 252 (24.0) 240 (23.1)
Adenocarcinoma 2348 (37.1) 81 (55.9) 1364 (33.3) 390 (37.2) 513 (49.4)
Large cell 194 (3.1) 9(6.2) 124 (3.0) 38 (3.6) 23(2.2)
Small cell 720 (11.4) 3(2.1) 554 (13.5) 87 (8.3) 76 (7.3)
Non-small cell carcinoma, NOS 504 (8.0) 4(2.8) 390 (9.5) 73(7.0) 37 (3.6)
Others® 1190 (18.8) 13 (9.0) 819 (20.0) 209 (19.9) 149 (14.4)
Smoking-related factors®
Smoking status, No. (%)
Former 3352 (53.0) 73 (50.3) 2119 (51.8) 570 (54.3) 590 (56.8)
Current 2973 (47.0) 72 (49.7) 1974 (48.2) 479 (45.7) 448 (43.2)
Smoking intensity
Mean (SD), cigarettes per day 17.7 (8.7) 19.8 (9.4) 17.9 (8.7) 17.7 (8.6) 16.5 (8.8)
Data missing, No. (%) 137 (2.2%) 1(0.7) 86 (2.1) 27 (2.6) 23(2.2)
Pack-years
Mean (SD) 31.0 (18.4) 35.3(19.3) 31.8(18.5) 30.3(18.0) 27.8 (18.0)
Data missing, No. (%) 200 (3.2) 2(1.4) 125 (3.1) 37 (3.5) 36 (3.5)
Met the 2013 USPSTF criteria, No. (%)¢
No 4077 (64.5) 72 (49.7) 2546 (62.2) 685 (65.3) 774 (74.6)
Yes 2137 (33.8) 71 (49.0) 1475 (36.0) 341 (32.5) 250 (24.1)
Data missing 111 (1.8) 2(1.4) 72 (1.8) 23(2.2) 14 (1.3)
Quit-years®
Mean (SD) 10.8 (6.0) 9.6 (6.9 10.5 (6.0) 10.9 (6.9) 12.0 (6.5)
Data missing, No. (%) 48 (0.8) 0(0.0) 26 (0.6) 11 (1.0) 11(1.1)
Clinical factors
Prior history of cancer, No. (%)f
No 4712 (74.5) 98 (67.6) 3142 (76.8) 717 (68.4) 755 (72.7)
Yes 1613 (25.5) 47 (32.4) 951 (23.2) 332 (31.6) 283 (27.3)

(continued)

€202 Joquieoaq z| uo 1sanb Aq 02002€9/28/L/¥ | L/91oIME/OUl/W0D dNo"dlWapESE//:SARY WOI) PAPEOIUMOQ
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Outcome
Variables Total SPLC IPLC death Other death Censored
BMI
Mean (SD), kg/m? 25.9 (4.7) 26.4 (4.7) 25.8 (4.5) 26.2 (5.2) 26.3 (4.7)
Data missing, No. (%) 76 (1.2) 0(0.0) 50 (1.2) 16 (1.5) 10 (1.0)
Treatments for IPLC
Radiotherapy, No. (%)
No 3976 (62.9) 122 (84.1) 2356 (57.6) 752 (71.7) 746 (71.9)
Yes 2180 (34.5) 23 (15.9) 1616 (39.5) 277 (26.4) 264 (25.4)
Data missing 169 (2.7) 0(0.0) 121 (3.0) 20 (1.9) 28 (2.7)
Chemotherapy, No. (%)
No 3964 (62.7) 129 (89.0) 2403 (58.7) 748 (71.3) 684 (65.9)
Yes 2059 (32.6) 15 (10.3) 1483 (36.2) 244 (23.3) 317 (30.5)
Data missing 302 (4.8) 1(0.7) 207 (5.1) 57 (5.4) 37 (3.6)
Surgery, No. (%)
No 4458 (70.5) 25(17.2) 3226 (78.8) 657 (62.6) 550 (53.0)
Yes 1313 (20.8) 112 (77.2) 465 (11.4) 282 (26.9) 454 (43.7)
Data missing 554 (8.8) 8(5.5) 402 (9.8) 110 (10.5) 34 (3.3)

“Disease extent was defined using Surveillance, Epidemiology, and End Results Extent of Disease as local and regional for early stage and distant for advanced stage.
BMI = body mass index; IPLC = initial primary lung cancer; IQR = interquartile range; NOS = not otherwise specified; SPLC = second primary lung cancer; USPSTF = US

Preventive Services Task Force.

bClassification of “other” histology based on International Classification of Diseases-O-3 codes including 8000, 8001, 8010, 8020, 8022, 8030-8033, 8200, 8240, 8244, 8246,

8249, 8560, 8720, 8800, 8810, and 8980; all confirmed lung cancer diagnosis.

“Smoking data were updated with available 10-year follow-up information close or prior to IPLC diagnosis for 26.8%.

dAged 55-80 years, smoked >30 pack-years of smoking, and <15 years since cessation.

€Among former smokers only.
fHistory of cancer, other than lung, before the time of IPLC diagnosis.

Using the 75th percentile risk threshold derived from MEC
(ie, the 4th quartile with an estimated 10-year risk larger than
2.8%), 37% and 48% of the patients in PLCO and NLST were in a
high-risk subgroup, in which the observed 10-year SPLC inci-
dence was 7.7% and 9.6% for PLCO and NLST, respectively (data
not shown).

We implemented the proposed model for predicting
SPLC risk that was externally validated into SPLC-RAT
(Supplementary Figure 10, available online).

Discussion

We developed a prediction model for SPLC risk among
ever-smoking IPLC cases that integrates various risk factors
for SPLC, using large population-based cohort data. The pro-
posed model was validated using 2 external populations that
are heterogeneous with regards to smoking history and race
and ethnicity. The development MEC cohort included relatively
light smokers (mean pack-years = 31.0) vs the validation
cohorts, PLCO (57.8 pack-years), and NLST (63.6 pack-years); in
addition, MEC is diverse with a high percentage of Asians and
African Americans, but the validation cohorts are overwhelm-
ingly White. However, our model, built using MEC, performed
well in both cohorts , yielding an AUC of more than 70% and
thus demonstrating the potential generalizability of the pro-
posed model in predicting SPLC risk.

The proposed model includes several predictors that were
previously unexamined (13-17), including the prior history of
cancer, the USPSTF eligibility, and smoking intensity. Other
smoking variables such as pack-years, duration, and quit-years
were not directly included in the model but captured by the
USPSTF eligibility, a composite measure of smoking and age cri-
teria, which was shown to be a stronger predictor for SPLC

based on our analysis. Thus, our results suggest that smoking
still plays an important role in predicting SPLC risk among IPLC
patients. The prior history of cancer was associated with an in-
creased SPLC risk in our analysis, which was consistent with
the results for other second malignancies (29). Our exploratory
analysis focusing on the prior history of smoking-related cancer
showed a stronger association with SPLC; however, the differ-
ence in model performance was minimal vs any type of prior
cancer (data not shown). Race and ethnicity is one of the main
predictors for IPLC risk, with African Americans showing in-
creased risks of LC incidence and mortality (30,31). However,
our analysis did not find statistically significant racial and eth-
nic effects on SPLC risk. One potential explanation is that once
diagnosed with IPLC, the risk of subsequent SPLC is no longer
associated with race and ethnicity.

To the best of our knowledge, the proposed model for SPLC
presents the first effort to incorporate comprehensive risk fac-
tors including smoking information, medical history, treatment,
and tumor characteristics in predicting SPLC risk using large,
population-based data. The proposed model was validated by
using 2 external population-based datasets with an AUC rang-
ing from 72.7% to 78.8%. Thorough sensitivity analyses were
performed to examine the predictive accuracy of the proposed
model, which largely showed consistent findings. We imple-
mented the proposed model into a user-friendly, web-based
tool—SPLC-RAT—that can help decision making of patients and
clinicians for guiding surveillance and screening for IPLC cases.

Regarding the utility of SPLC-RAT in clinical practice, an on-
cologist could use this assessment tool after IPLC diagnosis or
treatment by applying a certain risk threshold. For example, if
the estimated risk of a patient is higher than a risk threshold,
for instance, a 10-year SPLC risk of 2.8% (derived from the 75th
percentile risk threshold in the development cohort), the pa-
tient can be recommended to receive LDCT screening frequently
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Table 2. Cause-specific hazard ratios of risk factors for second primary lung cancer in the final proposed risk prediction model in the
Multiethnic Cohort®

Cause-specific Cox hazards model

Factors No. HR (95% CI) PP
Histology of IPLC

Squamous cell 1185 Referent

Large cell 2053 2.01(0.88 to 4.57) .01

Adenocarcinoma 163 1.15(0.76 to 1.75) 51

Small cell 624 0.79 (0.23 to 2.66) .70

Non-small cell carcinoma, NOS 473 0.88 (0.30 to 2.57) .82

Other® 856 0.99 (0.52 to 1.89) .97
Prior history of cancer?

No 3949 Referent

Yes 1405 1.4 (1.00 to 2.06) 047
Met the 2013 USPSTF criteria®

No 3539 Referent

Yes 1815 1.74 (1.15 to 2.63) .008
Smoking intensity, cigarettes per day 5354 1.01 (0.99 to 1.04) .25
Surgery for IPLC

No 2525 Ref

Yes 3414 2.10 (1.23 to 3.59) .007
Stage of IPLC

Early stagef 2254 Referent

Advanced stage 3100 0.48 (0.21 to 1.07) .07
Stage of IPLC x Met the 2013 USPSTF Criteria® 0.28 (0.06 to 1.36) 11

“Based-on participants (n =5354) with complete data for the variables in the proposed prediction model. CI = confidence interval; HR = hazard ratio; IPLC = initial pri-
mary lung cancer; NOS = not otherwise specified; USPSTF = US Preventive Services Task Force.

P value by 2-sided Wald for the cause-specific Cox hazards model.

“Classification of “other” histology based on International Classification of Diseases-O-3 codes including 8000, 8001, 8010, 8020, 8022, 8030-8033, 8200, 8240, 8244, 8246,
8249, 8560, 8800, 8810, 8890, and 8980; all confirmed lung cancer diagnosis.

9dHistory of cancer, other than lung, before the time of IPLC diagnosis.

€Aged 55-80 years, smoked >30 pack-years of smoking, and <15 years since cessation.

‘Disease extent was defined using Surveillance, Epidemiology, and End Results Extent of Disease as local and regional for early stage and distant for advanced stage.
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Figure 1. Performance of the proposed risk prediction model for second primary lung cancer. A) Calibration plots with discriminative performance (area under the
curve [AUC]) and prediction accuracy (Brier score) based on an internal validation using 200 bootstrapped resamples from the development cohort (the Multiethnic
Cohort [MEC]). B) Plots of mean difference from predicted to observed probability (calibration error) across risk deciles from the MEC. Calibration plots and calibration
errors from 2 external validation datasets of the Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial (PLCO) in (C) and (D) and of the National Lung Screening
Trials (NLST) in (E) and (F), respectively. 95% confidence intervals are shown within parentheses for the AUCs and Brier scores.
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Figure 2. Risk stratification for second primary lung cancer and decision curve analysis (DCA) in the Multiethnic Cohort (MEC). A) Cumulative risk of second primary
lung cancer (SPLC) by percentiles of the estimated risk on the basis of the proposed risk prediction model. B) Cumulative incidence of SPLC by quartiles of the estimated
10-year risk of SPLC using the proposed risk-prediction model. The 4 quartile groups were divided based on the following risk thresholds: Q1: r <0.3%; Q2: 0.3% <1 <
0.5%; Q3: 0.5% <1 <2.8%; and Q4: r > 2.8%. The risks across different groups were compared and tested using the method by 2-sided Gray test. C) Decision curve analysis
for the proposed risk prediction model. In DCA, the red curve depicts the net benefit of the risk model-based selection strategy for screening across different 10-year
risk thresholds (from 1% to 20% shown in the x-axis), whereas the blue and green lines display the net benefits in the alternative strategies of screening all or none.
The analyses in A, B, and C were based on 5354 participants with complete data for 6 variables in the proposed risk prediction model (stage and histology of initial pri-
mary lung cancer, surgery for initial primary lung cancer, prior history of cancer, smoking intensity measured by cigarettes per day, and the US Preventive Services

Task Force eligibility).

Table 3. Characteristics of external study population from the PLCO and the NLST?*

PLCO NLST
Variables SPLC No. (%) All No. (%) SPLC No. (%) All No. (%)
Total No. of events (%) 101 (100.0) 2963 (100.0) 93 (100.0) 2844 (100.0)
Follow-up time, y
Mean (SD) 5.5 (3.8) 2.5 (3.5) 45(2.7) 2.6 (3.0)
Demographic information
Age at IPLC diagnosis
Mean (SD), y 69.1 (6.1) 71.5 (6.4) 65.5 (5.9) 68.4 (6.1)
Age groups, No. (%)
55-59y 7 (6.9) 99 (3.3) 17 (18.3) 202 (7.1)
60-69y 49 (48.5) 1036 (35.0) 51 (54.8) 1433 (50.4)
70-79y 40 (39.6) 1508 (50.9) 24 (25.8) 1102 (38.7)
>80y 5 (5.0) 320 (10.8) 1(1.1) 107 (3.8)
Sex, No. (%)
Female 39 (38.6) 1132 (38.2) 43 (46.2) 1202 (42.3)
Male 62 (61.4) 1831 (61.8) 50 (53.8) 1642 (57.7)
Race, No. (%)
White 99 (97.0) 2620 (88.4) 78 (83.9) 2578 (90.6)
Asian 0(0.0) 70 (2.4) 4(43) 45 (1.6)
African American 2(2.0) 207 (7.0) 9(9.7) 141 (5.0)
Latino 0(0.0) 38 (1.3) 1(1.1) 34 (1.2)
Others® 1(1.0) 28 (1.0) 1(1.1) 46 (1.6)
Education, No. (%)
High school 60 (59.4) 1565 (52.8) 43 (46.2) 1510 (53.1)
College 32 (31.7) 1109 (37.4) 37 (39.8) 1007 (35.4)
Postgraduate 9(8.9) 285 (9.6) 11 (11.8) 276 (9.7)
Data missing 0(0.0) 4(0.2) 2(2.2) 51(1.8)
Tumor characteristics
Stage of IPLC, No. (%)¢
Early stage 92 (91.1) 1625 (54.8) 88 (94.6) 1761 (61.6)
Advanced stage 9(8.9) 1338 (45.2) 5(5.4) 1093 (38.4)
Histology of IPLC, No. (%)
Squamous cell 28 (27.7) 668 (22.5) 25(26.9) 650 (22 9
Adenocarcinoma 53 (52.5) 1256 (42.4) 44 (47.3) 1173 (41.2
Large cell 4(4.0) 117 (3.9) 3(3.2) 95 (3.3)
Small cell 5(5.0) 446 (15.1) 6 (6.5) 455 (16.0)
Non-small cell carcinoma, NOS, No. (%) 0(0.0) 0(0.0) 10 (10.8) 289 (10.2)
Others? 11 (10.8) 476 (16.1) 5(5.4) 182 (6.4)

(continued)
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Table 3. (continued)

PLCO

Variables SPLC No. (%)

All No. (%)

SPLC No. (%)

All No. (%)

Smoking-related factors
Smoking status, No. (%)

Former 53(52.5)
Current 48(47.5)
Smoking intensity®
Mean (SD), cigarettes/d 26.4 (13.7)
Pack-years®
Mean (SD) 62.8 (34.4)
Met the 2013 USPSTF criteria, No. (%)
No 30 (29.7)
Yes 71(70.3)
Quit-years
Mean (SD) 8.8(12.2)
Clinical factors
Prior history of cancer, No. (%)
No 94 (93.1)
Yes 7 (6.9)
BMI
Mean (SD), kg/m? 26.3(3.6)
Data missing, No. (%) 1(1.0)
Treatments for IPLC
Radiotherapy, No. (%)
No 77 (76.2)
Yes 24 (23.8)
Data missing 0(0.0)
Chemotherapy, No. (%)
No 73 (72.3)
Yes 28 (27.7)
Data missing 0(0.0)
Surgery, No. (%)
No 17 (16.8)
Yes 84(83.2)

1744 (58.9) 35 (37.6) 1098 (38.6)
1219 (41.1) 58 (62.4) 1746 (61.4)
24.9 (12.1) 30.4 (10.5) 29.2 (11.5)
57.8 (32.8) 64.7 (22.3) 63.5 (26.2)
1266 (42.7) 3(3.2) 332 (11.7)
1697 (57.3) 90 (96.8) 2512 (88.3)
11.4 (13.4) 3.5 (5.8) 4.4 (6.7)
2735 (92.3) 87 (93.5) 2671 (93.9)
228 (7.7) 6 (6.5) 173 (6.1)
26.6 (4.5) 27.8 (6.1) 26.9 (4.8)
38 (1.3) 1(1.1) 14 (0.5)
1754 (59.2) 72 (77.4) 1792 (63.0)
1209 (40.8) 21 (22.6) 1037 (36.5)
0(0.0) 0(0.0) 15 (0.5)
1444 (48.7) 60 (64.5) 1414 (49.7)
1519 (51.3) 33 (35.5) 1406 (49.4)
0(0.0) 0(0.0) 24.(0.8)
2018 (68.1) 15 (16.1) 1632 (57.4)
945 (31.9) 78 (83.9) 1212 (42.6)

2The tables stratified by full outcome status are shown in Supplementary Tables 9 and 10 (available online). BMI = body mass index; IPLC = initial primary lung cancer;
NLST = National Lung Screening Trial; PLCO = Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial; SPLC = second primary lung cancer; USPSTF = US

Preventive Services Task Force.

YOthers included races from Pacific Islander, American Indian, and missing values.

‘Disease extent was defined using Surveillance, Epidemiology, and End Results Extent of Disease as local and regional for early stage and distant for advanced stage.
dClassification of “other” histology based on International Classification of Diseases-O-3 codes including 8000, 8010, 8012, 8020, 8022, 8031, 8032, 8033, 8246, and 8560 in
the PLCO and 8000, 8001, 8010, 8022, 8032, 8033, 8230, 8240, 8249, 8560, and 8980 in the NLST; all confirmed lung cancer cases.

¢Smoking data from the PLCO closest to initial diagnosis were extracted.

fAged 55-80 years, smoked >30 pack-years of smoking, and <15 years since cessation.

8History of cancer, other than lung, before the time of IPLC diagnosis.

(ie, every 6 months). Otherwise, less frequent screening, such
as annual or biennial, could be suggested. However, selection of
optimal risk thresholds and screening intervals for SPLC
warrants further investigation, which potentially involves
microsimulation-based decision analyses (32,33).

Our study is not without limitations. Unlike our previous
SPLC model using SEER (17) that focused on long-term survivors
(>Syears since IPLC diagnosis), the present model did not ex-
clude short-term survivors who died within 5years since IPLC
diagnosis because of the decreased number of SPLC (from 135 to
48 SPLC cases and from 5354 to 739 IPLC cases). Along the same
lines, prediction models for SPLC could be more useful when
targeting patients who are more likely to survive, such as surgi-
cally treated patients for IPLC, which would also lead to a large
reduction in our sample size (>70%). However, the application
of the proposed model to the subgroup of early-stage
IPLC patients—who can potentially survive longer than the

others—showed a moderate AUC (70.1%, 95% CI = 63.9% to
76.4%) and stronger risk stratification. We also explored an al-
ternative model using data that excluded patients with less
than 6 months follow-up after IPLC diagnosis, which can help
examine the potential of predictive modeling for SPLC targeted
for survivors of LC; the analysis demonstrated promising results
with an AUC of 73.1% (95% CI = 66.4% to 78.3%) despite losing
nearly one-third of the data. Our future directions include the
development of a comprehensive model for SPLC using a suffi-
cient number of long-term survivors. As with any cohort data,
MEC may have selection bias, occurring from recruiting partici-
pants, collecting exposure information, and following up partic-
ipants. Also, the IPLC cases in MEC have relatively lower
smoking prevalence (40.7%) compared with previous studies
with LC patients (42%-83%) (34), with disproportionately higher
proportions of Asian and African Americans. However, the pro-
posed model was validated using heterogenous external
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populations under varying smoking prevalence levels (41.3% for
PLCO and 61.5% for NLST) and different race and ethnic distribu-
tions. Furthermore, MEC helped increase the power of the study
as a primary cohort by providing the largest number of SPLC
cases with long-term follow-up and detailed exposure data
among all cohorts considered. We used a binary IPLC staging
variable in predicting SPLC risk, merging patients with stage IA
to IIIA IPLCs into an early-stage IPLC group based on the litera-
ture (17,35); also, analyses using SEER showed that SPLC risk
does not vary statistically significantly across stage IA to IIIA
IPLCs (data not shown). Therefore, the clinical utility of the pro-
posed model would not be diminished given that the model
continues to capture well the SPLC risk variations using parsi-
monious dichotomous staging parameters. The proposed SPLC
model focused on ever-smokers, excluding never-smokers,
given the lack of evidence on the efficacy of LDCT among never-
smokers who are excluded from the current screening guide-
lines. Still, our sensitivity analysis showed a relatively good per-
formance of the proposed model in the entire MEC cohort that
included never-smokers. Although we used the well-
established criteria for SPLC (18), this definition is restricted
compared with those used in practical clinical settings, where
SPLC cases are more frequently identified radiographically.
Evaluation of the model performance using data that incorpo-
rate additional radiographic criteria for SPLC merits further
investigation.

To conclude, we presented a prediction model for SPLC that
demonstrated good discrimination, calibration, and predictive
accuracy as confirmed across different population-based data.
The web-based implementation for risk-assessment can pro-
vide a potentially useful tool for evaluating an individual’s risk
of SPLC and can help decision making of patients and reduce
clinicians’ uncertainty on how to best guide LC survivors for
screening and surveillance for SPLC.
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